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ABSTRACT 

Considerable attention has been given to climate change and its impacts. Agriculture is of 

special concern as it is the primary source of food and is dependent on weather. There is a 

wide range of estimated climate change impacts for the 21
st
 century over a large number of 

regions. The impact of climate change on agriculture is estimated to be large, even in the 

face of large uncertainties. In this prospect, several studies highlight the importance of 

adaptation mechanisms to limit the negative effects. This study builds on the literature by 

conducting a comprehensive assessment of climate change impacts on the most commonly 

grown crops in Sub-Saharan Africa (SSA).  

To provide a climate change impact assessment specific to SSA, this study focuses 

on the four most extensively grown crops (cassava, maize, millet and sorghum). 

Additionally, to estimate the effect of climate change on food production, this study 

estimates both crop productivity and supply responses to weather changes.  

A first set of econometric analyses estimate the effect of weather on crop yields 

using basic weather variables. Alternative specifications using more refined weather 

parameters establish similar effects, and also quantify the effect of droughts and floods. 

The analyses reveal a significant impact of temperature, precipitation, evapotranspiration, 

floods and droughts on crop yields. The analyses also reveal that, in general, precipitation 

and temperature changes have a larger impact on crop yields in countries with less 

favourable agricultural conditions (LFAC). The estimation of CO2 fertilization effects on 

crop yields reveals significant effect of CO2 concentrations on millet yields but not yields 

for other crops.  

A second set of econometric analyses estimate the effect of weather and climate on 

farmers‟ cropping decisions. The analysis reveals that, in general, crop prices do not 

influence farmers‟ decisions regarding the quantity of land to allocate to crops. 

Alternatively, the regression analyses suggest that farmers respond to export crop prices. 

The regressions results also indicate that farmers from LFAC countries appear more 

responsive to export crop prices than non-LFAC farmers. Farmers‟ supply decisions are 

also influenced by weather and climate. Additionally, the regressions show a negative 

effect of precipitation variability and temperature variability on area allocated to some 
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crops, indicating that, as climate risk increases, farmers participate in other activities or 

diversify toward other crops. 

Crop productivity and supply estimates producing the most accurate predictions are 

used to construct predictions of crop yields, area cultivated and ultimately production 

under 20 climate change scenarios. Impacts are predicted for each crop for SSA in 

aggregate and for the preferred crop for each region. When considering both climate 

change and technological changes, the analyses estimated a general increase in crop areas 

and yields in the 21
st
 century compared to the late-1900s. However, compared to a scenario 

of no climate change, the impact of climate change on agriculture in SSA is negative, as 

crop yields and production are predicted to decrease compared to a reference scenario.   
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Chapter 1. Introduction 

 

 

1.1. Research problem 

Climate change is an important environmental, social and economic issue. It threatens the 

achievement of Millennium Development Goals aimed at poverty and hunger reduction, 

health improvement and environmental sustainability (UNDP, 2010). Such issues are 

particularly important for Sub-Saharan Africa (SSA). In 2005, 73% of SSA‟s population 

lived on less than $2 (in international 2005 prices) a day (World Bank, 2010). SSA‟s 

population is dependent on agriculture for subsistence as agriculture is the main source of 

food and livelihood (Badiane and Delgado, 1995). However, since the 1970s, per capita 

food production has decreased in SSA (Crowder et al., 1998). SSA has the highest 

proportion of undernourished people in the world, representing over a third of the 

population (194 million people) in 1997-1999 (FAO, 2002). As the SSA population is 

predicted to double between 2010 and 2050 (FAOSTAT, 2007), meeting food needs is a 

major concern. 

Agriculture, and especially crop production, is heavily dependent on weather events 

in SSA, where 97% of agricultural land is rainfed (Rockström et al., 2004). Crop 

production and food security are therefore affected by changes in climate. The 

Intergovernmental Panel on Climate Change (IPPC) defines climate change as “a change 

in the state of the climate that can be identified (e.g. using statistical tests) by changes in 
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the mean and/or the variability of its properties, and that persists for an extended period, 

typically decades or longer. It refers to any change in climate over time, whether due to 

natural variability or as a result of human activity” (IPCC, 2007a; p.30). Over the past 50 

years, climate change has been influenced by human activity via changes in the 

concentration of greenhouse gases (GHGs) in the atmosphere, but also by aerosols and 

changes in land use (IPCC, 2007a). GHG emissions from Africa accounted for 4% of 

global emissions in the period 2000-2005 (Canadell et al., 2009). During this period, 

Africa accounted for 2.3% of global emissions from fossil fuels and 17% of global 

emissions from land use change, mainly due to deforestation in tropical regions.  

Climate change is expected to entail an increase in temperature in all SSA, with 

greater increases in dry sub-tropical regions than in wet tropics (IPCC, 2007c). Changes in 

precipitation differ at the regional level, with decreases expected in southern Africa and 

increases in eastern Africa. Predictions over the Sahel, the southern Sahara and the 

Guinean Coast are more uncertain. 

 

1.2. Area studied  

This study focuses on SSA, which can be separated into five major climatic regions (FAO, 

1986a; cited in FAO(1997)): Sudano-Sahelian Africa, humid and sub-humid West Africa, 

humid Central Africa, sub-humid and mountainous East Africa and sub-humid and semi-

arid South Africa. These regions are referred to as Sudano-Sahel, West, Central, East and 

South hereafter. The five climatic regions are displayed in Figure 1.1. 
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Figure 1.1. Major climatic regions of SSA 

Source: constructed from FAO (1997). 

Notes: CAR denotes Central African Republic, Congo DR denotes Democratic Republic of Congo and 

Tanzania denotes United Republic of Tanzania. 

 

SSA countries have similar socio-economic characteristics. Most African 

households are rural (Burke et al., 2009) and mainly rely on subsistence and small-scale 

cash crop farming (Lambert, 2004). SSA agriculture is based on traditional practices, such 

as intercropping and bush fallows cultivation (Machuka, 2003). In most countries, fertilizer 

use is very low (FAO, 2006). Most African countries are classified as least developed 

countries (LDCs).  

Diao et al. (2006) categorise SSA countries by income, geographies and 

agricultural conditions (see Table 1.1). In Table 1.1, per capita income is used to represent 

the development stage of countries. Low-income countries have a GDP per capita less than 

US$1,000, while middle-income countries have a GDP per capita greater than US$1,000. 

Agricultural condition classifications are based on farming systems‟ potential for 
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agricultural growth and their prevalence in each country. Farming system categories 

established by the FAO are based on characteristics such as natural resources, climate 

topography, household livelihood patterns, technologies, and farm size, tenure, 

management and organization (Dixon et al., 2001). Detailed SSA farming system 

descriptions are available in Appendix B. Agricultural potential for each system is 

determined by the suitability of each system‟s resource endowments for agricultural 

production, the access to infrastructure and services (including markets), and the ability to 

overcome broader development constraints (Dixon et al., 2001). For example, low 

agricultural potential for some agricultural system can be explained by small farm size, 

lack of appropriate technologies, poor infrastructure or poor development of markets. As 

stated by Diao et al. (2006; p.23), “countries with less-favorable agricultural conditions 

therefore face huge challenges and yet lack many of the resources of other African 

countries”. 

Table 1.1. Typology of country in SSA 

 

Low income countries  

(GDP per capita <US$1,000) 
Middle income countries 

(GDP per capita >US$1,000) Agricultural share 

above average (34%) 
Agricultural share 

below average (34%) 

More 

favourable 

agricultural 

conditions 

Coastal 

Benin 

Gambia 

Ghana 

Guinea-Bissau 

Tanzania  

Togo 

Côte d'Ivoire 

Kenya 

Mozambique 

Senegal 

Mauritius 

South Africa 

 

Landlocked 

Burkina Faso 

Ethiopia 

Malawi 

Uganda 

Lesotho 

Zimbabwe 
Swaziland 

Mineral 

rich 

Cameroon 

CAR 

Congo DR 
Sierra Leone 

Sudan 

Angola 

Congo 

Guinea 
Nigeria  

Zambia  

Equatorial Guinea 

Less-favourable 

agricultural conditions 

Burundi 

Chad  

Comoros 

Niger  

Mali 

Rwanda 

Madagascar 

Mauritania 

Cape Verde 

Botswana 

Gabon 

Namibia 

Source: Diao et al. (2006). 

Notes: Six Sub-Saharan countries are not considered due to data-limitations (Eritrea, Liberia, Mayotte, São 

Tomé and Principe, Seychelles, and Somalia). 
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This study considers all SSA countries, except for a few outlier countries. Ethiopia 

and Eritrea are excluded from the East region as these countries were one nation (Ethiopia) 

prior to 1993. Djibouti is not considered as agriculture is very limited in this country. 

South Africa, which employs farming practices similar to North American and European 

practices (FAO, 2004), is not included in the analysis as the country is very different from 

other SSA countries. 

 

1.3. Crops considered 

This study focuses on the four most important crops cultivated in SSA. The criterion used 

to determine the most important crops is the area harvested.
1
 Area harvested indicates 

farmers‟ preferences for crops, either in terms of suitability of the crop for the region or in 

terms of utility (assuming that farmers produce the most suitable food crops having the 

best nutritional value), or the best marketable value. 

On average over the period 1961-2002, the 15 most important crops in terms of 

area harvested are millet, maize, sorghum, cassava, dry cowpeas, groundnuts, cocoa
 
beans, 

oil palm fruit, paddy rice, yams, seed cotton, green coffee, wheat, plantains and taro. These 

15 crops cover 87% of SSA harvested land. As displayed in Figure 1.2, the four main crops 

in SSA are millet, maize sorghum and cassava. These crops are grown on 49% of 

harvested area in SSA.  

The distribution of harvested land across crops is slightly different when considered 

at the regional level. As detailed in Figure 1.3, millet and sorghum are the most commonly 

grown crops in Sudano-Sahel and West regions. Maize is the preferred crop in the East and 

South regions. In central Africa, cassava is the most extensively grown crop.  

 

                                                
1 This criterion is preferred to the level of production, as each crop has different densities (e.g. cotton 

is lighter than cassava). It is not possible to compare crop values as a high proportion of production is kept 

for personal consumption in SSA (FAO, 1997). 
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Figure 1.2. Harvested area for each crop as proportion of total harvested area in SSA (on average over 

the period 1961-2002) 

 
Source : FAO (2007). 

 

Figure 1.3. Total area harvested (in thousand Ha) by climatic region on average over the period 

1961-2002 

 
Source : constructed from FAOSTAT data (2007). 
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Harvest land for each crop as a proportion of arable land in each country, averaged 

over the period 1961-2002, is displayed in Figure 1.4. The maps show that cassava is 

extensively grown in Congo, DR, maize in Somalia, Kenya and Malawi, millet in Niger 

and sorghum in Somalia, Niger, and Mauritania.  

Figure 1.4. Percentage of area of arable land allocated to cassava, maize millet and sorghum (in 

average over the period 1961-2002) 

 

Source: constructed from FAOSTAT data (2007). 

 

The four crops considered in this study have different distinguishing characteristics. 

Figure 1.5 presents an illustration of each crop. Cassava, or Manioc (Manihot esculenta), is 



8 

 

 

 

a short-lived perennial crop grown mainly for its roots.
2
 The roots can be left in the soil for 

up to three years and serve as a „famine reserve‟ (Winch, 2006). The leaves can be eaten if 

necessary during the pre-harvest season (Jones, 1959). The most appropriate climate for 

cassava is found in the Central region (FAO, 1997), which is humid and warm. 

Maize (Zea mays) is one of the three most commonly cultivated cereals. In 

adequate rainfall areas, maize produces larger yields than any other cereal. However, even 

in drier areas, where yields are more variable, maize is often planted for its higher quality 

compared to sorghum or millet, and also because it can be eaten green if necessary (Winch, 

2006). The West and East regions, which have wet and mildly warm climates, are the most 

suitable areas in SSA for growing maize (FAO, 1997). 

Figure 1.5. Crop illustrations 

Cassava Maize Millet Sorghum 

    
Source: Missouri botanical garden (2010), Flint (1874), Federoff (2007) and Holst (1909). 

 

Millet is a grass crop used for animal and human food. There are eight different 

species of millet but the most commonly grown species is pearl (bulrush) millet 

(Pennisetum typhoides) (Winch, 2006). Millet is best adapted to the dry and warm 

climates. FAO (1997) recommend that millet should be the primary crop in Sudano-Sahel. 

Sorghum (Sorghum bicolor) is the staple food in many dry African countries. There 

are 30 different species of Sorghum and thousands of subspecies, also called varieties or 

                                                
2 Cassava is considered a perennial crop as it can remain planted for more than a year. However, the 

plant has to be extracted from the soil to harvest the roots, so it does not produce multiple harvests. 
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cultivars (Winch, 2006). The best climatic conditions for sorghum growing are found in 

the mildly wet and mildly warm South region (FAO, 1997).  

 

1.4. Objectives and contribution to the literature 

This thesis aims to provide a comprehensive assessment of the impact of climate change 

on agriculture in SSA. Based on a detailed review of the literature on climate change 

impacts on agriculture, this analysis sets out to investigate the determinants of crop 

productivity and crop supply using appropriate econometric techniques. To estimate the 

impact of future climate change on agriculture in SSA, estimates from both crop 

productivity and supply analyses are combined with a wide range of climate change 

predictions for the 21
st
 century. 

This thesis contributes to the literature on climate change impacts in a number of 

ways. A large body of literature investigates the impact of climate change on agricultural 

production. However, as presented in the literature review, few climate impact studies 

focus on production of SSA‟s most commonly harvested crops. This study fills that gap by 

focusing on cassava, maize, millet and sorghum, the four most commonly cultivated crops 

in SSA. 

Food production increases can be achieved by intensification (i.e. an increase in 

crop productivity) or expansion (i.e. an increases in area cultivated). In order to address the 

conjoint issues of climate change impacts on food productivity and farmers‟ planting 

decisions, this study provides two sets of econometric analyses. One group of regressions 

focuses on crop yields, and the other analyses on cultivation decision by farmers.  

To explain crop yields, a crop production function is specified after careful review 

of the main determinants of crop yields in the specific context of SSA and data availability. 

The analysis reveals that the major determinant of crop yields is weather. To estimate the 

effect of weather on crop yields, three alternative specifications are considered in Chapter 

3. A first specification uses common weather variables, such as precipitation and 

temperature. A second specification considers more refined weather parameters, such as 

the standardized precipitation index (SPI), evapotranspiration, droughts and floods. A third 

specification investigates the impact of CO2 fertilization on crop yield. 
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To investigate farmers‟ cropping decisions, a supply function applicable to SSA is 

estimated in Chapter 4. The crop supply analysis, considers two alternative specifications. 

A first specification investigates the effect of prices and weather. A second specification 

estimates the effect of price, weather and risks. 

Crop productivity and crop supply functions are estimated using state-of-the-art 

panel econometric techniques. To account for parameter heterogeneity due to differences 

in climate, separate equations are estimated for each climate region. To account for social 

and economic differences across countries, parameters for countries with less favourable 

agricultural conditions (LFAC) can differ from countries with more favourable agricultural 

conditions (non-LFAC). 

The estimates from both crop productivity and supply analyses producing the most 

accurate predictions are combined with climate change predictions to construct predictions 

of crop yields, area cultivated and ultimately production for the 21
st
 century. In contrast, 

most studies estimate the impact of climate change on either crop productivity or farmers‟ 

revenues. Additionally, most studies assessing the impact of climate change are based on a 

small number of climate change predictions. However, there is a wide range of predicted 

agricultural impacts, depending on the climate prediction scenario considered. Compared 

to the convention in the literature, this study provides a richer analysis by considering 20 

climate change predictions, established by various general circulation models (GCMs) 

under different GHG emission scenarios. Impacts are predicted for each crop for SSA in 

aggregate and for the preferred crop for each region. 

 

1.5. Thesis structure 

This thesis is composed of five further chapters. Chapter 2 reviews studies that estimate the 

impact of climate change on agriculture and highlights the methods employed and key 

results from these studies. Climate change adaptation mechanisms are also reviewed in 

Chapter 2. 

Chapter 3 estimates production functions for the four most commonly cultivated 

crops in SSA. These estimates are obtained by applying econometric techniques to 

quantify the effect of weather on crop yields for SSA in aggregate, and for each climatic 
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region. Three sets of weather specifications are investigated: (i) a specification considering 

commonly used temperature and precipitations determinants; (ii) a specification using 

more refined weather parameters representing evapotranspiration, standardized rainfall 

anomalies, droughts and floods; and (iii) the effect of Carbon dioxide (CO2) fertilization.  

Chapter 4 estimates supply functions for the four crops. Specifically, econometric 

analyses estimate the effect of weather and climate on farmers‟ cropping decisions. Similar 

to Chapter 3, the analyses are implemented for SSA in aggregate and at the climatic region 

level. In this chapter, two different specifications are considered: (i) a specification 

considering previous year prices and weather effect; and (ii) a specification including 

prices and weather averages and variability over the past ten years.  

Chapter 5 combines crop productivity and supply responses estimates with climate 

change prediction scenarios to estimate future climate change impacts. The regression 

specifications estimated in Chapter 3 and Chapter 4 that produce the best predictions are 

used to produce predictions of crop yields, area cultivated and production under 20 climate 

change scenarios. Impacts for the 21
st
 century are predicted for each crop for SSA in 

aggregate, and for the preferred crop in each region. 

Chapter 6 provides an overview of the main results obtained in this study and offers 

concluding comments and policy recommendations. Additional information is presented in 

appendices, including a glossary of key terms in Appendix A. 
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Chapter 2. Literature review 

 

 

2.1. Introduction  

As weather is a major influencing factor on crop growth, climate change will have an 

impact on agricultural production. A number of studies have investigated several aspects of 

the impact of climate change. They use different methods depending on their suitability to 

the task at hand. There is a large dispersion in results across studies, depending on the 

crops, the regions and/or climate change scenarios envisaged. Nevertheless, limitations are 

associated with each method which influences the reliability of the impact estimates.  

The impact of climate change on crops is assessed using two main types of climate 

change scenarios. Uniform scenarios project identical temperature and precipitation for a 

whole region. Other scenarios are obtained from General Circulation Models (GCMs). 

These models simulate the effect of forcing agents, such as greenhouse gases, to estimate 

possible future changes in climate. The main GCMs used in the literature are (i) the Center 

for Climate Research Studies (CCSR) model, (ii) the CGCM1 and CGCM2 models from 

the Canadian Center for Climate (CCC), (iii) the CSIRO Mk2 model from Australia's 

Commonwealth Scientific and Industrial Research Organisation (CSIRO), (iv) the PCM 

model from the National Centre for Atmospheric Research (NCAR), (v) the ECHAM3 
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model from the Deutsches Klimarechenzentrum (DKRZ), (vi) the ECHAM4 model from 

the Max-Plank Institute for Meteorology (MPI), (vii) the Geophysical Fluid Dynamics 

Laboratory (GFDL) model, (viii) the GISS2 model from the Goddard Institute for Space 

Studies (GISS) and (ix) the HadCM2 and HadCM3 models from the Hadley Centre, also 

called the United Kingdom Meteorological Office (UKMO). For each of these models, 

different scenarios are simulated to represent the effect of different amounts of carbon 

dioxide (CO2) emissions.
3
 For ease of understanding, each climate change scenario 

obtained from the different GCMs will be addressed by the name of the centre having 

developed it. 

This section has three further sub-sections. Section 2.2 summarises studies that 

investigate the relationship between climate change and crop yields. These studies are 

either based on agronomic models or are estimated empirically. Section 2.3 examines 

studies that determine the economic impact of climate change. Some studies have analysed 

the influence of climate on farm values while others, using integrated assessment methods, 

have estimated the effect on national revenues. However, as the impact is likely to be 

counterbalanced by different adaptation strategies implemented by farmers, Section 2.4 

summarises the literature on how farmers can alleviate the impact of climate change on 

crop production.  

 

2.2. The impact of climate change on crop yields  

Assessments of the effect of climate change on agriculture focus on either crop yield or 

crop variability. Different methods are used to evaluate the effect of climate change on 

yields. The two main techniques are (i) crop growth models and (ii) regression analyses. 

Climate affects the phenological development (the occurrence of biological events in 

growth cycles) of crops. As every crop is characterised by a particular phenological cycle, 

analyses detail impacts of climate change on crop growth for each crop individually. The 

main features and results of the studies considered in this review are presented in Table 

2.1. 

                                                
3 CO2 is one of the main greenhouse gases composing the earth‟s atmosphere and affects the climate. 

According to the IPCC (2007b; p.5) “most of the observed increase in global average temperatures since the 

mid-20th century is very likely due to the observed increase in anthropogenic GHG concentrations”. 
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2.2.1. Bio-physical crop growth models 

Many climate change studies use crop growth models to quantify the response of crops to 

changes in weather conditions.
4
 Bio-physical models use daily weather data to simulate the 

biological development of a plant under given soil characteristics and management 

practices. Climate change assessments using crop growth models were first conducted in 

the 1980s (e.g. Terjung et al., 1984; Santer, 1985). According to Sonka and Lamb (1987), 

bio-physical crop growth models have several benefits. First, since these process-oriented 

models use daily climatic data, they can explicitly capture the effect of weather and its 

variability. Second, they also enable estimation of the effect of changes in management 

strategies (Nix, 1985). Third and most importantly, these models offer the possibility to 

simulate any potential weather condition. Consequently, bio-physical growth models are 

likely to be more accurate than models built uniquely on past trends as future climate 

conditions are likely to differ from past conditions. 

 

 Grains and cereals 

A global assessment of climate change on world food supply is performed by Rosenzweig 

and Parry (1994). Their study is based on yield data obtained from crop models by other 

researchers in 114 locations covering 18 countries. Rosenzweig and Parry (1994) combine 

these estimates to simulate the impact of three different climate change scenarios on grain 

yields (wheat, rice, coarse grains and protein feed) accounting for the direct effect of CO2 

on crop development.
5
 A so-called softer scenario (GFDL) predicts an increase in 

temperature of 4°C and an increase in precipitation of 8% by 2060. Using this scenario, 

Rosenweig and Parry (1994) estimate that world grain yields would be negatively affected. 

The worst affected regions are India, Africa and the Middle East, where simulated yields 

decrease by up to 50% (compared with the original yield data). These findings are slightly 

altered under the two other scenarios considered by the authors. In the GISS scenario, 

                                                
4 The term „weather‟ is employed when referring to meteorological conditions (e.g. temperature and 

precipitation) at a given time and location. The term „climate‟ represents the long run average of a location‟s 

weather. 
5 CO2 concentration in the atmosphere has a direct effect on plants by allowing faster photosynthesis 

thus reducing their vulnerability to drought (Adams, 2007).  
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temperature increases by 4.2°C and precipitation increases by 11%, while in the UKMO 

scenario temperature rises by 5.2°C and precipitation increases by 15%. Under the GISS 

scenario, Africa and North America are the worst affected regions, and experience yield 

declines of around 50%. Reductions in crop yields are more widespread under the UKMO 

scenario and crop yield in India declines by up to 70%. Similar results are found by the 

same authors in a later study (Parry et al., 1999). They analyse the individual effect of 

climate change for four crops (wheat, maize, soybean and rice) during the 21
st
 century. 

They estimate the effect of five warmer scenarios using two UKMO models (four 

HadCM2 scenarios predicting on average +3.1°C and +4.5% precipitation (Mitchell et al., 

1995) and one HadCM3 scenario predicting +3.0°C and +3.2% precipitation (Hulme et al., 

1999) and find similar impacts on yields for 2080. India and Nigeria are the worst affected 

regions and experience yield reductions of 2.5% and 5%, respectively, between 1990 and 

2020. Impacts are expected to be generally more pessimistic under the HadCM3 scenario 

by 2020, except for India, where the potential yield changes should be lower (between 0 

and -2.5%). Losses are forecast to be slightly more widespread across sub-Saharan Africa. 

Increases in expected yields in a few countries are less than 2.5% (as compared with 1990). 

By 2080, the gap between predictions of the two GCMs becomes wider. Predictions for the 

four HadCM2 scenarios diverge by 2080 but India remains one of the worst affected 

countries with yield losses ranging from 5% to 10%. Under the HadCM3 scenario, yield 

decreases of up to 10% are expected in several sub-Saharan countries by 2080. 

   

Maize 

In a more disaggregated study focusing on the USA, Adams et al. (1990) apply crop 

growth models simulating rainfed conditions. They find that, by 2050, maize yields are 

likely to increase by 49% under a milder scenario (GISS), which predicts an average 

increase of 4.32ºC and 0.2mm of rainfall per day over the country. However, under a hotter 

and drier scenario (GFDL), where temperature is expected to increase by 5.09°C and 

precipitation by 0.09mm per day, maize yields are predicted to decrease by 20%. Another 

similar study concerning the USA, but focusing on southern Minnesota, is conducted by 

Kaiser et al. (1993). They estimate the potential responses of a representative grain farmer 

to different climatic scenarios obtained using a stochastic weather generator assuming a 
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doubling of CO2 but do not account for the direct effect of CO2 on crops. Under a mildly 

warmer (+2.5
◦
C) and mildly wetter (+10% precipitation) scenario by 2070, maize yields 

are expected to decrease by about 4% since 1980. In a scenario with the same increase in 

temperature but mildly drier (-10% precipitation), the impact predicted for 2070 remains 

the same but with a steady decline in maize yields over the whole period (1980-2070). 

Under a more drastic scenario (+4.2ºC and -20% precipitation), maize yields are forecast to 

decline by 12%.  

Another study considering a similar temperature increase as Kaiser et al. (1993) is 

performed by Cuculeanu et al. (1999). They use two GCMs to simulate climate change in 

Romania induced by a global doubling of CO2 concentration. Annual temperatures are 

expected to increase by 3.98°C according to the CCC scenario and by 4.25°C according to 

the GISS scenario. Precipitation is expected to vary from -47% to +81% depending on the 

month considered, but on average over a year, the CCC scenario predicts an increase of 3% 

and the GISS scenario a decrease of 1%. Under these conditions, maize yields are expected 

to increase by 43% under the CCC scenario and by 84% under the GISS scenario.  

Focusing on the south east of the USA, Alexandrov and Hoogenboom (2000) use a 

crop model simulating the direct effect of CO2 in addition to climate change on crop 

development. When considering a doubling of CO2 using four different GCMs, they find 

heterogeneous effects on yields for maize across regions. The largest yield losses are 

predicted to occur in Tennessee. However, the expected yields depend mainly on the 

climate scenario applied. For instance, under the most severe scenario outlined by the 

CCC, maize yields are expected to increase by up to 2% in Florida where annual 

precipitation is expected to vary between -42% to +12% and temperature between +0.5ºC 

to +1.3ºC. However, in Tennessee, where the variation of annual precipitation is less 

(-40% to +2%) but temperature is expected to be higher (+1.1ºC to +3.25ºC), maize yields 

decrease by more than 12%. In Georgia, where the annual climate would have the largest 

variation (from -52% to +12% precipitation change and from +0.75ºC to +2.9ºC 

temperature change), maize yield losses range from 0% to 8%. Under the UKMO scenario, 

where climate forecasts are more moderate (the expected change in precipitation is 

between -22% to +35% and temperature is expected to rise by between +0.1ºC to +1.3ºC 
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across the three states), the impact is reduced: maize yields are expected to vary between 

-6% to +2%.  

In a more widespread assessment, Reilly et al. (2001) analyse the effects of 

temperature and precipitation changes on crop productivity in 45 sites across the US. They 

applied the UKMO and CCC scenarios to a dynamic crop model. In the UKMO scenario, 

temperature increases by 1.4ºC by 2030 and by 3.3ºC by 2095 and precipitation increases 

by 6% by 2030 and 23% by 2095. The CCC scenario predicts a temperature increase of 

2.1ºC by 2030 and 5.8ºC by 2095 and a decline of 4% in precipitation by 2030 but a 

precipitation increase of 17% by 2095. Reilly et al. (2001) studied 21 crops, including 

maize. Maize yields are predicted to increase under both scenarios. However, by 2030, the 

impact is greater under the CCC scenario (+19%) than under the UKMO scenario (+17%). 

Conversely, by 2090, the yield increase is lower under the CCC scenario (+23%) than 

under the UKMO scenario (+23%).  

Chipanshi et al. (2003) investigate the effect of climate change on maize yields in 

Botswana, which is an arid zone characterized by low and highly variable rainfall. They 

consider two regions, both of which receive the same average amount of annual rainfall, 

but have very different soil quality. The preferred climate change scenario for Botswana is 

derived from the United Kingdom Transient (UKTR) climate model.
6
 In addition, to 

account for extreme rainfall patterns, they use the CCC and the Oregon State University 

(OSU) models to simulate extreme low and high rainfalls respectively. Temperature 

increases in all three scenarios: from +1°C to +2.2°C in the western region of Botswana 

and from +1°C to +2°C in the eastern region as compared to the base period of 1961–1990. 

The OSU scenario is wetter than the others, with precipitation increasing by 21% in the 

western region and 8% in the eastern region. The UKTR and the CCC scenarios both 

predict a decrease in rainfall. The UKTR precipitation change predictions range from -9% 

to -7% and CCC predictions from -7% to -6% in the west and east respectively. For the 

eastern region, potential yields simulated by the model estimated an increase for maize in 

the OSU scenario (+6.5 % as compared to reference period, 1980-1990) but a decrease for 

the two other scenarios (from around -10.3% under the UKTR scenario to -4.7% under the 

                                                
6 This model‟s simulation of Southern African climatology has the fewest noise characteristics 

(Hulme, 1996). Rainfall variability induced by events such as El Niño Southern Oscillation (ENSO) is 

represented in the model (Joubert, 1995). 
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CCC scenario). The forecast is more pessimistic in the western region where maize yields 

increases by only 3.1% in the OSU scenario, and decrease by 29.5% and 20.6% in the 

UKTR and CCC scenarios, respectively. Projected temperature changes are quite similar in 

the western and eastern regions. However, in situations where the UKTR and CCC 

scenarios predict decreasing rainfall, the OSU scenario predicts an increase in 

precipitation. Consequently, yield increases are observed only in the OSU scenario. The 

positive impact of climate change on yield is almost twice as large in the western region as 

in the eastern region, where precipitation is expected to increase the most. 

Negative impact of climate change on maize yields are also found by Butt et al. 

(2005), who focus on Mali. Butt et al.‟s (2005) assessment is based on scenarios from two 

different GCMs, both forecasting a warmer and drier climate for 2030. Under the UKMO 

scenario, where precipitation is forecast to range between +0.03mm per day to -0.11mm 

per day and temperature to increase by between 1°C and 2.2°C from the reference period 

of 1960–1991, maize yields are expected to decrease by 11.2%. Under the more severe 

scenario simulated using the CCC scenario, where precipitation declines by between 

0.02mm to 0.16mm per day and temperature increases by between 2°C to 2.7°C, maize 

yields increase by 13.5%. 

 

Sorghum 

In a Malian study, Butt et al. (2005) consider the effect of climate change on sorghum 

yields. The predicted impact is negative with yield losses ranging from 11.5% to 17.1% 

under both the UKMO and CCC scenarios. A comparable negative relationship between 

climate change and sorghum yields is found by Chipanshi et al. (2003). According to these 

authors, yields are expected to decline by 4.6% and 11.9% under the CCC and UKTR 

scenarios in the eastern region of Botswana. In the western region, yield losses are 

doubled: 22.5% under the UKTR scenario and 11.6 % under the CCC scenario. However, 

under a wet scenario (OSU), sorghum yields increase by 13.8% in the eastern region. In 

the western region, the yield increases by 7.2%.  

In contrast to Chipanshi et al. (2003), who predict sorghum yield reductions under 

drier scenarios and increases under wetter scenarios, Kaiser et al.‟s (1993) simulation 

increased yields for sorghum under all scenarios in southern Minnesota. By 2070, they 
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predict an increase of 15% (relative to 1980) under both mildly warmer and wetter and 

mildly warmer and drier scenarios. This increase is lower (5%) under a twice warmer and 

drier scenario. The predictions of Reilly et al. (2001) are similar to Kaiser et al.‟s (1993) 

even though the authors consider two widely different regions, USA and Africa 

respectively. In both studies, sorghum yields are expected to increase under warmer and 

either wetter or drier scenarios. Reilly et al. (2001) forecast an increase in sorghum yields 

of 17% by 2030 even though precipitation is expected to decrease by 4% (under the CCC 

scenario). Yield increases are proportionally larger with the increase in predicted rainfall. 

By 2030, when precipitation increases by 6% in the UKMO scenario, yields increase by 

15%. A 21% increase in sorghum yields by 2090 is associated with a 17% increase in 

rainfall under the CCC scenario. Under the wetter scenario (UKMO), which predicts a 

23% increase in precipitation, sorghum yields increase by 70% in 2090. 

 

 Cotton 

When considering cotton, Reilly et al.‟s (2001) predicted yield changes are larger than for 

sorghum. The authors estimate an increase in cotton yields of +32% and +18% in 2030 for 

the UKMO and CCC scenarios respectively. By 2090, cotton yields increase up to 82% 

and 96% under the UKMO and CCC scenarios. Reilly et al. (2001) find that cotton yields 

still increase even when precipitation declines (under the CCC scenarios for 2030). An 

increase in cotton yields is also predicted by Butt et al. (2005) in Mali under a warmer and 

drier climate. For 2030, cotton yields are expected to increase by 6.2% under the UKMO 

scenario, which predicts a decrease in precipitation ranging from +0.03mm per day to 

-0.11mm per day and a temperature increase of between 1°C and 2.2ºC in Mali. Butt et al. 

(2005) expect cotton yields to increase by 3.5% under the more severe CCC scenario 

(-0.02mm to -0.16mm rainfall per day and a +2°C to +2.7°C temperature increase).  

When considering more severe climate changes, these results are contradicted by 

Haim et al. (2008). The authors used an agronomic model to estimate the impact of 

precipitation on cotton yields in the north of Israel. The authors used the HadCM3 model 

with two scenarios, labelled A2 and B2. A2 is the more severe scenario and forecasts a 

decline in precipitation of 42% and an increase in temperature of 4.6°C relative to the 

reference period of 1960-1990. Under the moderate scenario, B2, precipitation is also 
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expected to decrease but only by 1% and the temperature increase is only of 2.9°C. By 

2070-2100, cotton yields of are predicted to decline by 52% under the severe scenario and 

38% under the moderate scenario. 

 

 Wheat 

The effect of climate change on wheat yields in an arid country, Egypt, is considered by 

Yates and Strzepek (1998). However, Egypt differs from countries previously considered 

as this nation is extensively irrigated by the Nile River. The authors forecast the impact on 

agriculture using three different scenarios predicting a warmer and wetter climate in the 

Nile Delta Region. Using bio-physical models accounting for the direct effect of CO2, their 

study reveals that wheat is the most vulnerable crop. The largest impacts are expected in 

the UKMO scenario, which predicts the largest rises in both temperature (5.2°C) and 

precipitation (15%) by 2060. Under these conditions, wheat yields are likely to fall by 51% 

as compared to 1990. Under the intermediate GFDL scenario (+4°C and +8% 

precipitation), wheat yields are predicted to decrease by 26%. Under the GISS scenario, 

which predicts a softer climatic change scenario (+2.5°C and +6% precipitation), wheat 

yields decline by the smallest amount, 5%.  

Cuculeanu et al. (1999) reach a different conclusion to Yates and Strzepek (1998) 

when focusing on a different country. In Romania, the authors forecast a wheat yield 

increase of 21% under a warming climate (+3.98°C) and a small increase in average annual 

precipitation (+3%). Wheat yields are also expected to increase by 15% under a warmer 

(+4.25ºC) but drier scenario (-1% precipitation). 

Adams et al. (1990) consider the US, divided into six regions. The authors‟ 

predictions for wheat are significantly negative under the GFDL scenario, which predicts a 

warmer and wetter climate. By 2050, wheat yields are expected to decrease by 40% to 50% 

across the country (as compared to the 1951-1980 base period). Under a warmer and wetter 

scenario (GISS), changes in wheat yields range from -20% to +29% depending on the 

region considered. When different varieties of wheat are considered, climate impacts are 

more diverse. As estimated by Reilly et al. (2001) at the US aggregate level, average yields 

of four types of wheat are expected to increase slightly (+2%) under a drier scenario (CCC, 

+2.1°C and -4% precipitation) by 2030. By 2090, an average yield loss of 2% is expected 
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under the hottest wet scenario (CCC, +5.8°C and +17% precipitation). The largest yield 

gains (+34%) are expected by 2090 under the wetter scenario (UKMO, +3.3°C and +23% 

precipitation).  

 

Limitations 

As illustrated in this review of the literature, bio-physical models are widely used to 

estimate the impact of climate change on crop yields. However, these models have several 

limitations which may influence prediction accuracy. The main shortcoming is the need for 

daily weather data, which greatly limits the areas over which bio-physical models can be 

applied. Moreover, the outcome of these models can be uncertain as they often assume that 

weeds, pests and diseases are controlled for. Also, as remarked by Adams et al. (1990), 

they do not assume any constraints posed by soil nutrient limitations. Furthermore, 

Rosenzweig and Parry (1994) note that predictions from bio-physical models may have a 

positive bias as they are calibrated under experimental conditions where yields are likely to 

be higher than in actual conditions.  

 

2.2.2. Empirical crop models 

Statistical methods to quantify the influence of climatic factors on crop yields date back to 

Hooker‟s (1907) climate-crop regression analysis. Advances in computational techniques 

have greatly assisted the application of regression techniques but their popularity is mainly 

due to their ability to distinguish the impact of weather on crop yields from other factors. 

The standard production function explains crop output at time t, Qt, by a set of explanatory 

variables: 

Qt = f (At,, Lt, Mt,, Ft,, Dt, Ct,)           (2.1) 

where At is the area sown, Lt is the amount of labour employed, Mt is the quantity of 

machinery used, Ft is the fertilizer consumption, Dt is a vector of regional characteristics 

(e.g., soil quality, irrigation, etc) and Ct is a vector of climate variables. The empirical 

estimation of this function is based on time series and/or cross-sectional observation data 

observed at the farm level or aggregated at the regional level. Regression analysis allows 

the quantification of the past effect of one factor (e.g. the effects of weather variation) on 

crop yields in an actual cropping context. Therefore, in addition to facilitating impact 
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assessment of past climate on crop yields, regression analysis provides coefficients to 

estimate the impact of future climate change (holding all other parameters constant). 

 

Backward looking assessments 

  Grains 

Several recent studies have analysed the impact of observed climate change. Global annual 

temperatures have already increased by 0.4°C since 1980 (Lobell and Field, 2007). An 

impact analysis of climate change since the early 80s was performed by Carter and Zhang 

(1998). The authors use an aridity index combining mean monthly temperature and total 

monthly precipitation to evaluate the impact of climate on grain in China. They considered 

two sub-periods, 1978-1984 and 1985-1992, during which two different government 

policies were introduced to regulate the grain sector. Their findings indicate that the 

weather had different impacts during the two periods. Weather accounted for 1.3% of the 

growth in grain production in the first sub-period, and only 0.4% in the second sub-period. 

The authors argue that the 0.9 percentage point difference in grain production growth rate 

between the two periods is explained by better weather in the first period than in the 

second period.  

 

  Wheat 

Focusing on wheat, Lobell and Field (2007) perform an aggregated global study. They 

consider the period 1961-2002 and estimate the impact of average monthly minimum and 

maximum temperatures as well as precipitation on wheat yields. They find that 41% of the 

variance in year-to-year wheat yields is explained by weather during the growing season. 

Temperature appears to have a negative influence on wheat yields. The authors estimate 

that for an increase of 1ºC in average monthly minimum and maximum temperatures, 

wheat yields decrease by 5.4%. A negative relationship between maximum temperature 

and wheat yields is also observed by Nicholls (1997) in Australia. During the study period 

of 1952-1992, the author observes that the mean annual minimum temperature increased 

by 1.02°C, the mean annual maximum temperature increased by 0.58°C and mean annual 

precipitation increased by 39mm. A multiple linear regression reveals that the impact of 

rainfall is very small and a 1% increase in the mean annual maximum temperature 
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decreases wheat yield by 0.6%. However, they estimate that a 1% increase in minimum 

temperature leads to a 0.5% increase in wheat yields. You et al. (2009) observe a similar 

temperature impact. Focusing on China from 1979 to 2000, they estimate a decrease of 

0.5% in wheat yields due to a 1% temperature increase during the growing season. In 

addition, they consider the impact of precipitation and cloud cover on wheat yields and 

find that precipitation has a positive, yet smaller influence. A 1% increase in rainfall leads 

to an increase of 0.03% in wheat yields. Additionally, according to Corobov (2002), 

temperature and precipitation are responsible for 75% of winter wheat yield fluctuations in 

Moldova.  

 

  Maize 

Corobov (2002) also studied maize yields and found that temperature and precipitation 

appear to be responsible for 40% of maize yield fluctuations. A similar finding is estimated 

by Lobell and Field (2007) at the world level. They find that weather during the period 

1961-2002 is responsible for 47% of year-to-year change in maize yields. Temperature is 

estimated to be responsible for 25% of maize yield trends according to Lobell and Asner 

(2003), who consider a 17-year period from 1982 to 1998 in the USA. They estimate a 

17% decrease in maize yields due to a 1ºC warming during the growing season. No 

significant effect of precipitation and radiation is found. However, as pointed out by Gu 

(2003), Lobell and Asner‟s (2003) estimation is based on a subset of data selected on the 

basis of a negative and significant relationship between temperature and yield anomalies. 

Gu (2003) demonstrates that by doing so, Lobell and Asner‟s (2003) study is biased toward 

finding a significant temperature impact. Furthermore, significant precipitation and 

radiation effects may have been found if the data had been selected on the basis of the 

correlation between yields and these climatic factors. In a later study, Lobell and Field 

(2007) address this issue by considering all available maize yield data at the global level. 

They find a smaller impact of temperature on yields: a 1ºC temperature increase leads to an 

8.3% yield decrease.  

A statistical analysis of climate change impacts on five major US crops conducted 

by Chen et al. (2004) also establishes a detrimental impact of temperature on maize yields. 

However, the estimated impact is greatly dependent on the functional form estimated. The 
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authors determine that maize yields decrease by 0.24% due to a 1% temperature increase 

when using a linear functional form. When using a Cobb-Douglas specification, the 

corresponding decrease is 2.98%. Additionally, the authors find that maize yield variability 

increases with temperature: a 1% temperature rise increases maize yield variance by 7.51% 

and 0.89% respectively in the linear and Cobb-Douglas functional form. 

 

  Soybeans 

When evaluating soybeans, the dependence of results on the functional form is even more 

pronounced in Chen et al. (2000). The authors estimate a significant positive impact of 

temperature but only when using a linear model. A 1% increase in temperature changes 

yields by -0.27% and 0.06%, respectively in the linear and Cobb-Douglas models. In 

Lobell and Asner‟s (2003) linear climate model, temperature explains 32% of soybean 

yield trends. These authors estimate a 17% decrease in soybean yields for each additional 

degree Celsius during the growing season. 

  

  Rice 

Rice appears to be slightly less affected by global warming. Peng et al. (2004) evaluate the 

impact of temperature on rice yields using weather and agronomic data from an 

experimental plot in the Philippines. From 1979 to 2003, they observe an increase of 

0.35°C in annual mean maximum temperature and a 1.13°C increase in annual mean 

minimum temperature. Their statistical analysis indicates that a 1°C increase in the 

minimum temperature during the growing season entails a 10% yield decrease. The 

maximum temperature does not appear to have a significant impact. 

 

Forward looking assessments  

  Maize 

Regression parameters characterising the impact of past climate change can be used to 

predict future climate change impacts, assuming that the relationships they establish 

between yields and climate variables remain valid into the future. Based on a regression 

analysis of USA yields, Chen et al. (2004) predict, for 2090, a decrease in maize yield 

variability of up to 36.9% under a CCC scenario (+4.2°C) and by up to 26.8% under a 
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UKMO scenario (+3.1°C). Corobov (2002) uses the results from his regression analysis on 

the 1960-1990 period in Moldova. The significant coefficients are retained to estimate the 

impact of future change of climate predicted by three GCMs (CSIRO, UKMO and MPI). 

Corobov (2002) forecasts decreases in maize yields from 4.5% in 2080 under the MPI 

scenario to 8.4% in 2080 under the UKMO scenario. 

  

  Wheat 

Corobov (2002) also forecasts a steady decline of winter wheat yields in Moldova until 

2080. This impact, compared to the 1960-1990 reference period, ranges from -17.6% in 

2020 under the CSIRO scenario, to -58.8% in 2080 under the ECHAM4 scenario. Chen et 

al. (2004) find more variable impacts when considering wheat yield variability. Under a 

CCC scenario, the variability is predicted to increase by 48.2% in Nebraska and decrease 

by 14.39% in Kansas. A negative impact of future climate change on wheat yields is 

estimated by Haim et al. (2008) who use a slightly different approach. These authors 

consider a production function for wheat using data from a one year experiment in 

southern Israel. To evaluate the impact of climate change, they use a moisture stress relief 

index ranging from 0 (maximum water stress) to 1 (no water stress) and find that this 

factor has a positive impact on yield. This model is validated by comparing predicted 

yields to observed yields for 8 years on the same site. It is then used to forecast wheat 

yields under future climate conditions. The authors use the UKMO climate model which 

predicts an increase in temperature and a decline in precipitation. Under a moderate 

scenario (+3.4°C and -28% precipitation), wheat yields are forecast to decrease by about 

10% and under a severe scenario (+4.5°C and -43% precipitation), wheat yields decline by 

30% for 2070-2100 (compared to the 1971-1972 winter). Isik and Devadoss (2006) 

evaluate the impact of climate change on the mean and variability of wheat yield in Idaho. 

The authors use a UKMO scenario, which predicts an increase in both temperature (by 

7.29% in 2025-2034 and by 18.65% in 2090-2099) and precipitation (by 21.94% in 2025-

2034 and by 35.39% in 2090-2099). Their econometric analysis displays crop-specific 

impacts of temperature and rainfall on the mean and variance of yields. In the linear and 

quadratic models, wheat yields are expected to increase by 0.42% and 1.04% by 2025-

2034 compared to the 1939-2001 period. Corresponding increases in wheat yields for the 
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end of the century are 1.13% and 1.23%. This slight increase in mean yields is 

accompanied by a large reduction in yield variability. Specifically, wheat yield variance is 

expected to decrease by 10.60% and 2.72% by 2025-2034 and by -25.02% and -5.40% by 

2090-2099 using the linear and quadratic model respectively.  

 

  Millet 

Some authors do not use climate models to evaluate the impact of future climate change 

but use self-made or „guesstimated‟ scenarios. Ben Mohamed et al. (2002) consider two 

warmer and drier climate change projections for 2025 in Niger. They first evaluate a 

scenario with a decrease in precipitation of 10% and an increase in temperature of 20% 

compared to average values from 1968 to 1998. According to Ben Mohamed et al. (2002), 

this scenario only reflects changes that occurred in the past 30 years and so could feasibly 

occur again. In order to reflect a “more dramatic, yet reasonable situation”, they consider a 

second scenario projecting a temperature increase of 20% and a precipitation decrease of 

20%. To determine the effect of these changes on millet yields, Ben Mohamed et al. (2002) 

perform a regression analysis that includes 13 climatic factors. The authors estimate future 

climate impact in three regions in Niger: Dosso, Maradi and Zinder. On the basis of 

parameters from this regression, the impact on millet yields is negative under both 

scenarios. In the first scenario, millet yields are predicted to decline by 11% in the two 

western regions (Dosso and Maradi). Under the more severe scenario, the decrease reaches 

26% in these regions. In the eastern region (Zinder), the change in millet yields is similar 

under both scenarios (-13%).  

 

  Cowpeas and Groundnuts 

As an extension to Ben Mohamed et al.‟s (2002) paper, Van Duivenbooden et al. (2002) 

estimate the impact of climate change on cowpeas and groundnut yields. For the three 

regions, the authors estimate groundnut yield losses of around 11% and 25% in the soft 

and harsh scenarios respectively. For cowpeas, weather has a significant impact only in the 

two western regions, where yields are predicted to decline by about 12%. In the harsher 

scenario, the loss in Maradi and Zinder is 25% and 30% in Dosso.  
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Limitations 

Shortcomings relating to the use of regression analysis to analyse crop yields are well 

known. Katz (1977) identifies numerous sources of bias in statistical estimates. Firstly, 

misspecification of the functional form can lead to incorrect estimates of the impact of 

climate change and emphasizes the need to model nonlinear relationships properly. The 

omission of some important variables might also lead to biased coefficients in the model 

(Greene, 2000). 

Furthermore, the correlation between different agro-climatic determinants makes it 

difficult for multiple regression analyses to identify the exact relationship between the 

dependent variable and each explanatory variable. This correlation might lead to incorrect 

signs (Katz, 1977) and/or increased variability of the coefficient estimates (Snee, 1973). 

Besides estimation issues, estimated coefficients may not necessarily be valid for 

prediction as coefficients represent the impact of past climate conditions on agricultural 

outcomes. If future climate values are not within the range of previously observed values, 

and if there are non-linearities in the production function that are not apparent in the 

historical range of climate data, then the relationship between the dependent variable and 

climate conditions may change. A related problem is the use of experimental site estimates 

from which regional studies are derived. For instance, Lobell and Field (2007) 

acknowledge that within a region, differences can be observed across agricultural systems 

and zones. The ability of field experiments to represent a region is therefore questionable. 

Finally, data requirements place a major constraint on regression analyses. Data are 

not always accurately measured or even available. The use of experimental data addresses 

the former problem but such data are costly. Limited data availability may also lead to 

omitted variable bias as mentioned previously. 

 

2.2.3. Summary of crop yield climate change impacts 

Crop yield assessments are performed in diverse locations around the world which are 

subject to different local climates. For each location, many different climate predictions are 

available. The observed precipitation predictions range from -52% to +35%. In terms of 

temperature, predictions are more consistent as they all predict a warming of climate, 

ranging from +0.1°C to +5.8°C. As crop yield projections are dependent on the climate 
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scenario considered, the great diversity in local climate predictions makes it difficult to 

compare yield effects observed across studies. As can be seen in Table 2.1, estimated 

climate change impact on yields varies greatly. At an aggregated level, global grains and 

cereals yields impacts are expected to range from -70% to +30%. However, results differ 

depending on the crops considered. Maize and cotton yield projections show the largest 

divergence: they range respectively from -37% to +84% and from -38% to +96%. Results 

for some other crops, such as groundnut and millet, appear more consistent as they all 

predict negative climate change impacts on yields ranging from -11% and -26%. However, 

the limited number of studies considering these crops limits the strength of this conclusion. 
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Table 2.1. Estimated agronomic impacts of climate change 

Study Model 
Climate 

model 

Precipitation 

projection 

Temperature 

projection 
Particularity 

Crop yield impact 

Cotton 
Cereals/ 

Grains 
Cowpeas Groundnut Maize Millet Sorghum Wheat 

Adams et 

al. (1990) 

Bio-

physical 

GISS +0.2mm/day +4.32°C 

×2 CO2 direct 

effect 

    
-20% to 

+49%  
  

-20% 

to 

+29% 

GFDL +0.09mm/day +5.09°C     
-20% to 

+9% 
  

-50% 

to 

-40% 

Kaiser et al. 

(1993) 

Bio-

physical 
 

+10% +2.5°C 

 

    -4%  +15%  

-10% +2.5°C     -4%  +16%  

-20% +4.2°C     -12%  +5%  

Rosenzweig 

and Parry 

(1994) 

Bio-
physical 

GFDL +8% +4°C 

×1 CO2 direct 

effect 
 

-50% to 

+10%  
      

×2 CO2 direct 

effect 
 

-30% to 

+30%  
      

GISS +11% +4.2°C 

×1 CO2 direct 

effect 
 

-70% to 

+10% 
      

×2 CO2 direct 
effect 

 
-30% to 
+30% 

      

UKMO +15% +5.2°C 

×1 CO2 direct 

effect 
 

-70% to 

-10% 
      

×2 CO2 direct 

effect 
 

-50% to 

+10% 
      

Yates and 

Strzepek 

(1998) 

Bio-

physical 

GFDL +8% +4.0°C 
×2 CO2 direct 

effect 

       -26% 

UKMO +15% +5.2°C        -51% 

GISS +6% +2.5°C        -5% 

Cuculeanu 

et al. (1999) 

Bio-

physical 

CCC +3% +3.98°C ×2 CO2 direct 

effect 

    +43%   +21% 

GISS -1% +4.25°C     +84%   +15% 

(continued)
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Table 2.1. Estimated agronomic impacts of climate change (continued) 

Study Model 
Climate 

model 

Precipitation 

projection 

Temperature 

projection 
Particularity 

Crop yield impact 

Cotton 
Cereals/ 

Grains 
Cowpeas Groundnut Maize Millet Sorghum Wheat 

Parry et al. 

(1999) 
Bio-

physical 
UKMO 

+4.5% +3.1°C 
×2 CO2 

direct effect 

 
-10% to 

+3% 
      

+3.2% +3.0°C  
-10% to 

+5% 
      

Alexandrov 

and 

Hoogenboom 

(2000) 

Bio-

physical 

MPI 
-25% to 

+22% 

+0.6°C to 

+2.1°C 

×1.5 CO2 

direct effect 

    
-10% to 

0% 
   

UKMO -5% to +35% 
+0.1°C to 

+1.3°C 
    

-6% to 

+2% 
   

GFDL 
-16% to 

+25% 

+0.6°C to 

+3°C 
    

<-12% 

to -2% 
   

CCC 
-52% to 

+12% 

+0.5°C to 

+3.25°C 
    

<-12% 

to +2% 
   

Reilly et al. 

(2001) 

Bio-
physical 

UKMO +23% +3.3°C 
×2 CO2 

direct effect 

+82%    +34%  +70% 
+20% to 

+55% 

CCC +17% +5.8°C +96%    +23%  +21% 
-5% to 
+3% 

Ben 

Mohamed et 

al. (2002) 

Empirical 

 -10% +20%       
-13% to 

-11% 
  

 -20% +20%       
-26% to 

-13%  
  

Van 

Duivenbooden 

et al. (2002) 

Empirical 

 -10% +20%    
-12% to 

0%  
-11%     

 -20% +20%    
-30% to 

-25% 
-25%     

Corobov 

(2002) 
Empirical 

CSIRO N.a. N.a.      -5%   -39% 

UKMO N.a. N.a.      -8%   -51% 

MPI N.a. N.a.      -4%   -59% 

(continued) 
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Table 2.1. Estimated agronomic impacts of climate change (continued) 

Study Model 
Climate 

model 

Precipitation 

projection 

Temperature 

projection 
Particularity 

Crop yield impact 

Cotton 
Cereals/ 

Grains 
Cowpeas Groundnut Maize Millet Sorghum Wheat 

Chipanshi 

et al. (2003) 

Bio-

physical 

UKTR -7% to -9% 
+2°C  to 

+2.2°C 
     

-30% to 

-10% 
 

-23% to 

-12% 
 

CCC -6% to -7% 
+1°C to 

+1.1°C 
     

-21% to 

-5% 
 

-12% to 

-5% 
 

OSU +8% to +21% +1°C      
+3% to 

+7% 
 

+7% to 

+14% 
 

Chen et al. 

(2004) 
Empirical 

CCC N.a. +4.2°C 

Variability 

    
-37% to 

-3% 
   

UKMO N.a. +3.1°C     
-27% to 

-14% 
   

CCC 

-0.02mm/day 

to 
+0.16mm/day 

+1.9°C to 
+2.7°C 

+3%    -14%  -17%  

Butt et al. 

(2005) 

Bio-

physical 
UKMO 

+0.03mm/day 
to 

+0.11mm/day 

+1.1°C to 

+2.2°C 

×1.5 CO2 

direct effect 
+6%    -11%  -12%  

Isik and 

Devadoss 

(2006) 

Empirical UKMO +35.39% +18.65% 

        +1% 

Variability        
-25% to 

-5% 

Haim et al. 

(2008) 

Empirical UKMO 
-43% +4.5°C         -30% 

-28% +3.4°C         -10% 

Bio-

physical 
UKMO 

-42% +4.6°C  -52%        

-1% +2.9°C  -38%        
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2.3. Economic impacts of climate change 

The effect of climate change on crop yields has been widely investigated. By 

modifying the level of production, crop yield changes influence revenues for farmers 

and also for countries. Two main approaches are used to estimate the economic impact 

of climate change. A widely employed method, the Ricardian approach, considers a 

proxy for land productivity. Other studies are based on integrated assessments 

combining the results of crop yield models with economic models. Studies of the 

economic impact of climate change are detailed below and summarized in Table 2.2. 

 

2.3.1. Ricardian analyses 

The Ricardian method is often used in the literature to estimate the impact of climate 

change at the farm level. This technique, also referred to as the hedonic approach, 

draws on Ricardo‟s (1817) notion that land values reflect land productivity (determined 

by its intrinsic characteristics). Farmers are willing to pay more for land producing 

higher yields and thus higher profits since the selling price of crop is the same whether 

the crop comes from productive or unproductive land. 

The productivity of land can be represented either by the land sale value 

(market value) or the land rental value. The land market value is either the registered 

sales value or, when data are not available, the value estimated by farmers. The market 

value corresponds to the discounted aggregate of future land profits or rents. The rental 

value is defined by Ricardo (1817, p.34) as “that portion of the produce of the earth, 

which is paid to the landlord for the use of the original and indestructible powers of the 

soil”. As land is a fixed factor, it can be represented by farm net revenues (total 

revenues minus total costs), assuming a perfectly competitive land market (i.e. farmers 

make zero profit).  

Generally using cross-sectional data, Ricardian analyses regress the chosen 

productivity proxy (land value or net revenues) on climatic, agronomic and input 

variables to quantify the impact of climate change. It is assumed that farmers choose 

agricultural activities in order to maximise revenue given the environmental conditions. 

The „traditional‟ Ricardian analyses implicitly account for contemporaneous farm level 

adaptations. That is, Ricardian analyses explain land values or net revenues which 

reflect the costs and benefits associated with each farming practice, including 
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adaptation measures. However, they do not provide estimates of the effect of each 

adaptation. „Structural‟ Ricardian analyses address this shortcoming by modelling and 

measuring the effect of different adaptive measures (see Seo and Mendelsohn, 2008b) 

 

 Land values approaches 

Few Ricardian analyses use farm land values to explain the impact of climate change. 

However, one of the earlier studies, by Mendelsohn et al. (1994), estimates the 

influence of agro-climatic factors on USA farm land values. The authors estimate two 

models at the county level using different data weights. Their cropland model places 

higher weight on data from counties that have large cropped areas. Their crop-revenue 

model, on the other hand, gives a higher weight to data from counties with higher 

agricultural revenues. The authors estimate the two models for two years (1978 and 

1982) to detect possible single year distortions but find similar results for both years. 

They first use a uniform climate change scenario of a 5°F (around 2.8°C) temperature 

increase and an 8% rise in precipitation. Under these conditions, farm land values are 

expected to decrease by between US$119 billion and US$141 billion (in 1982 dollars) 

according to the crop-land model. This represents an annual decrease of about 5% in 

1982 gross farm income. However, when using the crop-revenue model, farm land 

values rise by between US$20 billion and US$35 billion which represent an annual 

increase in gross revenues of about 1%. Mendelsohn et al. (1994) attribute the 

differences in results to differences in weights on different geographic areas and 

different crops across models. The same set of weights and the same uniform climate 

change scenario are used in a USA study by Schlenker et al. (2005) and a Canadian 

study by Reinsborough (2003). Schlenker et al.‟s (2005) study, based on corrected 

estimates from Mendelsohn et al.‟s (1994) study, predicts a loss in farm land value of 

nearly US$259 billion (compared to 1982) when using cropland weights. With crop-

revenue weights, they expect an increase in farm land value of around US$33 billion. 

Reinsborough‟s (2003) estimates are positive under both weighting schemes. Farm land 

value increases by CDN$1.5 million (in 1995 $CDN) (representing 5% of Canadian 

annual gross farm income) when using crop-revenue weights, compared to an increase 

of nearly CDN$1 million when using cropland weights (about 3% of Canadian annual 

gross farm income). However, Deschênes and Greenstone (2007) claim that these 

weights are not justified and, reproducing Schlenker et al.‟s (2005) results, find that 

they are not robust. Deschênes and Greenstone (2007) recommend the use of farm land 
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area weights. Using these weights, they predict a decrease of US$17 billion (measured 

in 2002 dollars) in farmland values. When no weighting is used, the loss exceeds 

US$75 billion. The different results estimated by similar studies show the importance 

of data selection on impact assessment findings. 

Another interesting data-related feature is that different impacts are expected 

depending on the current climate in the region considered. For instance, Reinsborough 

(2003) concludes that Canada is expected to benefit from global warming. On the 

contrary, warm regions are expected to suffer economic losses from global warming. 

Maddison et al. (2006) forecast damaging climate change impacts for Africa but there 

are large disparities across regions. The authors survey 10,000 farmers in 11 countries 

throughout Africa and conduct a Ricardian analysis using farmers‟ perceptions of the 

land value instead of real sale values. Under a UKMO scenario used by the authors, the 

global predicted temperature increase is 1.1°C by 2050. Precipitation estimates are 

more diverse and range from +300% to -75%. Under these conditions, perceived land 

values are predicted to decrease in all countries studied. However, Maddison et al. 

(2006) observe that countries with warmer climates suffer greater losses. For instance, 

land values are expected to drop by 19.9% in Burkina Faso and by up to 30.5% in 

Niger. Losses in cooler countries are less significant. For example, estimated land 

values in Ethiopia and South Africa fall by 1.3% and 3% respectively. 

 

 Net revenues approaches 

A more common approach in Ricardian analyses uses farm profits (net revenues) as an 

alternative to land value to represent farm productivity. As described by Kumar and 

Parikh (1998) and Sanghi et al. (1998), using net revenues is preferable if land market 

conditions are imperfect. Both studies employ the „net-revenue‟ approach and use 

pooled observations from 1966 to 1986 for India. Kumar and Parikh (1998) find that 

the effect of temperature is negative. The impact of precipitation is positive but is 

smaller in magnitude than the temperature effect, so the global effect is negative. They 

estimate an 8.7% decrease in net revenues when considering a uniform climate scenario 

of +2°C and +7% mean precipitation change. Under the same scenario, Sanghi et al. 

(1998) estimate a larger decrease in farmers‟ net revenues (12.3%). Under no change in 

precipitation and a slight temperature increase (+1°C) scenario, Sanghi et al. (1998) 

estimated revenue effect (-8.8%) is also larger than those of Kumar and Parikh (1998) 

(-3.2%). 
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USA farmers‟ net revenues are also expected to decrease under a warmer and 

wetter climate. When considering a uniform climate change scenario of a 5°F (around 

2.8°C) temperature increase and an 8% rise in precipitation, Schlenker et al. (2005) 

predict profit losses ranging between US$5 billion and US$5.3 billion (in 1982 dollars). 

These numbers represent a loss of about 3% of 1982 gross farm incomes. Deschênes 

and Greenstone (2007) use the same climate change scenario and estimate a profit 

increase of about 2% (+US$0.69 billion in 2002 dollars). When using a warmer and 

wetter UKMO scenario, Deschênes and Greenstone‟s (2007) projections are positive 

for the end of the century (+4% of net revenues or US$1.34 billion). However, the 

state-by-state impact assessment shows large variations. A loss of US$0.75 billion is 

expected in California whereas a gain of US$0.72 billion is expected in South Dakota. 

In relative terms, West Virginia would experience the largest profit increase (+190%) 

and New Hampshire would suffer the largest profit reduction (-127%). 

Several studies use Ricardian analyses of net revenues to evaluate the impact of 

climate change in Africa. The Centre for Environmental Economics and Policy in 

Africa (CEEPA) publishes a special series of discussion papers considering Africa as a 

continent (Kurukulasuriya and Mendelsohn, 2006b) and at the country level. Countries 

examined include Egypt (Eid et al., 2006), Cameroon (Molua and Lambi, 2006), Kenya 

(Kabubo-Mariara and Karanja, 2006), Senegal (Sene et al., 2006) and Zimbabwe 

(Mano and Nhemachena, 2006). Kurukulasuriya and Mendelsohn (2006b) and Mano 

and Nhemachena (2006) both use farm survey data to estimate the impact of climate 

change on net revenues per hectare using two uniform climate scenarios predicting a 

warmer and drier climate. Both studies conclude that climate warming is detrimental 

for dry land areas. Mano and Nhemachena (2006) estimate that Zimbabwean net 

revenues will decrease by 31% and 36% relative to the mean of the sample when 

temperature increases by 2.5°C and 5°C respectively. Climate drying is less damaging: 

net revenues are expected to fall by 27% and 28% respectively in both scenarios 

predicting a decrease of 7% and 14% in rainfall. 

Kurukulasuriya and Mendelsohn‟s (2006b) findings are more moderate when 

considering a group of 11 African countries. They estimate a net revenue decrease of 

11% and 21% relative to the mean of the sample for temperature increases of 2.5°C and 

5°C respectively. The response to a drying scenario is even lower. Specifically, net 

revenues fall by about 4% and 8% respectively when rainfall decreases by 7% and 14% 

respectively. When using GCMs climate change forecasts, the impact assessments are 
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of the same order. Mano and Nhemachena (2006) use three CGMs scenarios, CCC, 

UKMO and PCM where precipitation for 2100 is expected to decrease by 9%, 18% and 

20% and temperatures are expected to increase by 3.7°C, 4.5°C and 1.9°C respectively. 

Expected farm revenues under these conditions are lower than those in the base period. 

The largest decrease in net revenues (-119%) is observed under the dryer scenario 

(PCM). The CGMs scenarios employed by Kurukulasuriya and Mendelsohn (2006b) 

forecast higher temperature increases than Mano and Nhemachena (2006). The CCC, 

CCSR and PCM scenarios predict a warming of about 6.7°C, 4.1°C and 2.5°C 

respectively for 2100. Precipitation losses are expected to reach 18% and 21% under 

the CCC and CCSR respectively. Under the PCM scenario, precipitation is forecast to 

increase by 4%. It is only under this last scenario that net revenue is expected to grow 

by 2100 (by 68%). Under the two other scenarios, CCSR and CCC, net revenues are 

estimated to fall by 19% and 34% respectively.  

According to a study from Deressa and Hassan (2009), a net revenue decrease 

(relative to the season 2003/2004) is also predicted for Ethiopian farmers by 2050 and 

the loss is expected to increase more than proportionally by 2100. Under CCC 

scenarios forecasting a warmer and dryer climate (+3°C and -16% in precipitation by 

2050 and +8°C and -35% in precipitation by 2100), net revenues are predicted to 

decrease by 10% in 2050 and by 130% in 2100. Under a wetter scenario (PCM) (+2°C 

and +5% of precipitation by 2050 and +5°C and +12% of precipitation by 2100), net 

revenues are expected to decrease by 15% in 2050 and by 103% in 2100.  

 

Limitations 

Despite the popularity of the Ricardian approach there are several limitations associated 

with this technique. Maddison et al. (2006) note that Ricardian studies are often based 

only on a single year‟s data and this year might not be representative of other years. 

Any exceptional climatic, agronomic or economic conditions during the year 

considered could easily bias the results. Some authors address this issue by ensuring the 

„normality‟ of the year considered (Kurukulasuriya and Ajwad, 2007) or by repeating 

the estimation over two years to ascertain the similarity of the results (Mendelsohn et 

al., 1994). Deschênes and Greenstone (2007) propose a new approach using a four year 

panel dataset at the county level. Multidimensionality allows studies to account for 

climate variations over years and counties. In addition, the new specification includes 

county and states year fixed effects to account for any time or year invariant 
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unobserved effects to address potential misspecification of the model. The use of time 

series panel data appears to be more robust (Deschênes and Greenstone, 2007). 

The location of the data is another concern. Seo and Mendelsohn (2007) and 

Schlenker et al. (2005) warn against using land values data for farms located around 

urban areas. As land could be used for purposes other than agriculture, its value may 

reflect factors other than soil productivity. 

More important criticisms relate to assumptions underpinning the Ricardian 

technique. For instance, the theoretical assumption of factor price long run equilibrium 

does not always hold in developing countries where markets are not integrated. The use 

of land values, which are market prices, are therefore not appropriate. Kurukulasuriya 

and Ajwad (2007) prefer using net revenues rather than land values for Sri Lanka. 

Furthermore, the hypothesis of constant prices biases estimated impacts. Cline 

(1996) stresses that the hypothesis of constant prices is misleading as it does not 

account for supply-induced price changes. If prices changes were considered, 

consumers should be negatively impacted as demand for food is not price elastic. Thus, 

when consumer surplus loss is not accounted for, the effects of climate change are 

overestimated. However, in spite of the drawback of the constant price assumption, 

Mendelsohn (2000) stresses the complexity of modelling price effects and states that 

“unless scenarios suggest catastrophic consequences, the fact that prices are held 

constant may not be a serious problem for the Ricardian approach”. 

Finally, as Ricardian analyses are based on statistical estimates, the same 

limitations as discussed regarding econometric methods apply (see Section 2.2.2). 

 

2.3.2. Integrated analyses 

Crop yields studies, either based on bio-physical or econometric models, show a large 

dependence of crops on climate. These studies are used as an input to estimate climate 

change economic impacts. Specifically, estimated crop yields are linked with economic 

models to simulate the impact of climate change on economic outcomes. Models used 

to estimate climate change economic impacts are either (i) partial equilibrium models 

or (ii) general equilibrium models. 
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2.3.2.1. Partial equilibrium models 

Many studies use partial equilibrium agricultural market models to estimate the 

economic impact of climate change. These models consider only one economic sector 

but take into account a wide range of economic and institutional forces. The precision 

with which markets are detailed depends on the level of disaggregation. All models 

determine profit maximising input and output bundles. 

 

Global assessments 

A global assessment of climate change is conducted by Tobey et al. (1992) who 

simulate the effect of future crop yields on world food supply. They consider regional 

crop scenarios from climate-yield impact assessments summarized in the first report of 

the Intergovernmental Panel on Climate Change (IPCC) (1990). The authors evaluate 

crop yield scenarios using the static world policy simulation (SWOPSIM) model, a 

world agricultural model simulating domestic supply and demand as determined by 

price elasticities. One set of scenarios stipulating crop yield decreases from -10% to 

-50% in the US, Canada and European Community (EC) is combined with three other 

crop yield evolutions in other parts of the world. They find that negative effects of 

climate change on crop yields in the main grain producing regions would not severely 

affect global food production. For instance, under a scenario of a 50% yield reduction 

in the US, Canada and EC and a neutral effect in the rest of the world, total welfare
7
 

would decrease by only 4.06% in the US, 5.74% in the EC and 5.48% in Canada as 

compared to the 1986 base period. At the world level the welfare loss is 3.05%. The 

impact on national economies as a percentage of gross domestic product (GDP) is even 

smaller because of the agricultural sector‟s relatively small share in most economies. 

However, in a scenario stipulating crop yield reductions of 10% to 30% in the US, 

Canada and EC and a crop yield increase of 25% in the USSR, Northern Europe, 

China, Japan, Australia, Argentina and Brazil, agricultural output decreases in some 

countries but increases in others. Overall, world agricultural output increases by 1.54% 

to 0.66% compared to 1986. Furthermore, because of changes in world commodity 

prices, agricultural output in exporting countries such as Argentina is expected to 

increase.  

                                                
7 In this study, “welfare effects are measured by the change in consumer and producer surplus, 

and government payments” (Tobey et al., 1992; p.200). 



39 

 

 

 

Other studies, such as Kane et al. (1992) and Reilly and Hohmann (1993), use 

the same set of yield scenarios as Tobey et al. (1992). For instance, Reilly and 

Hohmann (1993) use the same food market model but use 1989 as a base period. They 

estimate a negative welfare impact for the US, Canada and EC in most cases. The only 

positive impact is found when considering a crop yield decrease of 10% in these three 

regions and a crop yield increase of 25% in the USSR, Northern Europe, China, Japan, 

Australia, Argentina, and Brazil. Under such conditions, the authors predict a welfare 

increase of US$2,052 million (in 1989 dollars). However, the authors arrive at the same 

conclusion as Tobey et al. (1992), that is, negative welfare impacts experienced by 

some regions are offset by positive effects in other regions. 

    

Single country studies 

Most partial equilibrium studies consider only one country. Haim et al. (2008) and 

Kaiser et al. (1993) consider a simple profit maximisation model to estimate the 

consequences of climate change on farmers‟ profits. Haim et al.‟s (2008) study of Israel 

predicts that the negative impact of climate change on two crops (cotton and wheat) 

will reduce profits. The authors make the assumption that, given the small share of 

Israeli cotton and wheat in world markets, real prices of inputs and outputs are fixed. 

Under these conditions, they predict a decrease in farm net revenues of 43% in 

2070-2100 in southern Israel under a moderately drier and warmer scenario (+3.4°C 

and -28% in precipitation). Under a more severe scenario (+4.5°C and -43% of 

precipitation) profits decrease by 145%. Larger decreases are predicted in cotton 

profits. By 2070-2100, northern Israel cotton farm net revenues are predicted to decline 

by 173% under a moderate scenario (+2.9°C and -1% in precipitation), and by 240% 

under a severe scenario (+4.6°C and -42% in precipitation). On the contrary, Kaiser et 

al. (1993) predict an overall net revenue increase for farmers in South Minnesota (US). 

Farm revenue more than doubles in all cases but varies depending on the climate 

scenario considered. The smallest net revenue increase by 2070 (about +120%) is 

predicted under the base scenario of no climate change. Under the mildly warmer and 

wetter scenario (+2.5°C and +l0% of precipitation), net revenue is expected to increase 

by about 140%. However, it is under both the mildly warmer and drier scenario 

(+2.5°C and -10% of rainfall) and the warmer and drier scenario (+4.2°C and -20% of 

precipitation), that the net revenue increases are largest (about +170%). Under the 

milder scenarios, the expected decrease in temperature variability entails a reduction in 
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crop yield variance, which decreases net revenue variability. Net revenue variations are 

determined by crop yield evolutions and also crop price evolution, which are 

themselves dependent on estimated yields and population. 

Turning to African studies, Yates and Strzepek (1998) conduct a climate change 

assessment for Egypt. They provide an estimation of Egyptian economic welfare in 

2060 by using the Egyptian Agricultural Sector Model for assessing Climatic Change 

(EASMCC). The authors generate two scenarios for 2060, one optimistic and one 

pessimistic. To do so, they use a base agronomic model of crop yields but modify some 

economic, structural and technological constraints from the 1990 baseline. Among 

other changes, the agricultural sector would represent a larger share of the Egyptian 

economic activity in the pessimistic scenario than in the optimistic one, where the non-

agricultural sector would use a larger share of the country‟s labour. Considering a CO2 

doubling, the authors estimate the impact of climate change on crop yields using three 

climate scenarios: GFDL (+4°C and +8% precipitation), UKMO (+5.2°C and +15% 

precipitation) and GISS (+2.5°C and +6% precipitation). The estimated impacts under 

the three climate scenarios are similar in the pessimistic and optimistic socio-economic 

scenarios, but with more pronounced effects under the pessimistic scenario.  

Under the two warmer and wetter scenarios, GFDL and UKMO, Yates and 

Strzepek (1998) find a negative impact on consumer surplus. The consumer surplus 

loss is expected to range between 1.6% under the GFDL scenario and 9% under the 

UKMO scenario compared to the optimistic baseline, and between 4.5% under the 

GFDL scenario and 15% under the UKMO scenario compared to the pessimistic 

baseline. When considering the milder GISS scenario, consumer surplus is expected to 

increase by 4.9% in the optimistic case and by 6.5% in the pessimistic case. On the 

other hand, producer surplus is expected to increase by 55% in the optimistic case and 

69% in the pessimistic scenario under the UKMO scenario. Under the two other 

climatic scenarios, producer surplus is predicted to decrease: by 15% under the GFDL 

scenarios in both optimistic and pessimistic simulations and by 44% under the GISS 

scenario in the optimistic to 49% in the pessimistic cases.  

In terms of agricultural trade, Yates and Strzepek (1998) estimate a deficit in all 

scenarios indicating an increasing Egyptian reliance on imports. The negative trade 

balance in the 2060 optimistic baseline is enlarged by 3.8% under the softer climate 

change scenario (GISS) and by 49% under the harsher scenario (UKMO) in the 

optimistic case. In the pessimistic case, the negative trade balance in the 2060 
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pessimistic baseline further decreases by 19% under the GISS scenario and by 48% in 

the UKMO scenario.  

Another African study, focusing on Mali, is conducted by Butt et al. (2005). 

The authors use the Mali Agriculture Sector Model (MASM) to evaluate the impact of 

climate change on consumer surplus, producer surplus and foreign surplus. The model 

translates changes in six crop yields into changes in prices, production, and 

consumption. The model also accounts for international trade in agricultural 

commodities. Using two different climate models, UKMO and CCC, forecasting a 

warmer and drier climate for 2030, the authors estimate negative economic impacts for 

Mali. They forecast a 5% total welfare loss under the UKMO scenario predicting 

between +1°C and +2.2°C and from +0.03mm per day to -0.11mm of precipitation 

(compared to base period 1960–91). Under the warmer and drier CCC scenario 

predicting between +2°C to +2.7°C and from -0.02mm per day to -0.16mm per day of 

precipitation, the total welfare loss is 11% (compared to the 2030 base conditions 

accounting for productivity loss due to land degradation). However, producers are 

expected to gain under both scenarios. Producer surplus is expected to increase by 14% 

and 15% under the UKMO and CCC scenarios respectively. The total welfare loss is 

explained by a decline in consumer and foreign surpluses. Under the UKMO scenario, 

consumer surplus decreases by 29% and foreign surplus decreases by 59%. Under the 

CCC scenario, however, consumer surplus declines by 45% whereas the foreign surplus 

rises by 11%. Prices are projected to increase by 76% under the UKMO scenario and 

by 145% under the CCC scenario. 

 

Limitations 

As the name indicates, partial equilibrium models only consider part of the economy. 

Cross-sectoral interactions are ignored and therefore climate change impacts on one 

sector do not alter resource allocations in other sectors. According to Tobey et al. 

(1992), this limitation is not serious in industrialized and semi-industrialized countries 

given the relatively small share of agricultural output in their national economies. The 

consideration of only certain countries or regions constitutes another constraint, as 

bilateral trade flows are not represented and changes in international commodity prices 

are accounted for.  
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2.3.2.2. General equilibrium models 

Global assessment studies use computable general equilibrium (CGE) models to 

capture interactions between the agricultural sector and other economic sectors. The 

inter-sectorial nature of these models allows the simulation of economic activity 

through incomes and expenditures. Furthermore, CGE models include international 

trade flows, which allow these models to account for inter-regional effects. 

Three similar global assessments of climate change impacts on world food 

production are produced by Rosenzweig and Parry (1994) and Parry et al. (1999; 2004). 

The three studies combine food crop yield responses, obtained from crop growth 

models with projected climate change scenarios to predict future crop yields. Economic 

impacts of crop yield changes are then estimated using the Basic Linked System (BLS), 

a world food trade model. A reference scenario considers a situation with no change in 

economic or political factors affecting international food trade and no climate change. 

Different alternative scenarios are considered across the three studies. Rosenzweig and 

Parry (1994) use three alternative climate change scenarios (GISS, GFDL and UKMO) 

associated with population growth, technological improvement, GDP growth and 

agricultural production evolutions. Parry et al. (1999) consider four alternative 

scenarios simulated using the HadCM2 model and one scenario using the HadCM3 

model, where future greenhouse gas emissions are the result of a „business-as-usual' 

socio-economic context. Parry et al. (2004) apply alternative scenarios established by 

the Special Report on Emissions Scenarios (SRES) of the IPCC where different 

assumptions are made regarding population and income levels.  

Rosenzweig and Parry‟s (1994) findings are pessimistic when there is no 

adaption to climate change. Under the reference scenario, cereal production is 

estimated to reach nearly 3.3 billion tons by 2060, representing an increase of about 

83% compared to 1990. Under these conditions, the authors estimate that 6% of the 

population is at risk of hunger. The greatest level of production (about 2.9 billion tons 

in 2060) is observed under the intermediate scenario (GISS) which predicts temperature 

and precipitation increase of 4.2°C and 11% respectively. Under the softer climate 

change scenario (GFDL, +4°C and + 8% in rainfall), cereal production is slightly less 

than 2.9 billion tons. The lowest level of cereal production (about 2.6 billion tons) is 

expected under the warmer and wetter scenario (UKMO) predicting +5.2°C and +15% 

in precipitation. These production levels represent a decrease in cereal production 

across scenarios of 11% to 20% as compared as to the no climate change scenario. 
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These results are greatly improved when considering the direct effect of CO2. Cereal 

production exceeds 3 billion tons in all scenarios. The decrease in cereal production 

compared to the reference scenario is 1% to 8% across scenarios. Also, the number of 

people at risk of hunger is expected to rise by between 10% and 60% as compared to a 

no climate change situation.  

Parry et al. (1999) also project slightly damaging climate change impacts for 

2080. Under four HadCM2 scenarios from UKMO, climate change entails a decrease in 

cereal production by around 2.1% by 2080 compared to the reference scenario. This 

leads to price increases of up to 17% and an increase by 36% in the number of people 

at risk of hunger (about 90 million additional people) compared to a scenario with no 

climate change. When considering the HadCM3 scenario, the effect of climate change 

is larger. Cereal production is expected to decrease by 4% and prices increase by up to 

45% by 2080 leading to an extra 125 million people at risk of hunger (compared to a 

scenario of no climate change). The study also reveals discrepancies across regions. 

The largest yield losses occur in developing regions under the HadCM2 scenarios and 

result in a large increase in the number of people at risk of hunger. By contrast, 

developed regions are expected to benefit from climate change. Consequently, the 

economic gap between developed and developing regions is expected to widen during 

the 21
st
 century.  

In Parry et al. (2004), socio-economic impacts differ across scenarios. Also, 

under all scenarios, the effects of climate change on crop yield are different in 

developed countries, which experience crop yield increases, and developing countries, 

which experience crop yield decreases. However, under a scenario of accentuated 

world globalisation, crop yield reductions are greater than under a scenario with greater 

regionalisation. As compared to no climate change projections, global cereal 

production under the four different socio-economic scenarios and two climate change 

scenarios are expected to decrease by between 5% and 10% without a direct CO2 effect. 

The difference between projections under climate change and reference scenarios is 

reduced by two-thirds when accounting for the direct effect of CO2. However, 

production increase in developed countries is projected to offset production decrease in 

developing countries. Yet, by 2080, prices are expected to increase by between 8% and 

20% compared to a no climate change case when accounting for the direct effect of 

CO2. The effect on the risk of hunger is optimistic under most scenarios. The number of 

people at risk of hunger declines by 10 to 30 million compared to a no climate change 
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situation when accounting for the direct CO2 effect. However, a large increase in the 

number of people at risk of hunger is expected in the poorer regions where population 

is expected to increase. 

Darwin et al. (1995) also conduct a global impact assessment of climate change 

on production and trade. The study is based on the Future Agricultural Resources 

Model (FARM) which incorporates a CGE model representing trade between eight 

regions and four agricultural commodities and nine other economic commodities which 

are traded internationally. FARM is also composed of a geographic information system 

(GIS) categorizing agricultural land into six classes depending on the length of the 

growing season. The authors reveal that half of earth‟s land is characterized by very 

limited crop production possibilities. The GIS is used to model the effect of 

temperature and precipitation changes on land repartition across classes and water 

supplies. The CGE model translates changes in production possibilities into changes in 

supply, trade and consumption. The study considers four warmer and wetter climate 

change scenarios assuming a doubling of CO2 concentration: OSU (+2.8°C and +8% 

precipitation), GFDL (+4.0° and +8% precipitation), GISS (+4.2°C and +11% 

precipitation) and UKMO (+5.2°C and +15% precipitation). The authors first estimate 

the impact of climate change on cereal „supply‟ defined as the quantity offered at 1990 

prices. When farm level adaptations are not considered, world cereal supply is expected 

to decrease by between 18.8% under the milder OSU scenario and 29.6% under the 

harsher UKMO scenario (compared to 1990 supply).  

Darwin et al. (1995) also consider the impact of climate change on „production‟, 

defined as the quantity of cereal offered and bought at new market prices. Under the 

assumption that the supply of land is fixed, global cereal production is estimated to 

decrease slightly under the OSU (-0.5%), GFDL (-0.6%) and UKMO (-0.2%) scenarios 

and rise slightly under the GISS (+0.2%) scenario (compared to 1990 production). 

Cline (2007) questions Darwin et al.‟s (1995) production estimations and point out that 

they ignore consumer surplus losses. Cline (2007) argues that climate change induced 

yield reductions will increase prices and thus increase production, which will keep 

producer net revenue stable but hurt consumers.  

Darwin et al. (1995) estimate mildly negative climate change impacts on GDP: 

they expect a neutral or detrimental effect under all scenarios when assuming that land 

use expansion is restricted. Impact estimates range from -0.35% under the harsher 

UKMO scenario to zero under the milder OSU scenario (as compared to 1990). 
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Economic impacts vary across regions. Southeast Asia‟s GDP is expected to decrease 

under all scenarios, by as much as 2.6% under the UKMO scenario. Conversely, 

Canada is expected to experience the largest gains from climate change. GDP in this 

nation is expected to increase by between 1.6% under the OSU scenario to 2.4% under 

the UKMO scenario. The expected impact on the USA is less certain: the authors 

predict GDP increases of 0.1% and 0% under the GISS and UKMO scenarios 

respectively and decreases of 0.1% to 0.2% under the OSU and GFDL respectively.  

Discrepancies in results depending on the climate scenario employed is also 

observed by Adams et al. (1990). Focusing solely on the US, Adams et al. (1990) use 

an existent economic model to consider individual behavioural responses to climate 

change. This model simulates the impact on agricultural output, consumer and producer 

welfare, trade, food processing and agricultural prices as affected by agricultural 

demand, input prices and availability. The model also accounts for adjustments in water 

requirements, irrigation availability and crop substitutability. Under the GFDL scenario 

(+5.09°C and +0.09mm per day of rainfall), annual aggregate producer and consumer 

surpluses decrease by 10.8%, or US$10.33 billion (in 1982 dollars) as compared to the 

1981-1983 base period. A gain of about the same amount (US$10.89 billion), 

representing an increase of 11.4%, is predicted under the GISS scenario (+4.32°C and 

+0.02mm per day of rainfall). Consumer surplus plays a major role in the extent of 

climate change impacts as it drops by US$13.89 billion under the GFDL scenario and 

rises by US$9.3 billion under the GFDL scenario. However, producer surplus increases 

in both scenarios (+US$1.59 billion under the GISS scenario and + US$3.55 billion 

under the GFDL scenario).  

A more recent global assessment is conducted by Mendelsohn and Williams 

(2004). These authors also conclude that the expected economic impact of climate 

change depends on the climate scenarios used. The study uses a Global Impact Model 

(GIM) from Mendelsohn et al. (2000), which models the agriculture, forestry, energy, 

water, and coastal sectors. The study is based on econometric cross-sectional studies 

covering wide areas and also controlled experiments to examine the precise effect of 

weather and CO2 on crops. The study considers five warmer and wetter climate 

scenarios for 2100 accounting for different CO2 increases. Under a milder scenario 

(CSIRO), which predicts a temperature increase of 4.6°C and an increase in 

precipitation of 5.1%, and the experimental approach, the authors predict a global loss 

of US$159.6 billion in 2100. In relative terms, the effect represents a decrease of only 
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0.08% of GDP. When using a warmer scenario (CCC, +7.1°C and +4.8% in 

precipitation), the aggregated market loss represents US$494.6 billion, about 0.24% of 

world GDP. However, when using the cross-sectional approach, the authors‟ results are 

less dramatic. Under the CSIRO scenario, there is no change in global GDP and GDP 

falls by 0.05% under the CCC scenario. However, in all approaches northern regions 

benefit from climate change and tropical regions suffer large negative effects. For 

instance, the impact of climate change on the USSR and Eastern Europe (EE) is 

expected to be positive under all five scenarios across the two approaches considered. 

The net result ranges from +US$153.6 billion to +US$181.3 billion by 2100 in the 

experimental approach and from +US$16.6 billion to +US$42.4 billion in the cross-

section approach. Alternatively, the impact on Asia is expected to be negative in all 

cases, with losses ranging from US$103.4 billion to US$365.7 billion by 2100 in the 

experimental approach and US$22.6 billion to US$72.7 billion in the cross-section 

approach. Put differently, as noted by Parry et al. (2004), the global impact is found to 

be marginal as the loss in some regions is offset by gains in other regions. 

 

Limitations 

One of the weaknesses of general equilibrium models is the calibration of the economic 

model. Typically, CGE models are assigned to fit production data for a single year and 

some parameters are „guesstimated‟. Another shortcoming relates to the imprecise 

representation of the different economic sectors in countries considered. That is, as 

CGE models include all sectors, the sectoral detail of production function is often less 

sophisticated than in partial equation models. 

Choices regarding crops considered as input in the CGE model also have large 

influences on results. The omission of important crops can significantly bias the results. 

For instance, Parry et al. (2004) recognise ignoring important food crops or livestock in 

their world food supply assessment. The consideration of only crops highly sensitive to 

weather conditions (e.g. wheat and maize) constitutes another form of selection bias. 

The global impact analyses that focus only on those crops are likely biased in favour of 

predicting revenue losses. The consideration of less sensitive crops, such as irrigated 

crops adapted to warmer climates, would mitigate these results by allowing potential 

gains induced by climate warming to be represented.  
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2.3.3. Summary of economic climate change impacts 

Climate change economic assessments are based on crop yields estimates as affected by 

climate change scenarios. Therefore, in addition to uncertainties associated with crop 

yield projections, economic impact studies include uncertainties regarding future socio-

economic factors. Many studies make several assumptions regarding economic, 

demographic and social developments. The large variety of climate and socio-economic 

predictions underlying climate change assessments leads to a wide range of potential 

economic impacts. 

As summarized in Table 2.2, the climate change assessments reviewed mainly 

predict negative economic impacts. However, there is a wide range of estimates. 

Welfare impacts studies show different impacts depending on the countries considered 

but at the global level, impacts range from -11% to +11%. Impacts on production are 

mainly negative. At the producer level, impacts on producer surplus are diverse: they 

range from -49% to +69%. Net revenues are generally negatively affected by climate 

change and are predicted to decrease by as much as 240%. 

The studies listed in Table 2.2 also show that some regions are likely to be more 

affected than others by climate change. Cold regions, such as Canada, are expected to 

benefit from climate change. On the other hand, Africa is expected to suffer large 

losses. 



48 

 

 

 

Table 2.2. Estimated economic impacts of climate change 

Studies Model 
Climate  

model 

Precipitation 

projection 

Temperature 

projection 
Output Area Economic impact 

Adams et al. 

(1990) 

General 

equilibrium 

GFDL +0.09mm/day +5.09°C 
Producer 

and 

consumer 

surpluses 

World 
-11% 

GISS +0.2mm/day +4.32°C +11% 

Tobey et al. 

(1992) 

Partial 

equilibrium 

Yield scenario :-50% USA, Canada, EC; 

no change in the rest of the world 

Welfare 

(changes in 

consumer 

surplus, 

producer 
surplus, and 

government 

revenues) 

USA, Canada, EC -16% 

USSR, northern Europe, China, Japan, 

Australia, Argentina and Brazil 
+9.6% 

World -3.1% 

Yield scenario :-10% USA, Canada, EC;  

+25% in USSR, Northern Europe, China, 

Japan, Australia, Argentina, and Brazil;  
no change in other countries. 

USA, Canada, EC -0.3% 

USSR, northern Europe, China, Japan, 

Australia, Argentina and Brazil 
+9% 

World +1.5% 

Reilly and 

Hohmann 

(1993) 

Partial 

equilibrium 

Yield scenario :-50% USA, Canada, EC; 

no change in the rest of the world 

Welfare   

(changes in 

consumer 
surplus, 

producer 

surplus, and 

government 

revenues) 

USA, Canada, EC -US$19 billion (1989 $) 

USSR, northern Europe, China, Japan, 

Australia, Argentina and Brazil 
-US$6 billion (1989 $) 

World -US$31 billion (1989 $) 

Yield scenario :-10% USA, Canada, EC;  
+25% in former Soviet Union, northern 

Europe, China, Japan, Australia, Argentina, 

Brazil;  

no change in the rest of the world 

USA, Canada and EC +US$2 billion (1989 $) 

USSR, northern Europe, China, Japan, 

Australia, Argentina and Brazil 
+US$9 billion (1989 $) 

World +US$16 billion (1989 $) 

Rosenzweig 

and Parry 

(1994) 

General 

equilibrium 

GFDL +8% +4.0°C 
Grain 

production 
World 

-1% to -11% 

GISS +11% +4.2°C -1% to -11% 

UKMO +15% +5.2°C -8% to -20% 

Mendelsohn et 

al. (1994) 

Ricardian 

analysis 
 +8% +2.8°C Land values USA 

-US$141 billion to +US$35 

billion  (1982 $) 

Darwin et al. 

(1995) 

General 

equilibrium 

OSU +8% +2.8°C 

Cereal 

production 
World 

-0.5% 

GFDL +8% +4.0°C -0.6% 

GISS +11% +4.2°C -0.2% 

UKMO +15% +5.2°C +0.2% 

(continued)
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Table 2.2. Estimated economic impacts of climate change (continued) 

Studies Model 
Climate  

model 

Precipitation 

projection 

Temperature 

projection 
Output Area Economic impact 

Kumar and Parikh 

(1998) 
Ricardian analysis 

 +7% +2.0°C 
Net revenues India 

-8.7% 

  +1.0°C -3.2% 

Sanghi et al. (1998) Ricardian analysis 
 +7% +2.0°C 

Net revenues India 
-12% 

  +1.0°C -8.8% 

Yates and Strzepek 

(1998) 

Partial 

equilibrium 

GFDL +8% +4.0°C 
Consumer surplus 

Egypt 

-4.5% to -1.6% 

Producer surplus -15% 

UKMO +15% +5.2°C 
Consumer surplus -15% to -9% 

Producer surplus +55% to +69% 

GISS +6% +2.5°C 
Consumer surplus +4.9% to +6.5% 

Producer surplus -49% to -44% 

Parry et al. (1999) 
General 

equilibrium 
UKMO 

+4.5% +3.1°C 
Cereal production World 

-2.1% 

+3.2% +3.0°C -4% 

Reinsborough (2003) Ricardian analysis  +8% +2.8°C Land values Canada +CDN$1 million to +CDN$1.5 million (1995 $) 

Mendelsohn and 

Williams (2004) 

General 

equilibrium 

CSIRO +5.1% +4.6°C 
GDP World 

-0.08% to 0%  

CCC +4.8% +7.1°C -0.24% to -0.05%  

Parry et al. (2004) 
General 

equilibrium 
UKMO +15% +5.2°C Cereal production  -10% to -1.6% 

Butt et al. (2005) 

 

Partial 

equilibrium 

UKMO 
+0.03mm to 

+0.11mm/day 

+1.1°C to 

+2.2°C 

Consumer surplus 

Mali 

-29% 

Producer surplus +14% 

Foreign surplus -59 

Total surplus -5% 

CCC 
-0.02mm to 

+0.16mm/day 

+1.9°C to 

+2.7°C 

Consumer surplus -45% 

Producer surplus +15% 

Foreign surplus +11% 

Total surplus -11% 

Schlenker et al.’s (2005) Ricardian analysis  +8% +2.8°C 
Land values 

USA 
-US$259 billion to +US$33 billion (1982 $) 

Net revenues -US$5 billion and -US$5.3 billion (1982 $) 

(continued)
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Table 2.2. Estimated economic impacts of climate change (continued) 

Studies Model 
Climate  

model 

Precipitation 

projection 

Temperature 

projection 
Output Area Economic impact 

Maddison et al. 

(2006) 
Ricardian analysis UKMO 

-75% to 

+300% 
+1.1°C 

Perceived land 

values 

11 African 

countries 
-1.3% to -30.5% 

Kurukulasuriya and 

Mendelsohn (2006b) 
Ricardian analysis 

  +2.5°C 

Net revenues 
11 African 

countries 

-11% 

  +5.0°C -21% 

 -7%  -4% 

 -14%  -8% 

CCC -18% +6.7°C -34% 

CCSR -21% +4.1°C -19% 

PCM +4% +2.5°C +68% 

Mano and 

Nhemachena (2006) 
Ricardian analysis 

  +2.5°C 

Net revenues Zimbabwe 

-31% 

  +5.0°C -36% 

 -7%  -27% 

 -14%  -28% 

CCC -9% +3.7°C -70% 

UKMO -18% +4.5°C -109% 

PCM -20% +1.9°C -119% 

Haim et al.’s (2008) Partial equilibrium UKMO 

-28% +3.4°C Wheat farm net 

revenue 
Southern Israel 

-43% 

-43% +4.5°C -145%. 

-1% +2.9°C Cotton farm net 

revenue 
Northern Israel 

-173% 

-42% +4.6°C -240% 

Deschênes and 

Greenstone (2007) 
Ricardian analysis  +8% +2.8°C 

Land values 
USA 

-US$75 billion to  

-US$17 billion (2002 $) 

Net revenues +US$0.69 billion (2002 $) 

Deressa and Hassan 

(2009) 
Ricardian analysis 

CCC -35% +8.0°C 
Net revenues Ethiopia 

-130% 

PCM +12% +5.0°C -103% 
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2.4. Climate change adaptations 

Many climate change studies predict an adverse impact of climate change on farm 

outcomes. However, farmers‟ adaptation strategies are likely to alleviate the potentially 

damaging effect of global warming. Smit et al. (2000) review several adaptation 

definitions. These definitions imply that adaption refers to any societal or structural 

adjustment aimed at reducing the adverse effect of climate change. According to IPCC 

(2001a; p.6) “adaptation has the potential to reduce adverse impacts of climate change and to 

enhance beneficial impacts, but will incur costs and will not prevent all damages”. 

Adaptation measures are commonly categorized according to their level of 

implementation. Farm level adaptations consist of changes in crop selection agronomic 

practices undertaken by farmers. Regional, national and international adaptations involve 

trade adjustments and modifications to public policies led by government or institutions. 

 

2.4.1. Farm level adaptations 

Farm level adaptations are direct adaptive reactions to climate change. Some studies do not 

take into account farmers‟ ability to adapt their production patterns to changing climatic, 

economic or institutional environments. Mendelsohn et al. (1994) refer to this bias as the 

„dumb farmer scenario‟. According to these authors, farmers‟ inertia as production 

conditions change causes many studies to overestimate the impact of climate change. 

Farmers can adapt to climate change by modifying (i) the set of crops planted and (ii) their 

agronomic practices. 

 

2.4.1.1. Crop selection 

In many studies, famers‟ choices regarding crop selection are unaffected by climate 

change. Studies that assume that the set of crops under cultivation remain unchanged in the 

future, even if climate change entails reduced yields, are likely to overestimate damages or 

underestimate benefits. Yet, it is widely acknowledged that climate change impacts can be 

lessened by the adoption of more suitable crops. Indeed, to maximize their profits, farmers 

are expected to choose the set of crops planted that best suit the contemporaneous climate. 
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Farmers can alter crop mix either by selecting better suited varieties of the current set of 

crops or by growing different crops.  

 

Cultivar selection 

Different crop hybrids and cultivars can be used to achieve higher yields under changed 

climate conditions. Cultivar properties likely to be relevant in a warming climate include: 

late maturing, heat resistant and pest and disease tolerant. The introduction of high yield 

late-maturing hybrid varieties can be considered when a lengthening of the growing season 

is expected. Corobov‟s (2002) Moldova study considers the inclusion of late-maturing 

maize hybrids and finds that this adaptation measure greatly increases projected maize 

yields under three climate change scenarios. When using late-maturing hybrids, the authors 

predict an increase in maize yields from 20% to 26% by 2050 across scenarios compared 

to the 1961-1990 base period. Without this adaptation, maize yields are predicted to 

increase only from 1% to 6% by 2050. Additionally, Alexandrov and Hoogenboom (2000) 

estimate that using a variety with a very short vegetative cycle in South-eastern USA 

allows an increase in maize yields. Yields from the new maize cultivar are almost twice as 

large as those obtained with a long cycle variety.  

Cuculeanu et al. (1999) analyse plant heat requirements by considering three maize 

hybrids in Romania. Under base climate conditions (1961 to 1990), the three maize hybrids 

give higher yields (ranging from 8.2 tons per Ha to 10.4 tons per Ha) than the standard 

maize variety (5.1 ton per Ha). However, when considering warmer climate change 

scenarios, the change in maize variety is not necessarily beneficial. For instance, a low heat 

requiring hybrid gives a lower increase in maize yields (7.2 tons per Ha under the CCC 

scenario and 8.6 tons per Ha under the GISS scenarios) than the standard maize variety 

(7.5 tons per Ha under the CCC scenario and 9 tons per Ha under the GISS scenarios). The 

warmth requiring hybrid yields 9.6 tons per Ha under the CCC scenario and 11.2 tons per 

Ha under the GISS scenarios.  

Butt et al. (2005) also confirm that the adoption of heat resistant crop varieties 

plays an important role in the response of crop yields to climate change. They show that 

with sorghum, millet, cotton, maize, cowpeas, and rice heat resistant varieties, projected 

crop yield losses for 2030 are considerably lower than with standard crop varieties. For 
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instance, under the most damaging climate scenario (CCC), heat resistant cowpeas yields 

are only reduced by 3.9% instead of 12.2% for the standard cowpeas variety. When 

considering cotton, for which temperature increases and precipitation decreases are 

beneficial, the inclusion of a heat resistant variety also improves yields. Under the CCC 

scenario, heat-resistant cotton yields are expected to increase by 9.6% whereas standard 

cotton yields are expected to increase by 3.5%. In terms of economic impacts, Butt et al.  

(2005) find that the implementation of heat-resistant cultivars reduces Malian welfare 

losses by 33% under the HADCM scenario and by 29% under the CGCM scenario. 

 

Crop switching 

A more drastic adaptation measure consists of completely changing the crop mix. In this 

case, farmers adopt new crops that are better suited to new climate conditions. A small 

number of studies analysing this adaptation measure include Kurukulasuriya and 

Mendelsohn (2006a) and Seo and Mendelsohn (2008a). Using cross-sectional data for 11 

African countries and seven South American countries, respectively, Kurukulasuriya and 

Mendelsohn (2006a) and Seo and Mendelsohn (2008a) apply multinomial choice models to 

determine the influence of climate on farmers‟ crop planting decisions among seven of the 

most popular crops. They find that both precipitation and temperature have a significant 

impact on crop choice and that farmers currently favour crops adapted to local climates. 

For instance, Kurukulasuriya and Mendelsohn (2006a) establish that farmers choose millet 

and groundnut in dry and hot regions of Africa and maize and beans in wet and moderately 

warm regions. Consequently, farmers are expected to change crop mixes in response to 

climate change to maximise profits. Seo and Mendelsohn‟s (2008a) climate change impact 

assessment is based on three climate scenarios, two dryer and hotter (CCC and CCSR) and 

one mildly warmer and wetter (PCM) for the years 2020, 2060, and 2100. The authors 

establish that, by 2020, under the CCC and CCSR scenarios, farmers prefer warm climate 

adapted crops such as squash, fruits and vegetables. Under the PCM scenario, farmers 

favour crops adapted to cool and average temperature climate such as potatoes and maize. 

The authors find that these preferences are strengthened over time. However, the estimated 

impact is likely to be biased as price effects are not accounted for.  
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Darwin et al. (1995) account for price effects using a general equilibrium model. In 

their global assessment, the authors estimate that changes in crop mix and primary factor 

inputs greatly reduce the effect of climate change. When there is no adaptation, the authors 

expect world cereal supply to decrease by 18.8% under a soft climatic scenario (OSU) and 

by 29.6% under a severe scenario (UKMO). However, when taking into account farm level 

adaptations, supply changes are expected to range from -3.9% under the OSU scenario to 

-6.4% under the UKMO scenario. These results suggest that around 80% of the world 

cereal supply decrease induced by climate change can be avoided by switching crops and 

adjusting inputs. However, Cline (2007) doubts the adaptation estimates of Darwin et al. 

(1995) and more particularly criticises the lack of explicit equations representing 

adaptation strategies. 

Crop switching strategies initiated by farmers induce spatial crop shifts. One spatial 

crop switch strategy is moving crop production to areas where the climate is more suitable. 

Changes in agricultural frontiers are observable at the regional level. For instance, Butt et 

al. (2005) expect a migration of growing patterns toward the south of Mali as the climate 

changes. By including this type of adaptation, the authors expect a recovery of 33% of the 

projected total welfare losses expected without adaptation under a UKMO scenario and 

34% under the CCC scenario. Alternatively, spatial crop shifts can also be represented by 

an expansion in agricultural frontiers toward newly suitable land. Darwin et al. (1995) 

estimate an increase in world crop land ranging from 7.1% under the softer scenario (OSU) 

to 14.8% under the more severe scenario (UKMO). Land expansion enables a production 

increase of 0.2% (compared to the fixed land use case) under the OSU scenario to 1.2% 

under the UKMO scenario.  

 

Limitations to crop selection strategies 

Crop mix changes are a sensible adaptive strategy for farmers. Crop switching can also 

allow a diversification in crops cultivated, which can reduce farmers‟ vulnerability to 

climate change (Smith and Lenhart, 1996). However, production choices made by farmers 

are not always based on yield optimality but rather on consumer preferences. As stated by 

Chipanshi et al. (2003, p.341), “producers accustomed to eating maize would rather grow 

maize than sorghum, even where there is evidence that sorghum is the ideal crop”. 
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Crop choice also depends on farmers‟ risk aversion (i.e. farmers‟ willingness to 

plant higher yielding but riskier crops). For instance, when considering a risk-averse 

situation, Kaiser et al. (1993) expect farmers to substitute toward crops with lower yield 

variance and therefore obtain lower net revenues than if they were risk neutral. 

Additionally, crop switching might not be profitable if there are crop-specific 

capital investments. Kurukulasuriya and Rosenthal (2003) highlight the importance of 

knowledge and skill investments. New cropping skills represent a barrier to adaptation. 

Furthermore, information about potential options is not necessarily easily accessible. 

According to Kabubo-Mariara and Karanja (2006), the lack of knowledge regarding 

adaptation opportunities is a non-adaption reason for 19% of Kenyan farmers. Finally, 

spatial crop shifts via land expansion can have other adverse effects. For instance, Darwin 

et al. (1995) note that it could exacerbate the loss of tropical rain forests. 

 

2.4.1.2. Crop management 

Farmers can modify cultivation methods to increase crop productivity and thus lessen the 

effect of climate change. The most commonly studied practices concern fertilizer 

application, crop timing and water management. 

 

Fertilization 

Fertilization is a common agricultural practice used to avoid soil nutrient depletion and 

maintain or increase crop yield. Yield reductions caused by climate change could thus be 

compensated by additional fertilizer application. Efficient use of fertilizers is shown to be 

environmentally effective (IPCC, 2007b). Under experimental conditions in Romania, 

Cuculeanu et al. (1999) compare three levels of nitrogen application. Keeping all the other 

agronomic conditions constant, the authors estimate that an increase in fertilization 

enhances maize yields. Under the baseline climate condition (1961-1990), yields range 

from 10.6 tons per Ha under a nitrogen stress (nitrogen deficiency in a plant) of 50% to 

13.5 tons per Ha under a nitrogen stress of 10%. The increase in nitrogen application 

appears to be beneficial only under certain changed climate conditions. Under the GISS 

scenario, yields are expected to increase by 1% under a nitrogen stress of 50% and by 7% 

under a nitrogen stress of 10%. However, under a harsher climate change scenario (CCC), 
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maize yields are expected to decrease by 10% under a nitrogen stress of 50% and by 18% 

under a nitrogen stress of 10%. Haim et al.‟s (2008) experiment in Israel also indicate that 

there is a negative effect when the amount of fertilization is excessive under a severe 

climate change scenario. The authors estimate that the decline in wheat yields by around 

30% forecast for 2070-2100 when no nitrogen is applied reaches nearly 60% when the 

maximum level of nitrogen (150 Kg per Ha) is applied. Under a moderate climate change 

scenario, yields increase by 10% when the maximum amount of nitrogen is applied. Wheat 

yields are predicted to decline with any other amount of fertilizer applied. Outcomes for 

farm revenues are similar. Farm revenue decreases by around 150% when no nitrogen is 

applied and by about 275% when maximum nitrogen is applied under the severe scenario. 

Under a moderate scenario, farm revenue decreases by about 40% when no nitrogen is 

applied and increases by about 30% when maximum nitrogen is applied under the severe 

scenario. 

 

Timing of cultural operations  

Timing of cultural operations, such as planting and harvesting dates, can be modified to 

lengthen the cultural season under climate changed conditions. The extension of the 

growing season is expected to increase crop yields. In a Ricardian analysis, Molua (2002) 

estimate the effect of changes in planting and harvesting dates on farm net revenues in 

south-western Cameroon. The author finds that farmers adopting such adaptation measures 

have higher farm returns. In a crop yield study considering south-eastern USA, Alexandrov 

and Hoogenboom (2000) estimate the effect of different planting dates when temperatures 

increase. They find that the sowing date of maize in Athens (Georgia) should be advanced 

by at least 30 days as compared to 1961-1990 to reduce yield losses caused by rising 

temperature. Haim et al. (2008) also find that early seeding helps reduce the damaging 

affect of climate change. The authors consider seeding cotton two weeks earlier than usual 

in northern Israel under two climate change scenarios. They find that, under a moderate 

scenario, yields are expected to decrease by about 25% with early seeding, which is much 

less than the loss expected without adaptation (40%). Under a more severe scenario, cotton 

yields with earlier sowing decrease by about 40% compared to about 50% when no 

adaptation are considered. In terms of net revenues, the losses are comparatively reduced 
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but this sole adaptation measure is not sufficient to render cotton cropping sustainable. Net 

revenues are still expected to decrease by 115% and 200% under the moderate and severe 

scenarios compared to the base period. Alternatively, Cuculeanu et al. (1999) estimate that 

maize yields in Romania will increase if planting is delayed. Under the CCC and GISS 

climate change scenarios, maize yields are expected to decrease by 0.6 tons per Ha and 0.7 

tons per Ha if seeding occurs 10 days later than normal. The three early planting dates 

considered under both scenarios produced lower yields compared to the current planting 

date. 

 

Irrigation 

Irrigation systems greatly alter the impact of climate change on crop growth as they 

compensate for potential rainfall decreases. IPCC (2007b) find this adaptation measure to 

be environmentally effective when used efficiently. Using a structural Ricardian analysis, 

Kabubo-Mariara and Karanja (2006) and Gbetibouo and Hassan (2005) investigate the 

influence of irrigation on African farmers‟ net revenues using cross-sectional data. 

Kabubo-Mariara and Karanja (2006) focus on Kenyan farmers while Gbetibouo and 

Hassan (2005) consider South African farmers. Both studies find positive and significant 

irrigation impacts on farmers‟ net revenues. The authors are not explicit about the precise 

impact of irrigation but conclude that it is an important adaptation measure.  

Other studies, such as Kurukulasuriya and Mendelsohn (2006b) and Mano and 

Nhemachena (2006), estimate the effect of climate change on dry land and irrigated land 

separately. The effect of irrigation is determined by comparing dry land and irrigated land 

estimates. Mano and Nhemachena (2006) find that climate change impacts on Zimbabwean 

farmers‟ net revenues are generally more damaging on dry land than on irrigated land. For 

2.5°C and 5°C temperature rises, irrigated land revenues are expected to change 

respectively by 3% and -1%, whereas dry land revenues are expected to decrease by 17% 

and 21% in the two scenarios. Climate drying is damaging for both types of land. Irrigated 

land revenues are expected to decrease by 2% when rainfall decreases. Net revenue losses 

for dry land range from 16% to 22%. Understandably, precipitation decreases have smaller 

impacts when irrigation is available.  
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When considering a larger number of African countries, Kurukulasuriya and 

Mendelsohn‟s (2006b) expected climate change impact on net revenues is comparable to 

Mano and Nhemachena‟s (2006) estimate. Considering similar temperature increases, 

Kurukulasuriya and Mendelsohn‟s (2006b) forecast climate change induced revenue 

increases ranging from 9% to 23% for farmers using irrigation, against losses ranging from 

16% to 30% for dry land farmers. Precipitation decreases have a negative impact on 

farmers‟ net revenues on both irrigated land, where land net revenues decrease by between 

1.4% and 2.7% and to a larger extent, on dry land, where land net revenues decrease by 

between 6% and 11%. Using GCMs climate predictions for 2100, the effect of irrigation is 

uncertain. Under a hotter scenario (CCC), irrigated land net revenues are expected to rise 

by 26% whereas dry land net revenues are expected to decline by 44%. Under a wet 

scenario (PCM), farmers‟ net revenues are expected to increase more on dry land (63%) 

than on irrigated land (51%). However, under a dryer scenario (CCSR), farmers‟ revenues 

are forecast to decline by roughly the same amount on irrigated land (36%) and dry land 

(40%).  

Deressa et al. (2005) also conclude that irrigation is not an efficient adaptation 

strategy. Using time series data on South African sugarcane producers, Deressa et al. 

(2005) estimate that net revenues are negatively affected under a warmer and wetter 

climate scenario. Irrigation does not seem to play an important role as net revenues are 

expected to decrease by 27% on dry land and by 26% on irrigated land. Alternatively, 

Reilly et al. (2001) find more limited crop yield gains on US irrigated land than on dry 

land when accounting for farm level adaptation. Maize yields, for instance, are expected to 

increase by between 3% and 24% on dry land and between 0 and 9% on irrigated land. 

However, both climate scenarios (UKMO and CCC) employed by the authors predict an 

increase in precipitation. For some crops, the increase in water supply appears sufficient to 

achieve higher yields on dry land. For other crops, such as cotton, yield changes are larger 

on irrigated land than on dry land.  

 

Limitations to crop management strategies 

Overall, irrigation adaptation studies indicate that irrigation reduces farmers‟ vulnerability 

to climate change. However, net revenues from irrigated lands are not necessarily predicted 
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to increase. Costs associated with changes in agronomic practices represent a major barrier 

to adaptation. For instance, Kabubo-Mariara and Karanja (2006) show that 60% of the 

Kenyan households surveyed could not adapt because of financial constraints.  

Additionally, changes in farming practices can meet other constraints. For instance, 

altering planting dates can conflict with other crop planting (Alexandrov and 

Hoogenboom, 2000) or irrigation possibilities can be hindered by water availability 

(Easterling, 1996). Other important modifications of agronomic practices, such as changes 

in land preparation and better weed control, can enhance crop productivity and thus alter 

the impact of climate change. However, they are less commonly analysed in climate 

change impact assessments. 

 

2.4.1.3. Multiple adaptation measures 

The combination of different farm level adaptation measures is likely to increase the 

benefit or reduce damages from climate change on crop productivity by greater amounts 

than when a single measure is implemented. Some studies consider a set of adaptation 

measures and do not single out the exact impact of each measure. For instance, 

Rosenzweig and Parry (1994) consider two farm level adaptations. Minor level adaptations 

include changing sowing dates, increasing irrigation levels and the use of more suitable 

varieties already available. Major level adaptations involve a greater shift in planting dates, 

new irrigation systems, increasing fertilization and development of new cultivars. The 

three GCMs used by Rosenzweig and Parry (1994) to assess the impact of climate change 

project an increase in both temperature and precipitation. When there are no adaptations, 

the authors predict a decrease in cereal production by 2060 under all scenarios compared to 

the no climate change reference. With minor adaptations, average world cereal production 

in 2060 is unchanged compared to the reference case under the GISS scenario. Under a 

warmer and wetter scenario (UKMO), production decreases by 5% relative to the reference 

case. When considering major adaptation measures, climate change becomes beneficial 

under the GISS scenario: cereal production increases by 1%. Under the UKMO scenario, 

there is a 2.5% decline in cereal production. The impact of climate changes on cereal 

production in 2060 is always negative in developing countries even when accounting for 

adaptations. On the contrary, it is always positive in developed countries, except under the 
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UKMO scenario. The higher the level of adaptation, the larger the positive impact for 

developed countries and the smaller the negative impact for developing countries. 

When accounting for the same major adaptations as Rosenzweig and Parry (1994), 

yield losses simulated for seven crops considered by Yates and Strzepek (1998) in Egypt 

are at least halved under all three climate scenarios considered. Smaller yield declines 

result in softer economic impacts under both optimistic and pessimistic socio-economic 

scenarios. The producer surplus increase in 2060 under the UKMO scenario is significantly 

lower when there are adaptations (+8.2% under the pessimistic scenario and +6.8% under 

the optimistic scenario) than when adaptations are not considered (+69% under the 

pessimistic scenario and +55% under the optimistic scenario). Under the two other 

scenarios, GFDL and GISS, where the producer surplus is expected to decrease, adaptation 

measures amplify the losses but only slightly under the GISS scenario. Alternatively, 

adaptations improve consumer surplus under the three scenarios. Surplus losses under the 

GFDL and UKMO scenarios are greatly reduced by adaptations. The consumer surplus 

increase under the GISS scenario rises by two percentage points under the optimistic 

scenario and double under the pessimistic scenario. In terms of trade, the authors predict a 

lower increase in the trade deficit when adaptations are considered under both optimistic 

and pessimistic scenarios. Under the GISS optimistic scenario, the trade deficit decreases 

by 15% when adaptations are accounted for. 

When accounting for adaptations, such as irrigation, better cultivars or crop 

switching, Reilly et al.‟s (2001) US assessment of climate change on 21 crop yields 

forecasts an increase in dry land yields for all crops by 2090 under a UKMO scenario. 

Under a CCC scenario, only hay yields are expected to decrease (by 1%) with adaptation. 

The largest yield improvement due to adaptations is observed for barley. The change in 

barley yields from 2000 to 2090 without adaptations is estimated to be +25% whereas the 

change is +133% with adaptations. 

 

Limitations to multiple adaptation strategies 

Selecting different crops and changing agronomic practices can reduce the impact of 

climate change. However, many constraints reduce farmers‟ ability to adapt. An important 

obstacle to farm-level adaptations highlighted by Reilly et al. (2001) is the ability of 
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farmers to detect changes in climatic conditions. Particular weather events might be 

interpreted as normal climate variability and therefore it might take several years for 

farmers to change their practices and update their equipment. Furthermore, adaptation is a 

long term process. A period of 3 to 14 years is necessary to implement new crop varieties 

and the adjustment period ranges from 20 to 25 years for irrigation systems (Reilly, 1995). 

 

2.4.2. Macro level adaptations 

The impact of climate change can be modified through changes in global trade. 

Additionally, farm level adaptations can be eased by supporting regional and/or national 

policies. 

 

2.4.2.1. Trade adjustments 

Trade changes are expected to alleviate climate change impacts as lower trade barriers will 

boost agricultural production (Smith and Lenhart, 1996). Furthermore, market related 

information, such as international crop prices, are more accessible than in presence of trade 

barriers (Rosenzweig and Parry, 1994). Trade liberalization also promotes the adoption of  

better crop mixes (Lewandrowski and Brazee, 1993).  

Accounting for market and trade effects in climate change assessments has 

important implications for economic results (Reilly and Schimmelpfenning, 1999). O'Brien 

and Leichenko (2000) argue that regions are affected differently by globalization and 

climate change: some can be „double losers‟ while others can be „double winners‟. Africa, 

for instance, appears to be a „double loser‟ because of its vulnerability to climate change 

and its limited openness. More recent global assessments conducted by Mendelsohn and 

Williams (2004) and Parry et al. (2004) find that negative climate change impacts in some 

regions are offset by gains in other regions. Overall, they find that the global impact is 

marginal. 

In a global assessment, Darwin et al. (1995) estimate that allowing adjustments in 

domestic demand and international trade significantly reduces the negative impact of 

climate change on world cereal production. Under these market conditions, the authors 

approximate world cereal production to decrease by only 0.5% under a softer climate 

change scenario (OSU). Under a harsher scenario (UKMO), world cereal production is 
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expected to decrease by 0.2%. Under a model accounting for farm-level adaptation but not 

changes in equilibrium quantities, world cereal production decreases by 3.9% under the 

OSU scenario and by 6.4% under the UKMO scenario. Under those two scenarios, 

adjustment to demand and international trade reduces the climate change effect by 87% 

and 97% respectively. 

When considering a single country, Butt et al. (2005) also find that trade 

liberalization has positive effects. The authors represent trade adjustment by reducing trade 

restrictions in an economic model, thus allowing imports and exports to adapt to climate 

change induced conditions. In this model, 58% of the climate change induced welfare loss 

is recovered by 2030 in both climate change scenarios considered (UKMO and CGCM) 

compared to the 2030 baseline. Under the UKMO scenario, the number of people at risk of 

hunger is reduced by 7%. Under a more severe scenario (CCC) the reduction in the number 

of people at risk of hunger is doubled when trade adjustments are modelled. 

Trade liberalization is expected to be beneficial for agriculture, and thus help 

climate change adaptation, in some regions while other regions are likely to lose from 

globalization. O'Brien and Leichenko (2000) propose a double exposure framework to 

evaluate the joint effect of climate change and economic liberalization. For instance, the 

authors justify the need for „double perspective‟ studies for some African regions where 

globalization is growing and benefits from climate change are expected. However, the 

authors do not provide any application of the double exposure framework. 

 

2.4.2.2. Public policies 

Adaptation measures promoted through public interventions can reduce climate change 

impacts by enhancing farmers‟ adaptive capacity. These adjustments are, therefore, not 

directly observable. Among many policy frameworks underlying the implementation of 

adaptation measures, IPCC (2007b) note training, research and development (R&D) and 

financial incentives. The effects of such interventions are difficult to evaluate as they 

cannot be observed independently from other factors. However, Smit and Skinner (2002) 

observe a growing recognition of macro-level policies in adaptation studies. 

Education, which is mainly implemented by national education programs, enhances 

the „adaptive capacity‟ to cope with climate change (Yohe et al., 2003). For instance, better 
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rural population education is likely to facilitate the implementation of adaptation measures 

(Reilly and Schimmelpfenning, 1999). However, education can reduce youth inclination 

for agricultural work in favour of urban occupations (Vedwan and Rhoades, 2001). 

Technological innovations developed by governments through research 

programmes facilitate adaptation. Technological innovations relate to crop development, 

weather information systems and resource management (Smit and Skinner, 2002). R&D 

plays an important role in the development of new high tolerance crop varieties, which 

offer opportunities for farmers to adapt to climate change. Reilly and Schimmelpfenning 

(1999) note that agricultural research and crop variety development is favoured by the 

protection of intellectual property rights. It is especially important in developing countries, 

where legal systems are less developed, in order to protect return to investments. Also, 

development of information systems to predict weather and climate change can also assist 

farm adaptation. Daily and weekly weather forecasts can help farmers‟ cultural operation 

timing decisions. Long term climate change predictions also assist farmers‟ decision 

making. However, farmers‟ use of weather and climate forecasts are limited by their 

reliability and accuracy (Hu et al., 2006). Water and farm-level resource management 

innovations constitute another way to improve farmers‟ adaptive capacity. For example, as 

new rainfall patterns induced by climate change modify water availability, public agencies 

can help the development of regional scale irrigation systems or desalinization 

technologies. Governments and agri-business have a significant role in mechanical 

innovations development (Smit and Skinner, 2002).  

Government programmes constitute another macro level response to climate 

change. For example, agricultural subsidies and supports can be offered by governments to 

farmers to stabilize income or alleviate risks of income losses due to natural disasters (Smit 

and Skinner, 2002). However, farm programmes can reduce farmers‟ incentive to adapt to 

climate change. Lewandrowski and Brazee‟s (1993) analysis of US farm programmes, 

which support agricultural investments and protect farmers from revenue losses, show that 

farm programmes can be obstacles to adaptation. Additionally, crop-specific farm 

programmes discourage crop switching and diversification (Smith and Lenhart, 1996). 

Finally, irrigation subsidies in the US have artificially lowered water prices and lead to an 

overconsumption (Easterling, 1996).  
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2.5. Conclusion 

The climate change literature is vast and is continually growing. However, studies focusing 

on SSA are scarce, or limited to a few countries. Yet, as mentioned in Chapter 1, SSA‟s 

population relies on agriculture for subsistence. This study fills this gap by considering all 

SSA countries. Additionally, most studies in the analysis focus on a few crops, which 

account for a small proportion of total production, or on the agricultural sector in 

aggregate, which do allow responses to climate to differ across crops. This study addresses 

this issue by focusing on the four most commonly cultivated crops in SSA (cassava, maize, 

millet and sorghum), which occupy nearly half of the cultivated area in SSA. 

The literature review presented several methods to estimate the impact of climate 

change on agriculture. The effect of weather on crop yield is generally measured using bio-

physical or empirical techniques. The bio-physical method is appealing in the sense that it 

enables the researcher to simulate any changes in weather condition and can model 

changes in management strategies, such as irrigation or fertilization. However, this method 

requires daily data and it can only be applied to limited locations and to controlled field 

experiments. Alternatively, econometric methods allow consideration of larger regions and 

weather effect in actual context. Therefore the econometric approach is preferred in this 

analysis to estimate weather effects on crops yields. 

The literature is also interested in the economic consequences of climate change 

impacts on agriculture. Economic impact assessments are projected using the Ricardian 

technique or integrated analysis. Ricardian techniques use land values or net revenues as a 

proxy for farm productivity. However, this method relies on data with a limited time span 

and makes assumption about land rents and land prices which are not always sustainable, 

especially in developing countries. Integrated analyses (based on crop yield estimates 

produced by bio-physical models or econometric analyses) provide economic impacts 

using either partial equilibrium or general equilibrium models. While partial equilibrium 

models model the agricultural sector in more details, general equilibrium models capture 

inter-sectoral dependencies. However, both models make assumption on the economic 

model based on data for a single year. To avoid such issues, this study focuses on the 

supply function and estimates it using a long time series. However, the literature also 
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highlights the importance of market and trade effects in climate change impact 

assessments. Therefore, this study considers the effect of crop prices and export crop prices 

in a supply analysis. 

The literature review also highlighted the main estimates of the impacts of climate 

change during the 21
st
 century. A wide range of climate change impacts on agriculture are 

presented. However, given the disparity of studies and inherent assumptions, it is not easy 

to decipher biases introduced by different methods used to estimate climate change 

impacts. A meta-analysis controlling for different characteristics across studies may be 

necessary to address this shortcoming, which is beyond the scope of this study. The 

literature review also highlights that climate change impacts differ significantly depending 

on future climate and socio-economic scenarios considered. To address this issue, this 

study considers the widest range of climate change scenarios available. 

However, despite the many uncertainties and divergences of estimated impacts of 

climate change on agriculture, the literature shows that many adaptation strategies exist to 

cope with the detrimental effects of climate change. Benefits from most adaptation 

measures, either at the farm level or at the macro level, illustrate their potential to alleviate 

the impact of climate change. Furthermore, adaptation effects are enhanced when many 

adaptation strategies are jointly considered. However, the consideration of adaptive 

measures in most studies is limited by practical considerations. For instance, using bio-

physical models, it is possible to estimate the impact of weather on different crop yields, 

but it is not possible to determine switching patterns among crops. Integrated assessments 

based on yields estimates from bio-physical models have to make hypothetical 

assumptions regarding farmers‟ adaptive strategies. Regression analyses, on the other 

hand, automatically account for adaptation measures taken in the past. The downside is 

that regression-based prediction will therefore assume that farmers will adapt to future 

climate change in the same way they adapted to past climate change.  

Based on the methods, findings and caveats highlighted in the literature review of 

climate change impact on agriculture, this study propose a new analysis of crop 

productions and supply and a new set of impact predictions. 
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Chapter 3. Crop production analysis 

 

 

3.1. Introduction 

The economic formulation of the relationship between output and inputs originated in the 

19
th

 century with the contributions of Johann von Thünen and Philip Wicksteed (Mishra, 

2007). Subsequently, refined representations of production have been developed and 

numerous studies have estimated production functions empirically. Three approaches have 

emerged to measure agricultural output: (i) growth accounting models using input and 

output indices; (ii) non-parametric models using linear programming tools to calculate total 

factor productivity; and (iii) econometric models estimating production technologies 

(Zepeda, 2001). Each approach has specific data requirements and is used to address 

different issues. 

In this study, an econometric analysis is favoured in order to estimate the direct 

relationship between output and inputs. An econometrically estimated production 

technology is either based on the production function (primal approach), which relates 

directly outputs to inputs, or the cost function (dual approach), which estimates the 

relationship between costs and output (Antle and Capalbo, 1988). The primal approach is 

preferable in this study due to limited availability of price data for Sub-Saharan Africa 

(SSA). 
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The factors influencing crop production in general and in SSA in particular are 

considered in Section 3.2. Based on these determinants, Section 3.3 discusses the 

specification to be estimated, and Section 3.4 discusses data sources and characteristics. 

Section 3.5 details the econometric techniques employed to estimate the production 

function, and results are reported and discussed in Section 3.6. Section 3.7 concludes.  

 

3.2. Crop production determinants 

Traditionally, empirical studies have estimated the relationship between agricultural output 

and land, labour and capital inputs. However, several other factors also affect crop yields, 

such as weather, agronomic constraints, agricultural practices and farm characteristics. 

 

3.2.1. Traditional factors  

The production function generally relates agricultural outputs to land, labour and capital 

inputs (Oury, 1965). These factors are reviewed in the context of SSA below. 

 

3.2.1.1. Land 

Land is an essential requirement for crop production. Its function is to support and nurture 

crops by providing a medium for plant growth, supplying nutrients, regulating water and 

mitigating weather conditions (Winch, 2006). Therefore, the amount of land allocated to 

each crop has a large influence on the level of production. As exposed in Chapter 4, the 

amount of land allocated to each crop is based on farmers supply decisions. 

Like in other regions, African land productivity often differs within farms (Upton, 

1987). Farmers are expected to cultivate better soils first and then expand onto land of 

lesser quality, which implies that the marginal productivity of land is decreasing. 

 

3.2.1.2. Labour 

In Africa, 89% of cultivated land is cropped manually (IAC, 2004). Labour is thus a key 

determinant of agricultural production. In 1992, about 65% of SSA‟s population was 

involved in agriculture (FAO/AGL, 2009). As most of the labour input for African farms 
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comes from family members, the level of labour input depends on family structures, in 

addition to the number of hours worked and work efficiency (Upton, 1987). 

 Furthermore, agricultural labour input requirements vary depending on the season. 

In Africa, labour characteristics such as education, health and farming experience 

determine agricultural yields through work capacity and the quality of crop management 

practices (Upton, 1987).  

 

3.2.1.3. Capital 

Capital requirements for traditional agriculture are low (Wolman and Fournier, 1987). 

Agriculture in Africa relies mainly on non-mechanical power. Animal power is used on 

10% of cultivated land and mechanical machinery is used on only 1% of cultivated land 

(IAC, 2004). 

The level of mechanization greatly influences agricultural efficiency. As stated by 

the FAO (2000; p.177), “at the end of the twentieth century, after another 50 years of 

agricultural history, the productivity of manual farming, which is the least efficient but 

most widespread type of farming worldwide, is still about 1 000 kg of cereal equivalent per 

worker, while the net productivity of the most motorized and input-intensive farming 

system exceeds 500 000 kg”. However, mechanization requires specialized tools for each 

activity along the agricultural production process: soil preparation, planting or sowing, 

weeding, pest and disease control and harvesting (Ruttan, 2002). Consequently, 

development of mechanization in Africa is hindered by the costs of implementation and the 

complexity of use of the machines. Reliance on imported technologies that are not suitable 

for African agricultural practices, such as mixed cropping, also restrict the implementation 

of mechanization (IAC, 2004). 

 

3.2.2. Weather 

Crop production in a natural setting is dependent on weather events. Plants require a 

certain amount of water, warmth and sun to develop. However, these requirements differ 

across plants. As summarized in Table 3.1, optimum water and temperature requirements 

differ for the four crops analysed in this study. 
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Table 3.1. Crop growth conditions 

 Cassava Maize Millet Sorghum 

Growth period (days) 182 to 365 50 to 365 75 to 120 70 to 220 

Optimum temperature (°C) 25 to 30 18 to 30 32 30 

Optimum water (mm per year) 1,000 to 2,000 450 to 900 400 to 1,300 350 to 800 

Source: Winch (2006). 

 

3.2.2.1. Precipitation 

Precipitation is a key determinant of crop growth and yields in rainfed areas. Plants 

assimilate water through their roots and transpire it through small pores in their leaves 

called stomata. Water lost via transpiration has to be replaced by water available in the soil 

(soil moisture) to enable plants to grow. When soil moisture is insufficient to cover the 

plant‟s water needs, water stress occurs and plant growth is hindered (Winch, 2006). Plants 

have different water requirements depending on their physiology, phenological stage and 

the climatic zone where they are grown. As small plants have a smaller leaf surface area 

than larger plants, smaller plants transpire less and thus need less water (Cothren et al., 

2000). Some plants have particular water needs during critical growth stages (Smith, 

1920). In hot, dry, windy and sunny areas, plants transpire more, and thus have higher 

water requirements, than in cool, humid, cloudy and windless areas (Critchley and Siegert, 

1991). 

Insufficient or excessive water supply can hinder plant development. The impact of 

droughts and floods on crops yield differs across plants. Some crops resist droughts better 

than others due to their physiology. For example, cassava has long roots which allow it to 

reach moisture deeper in the soil and also limits transpiration via partial stomata closure 

and a small leaf canopy (El-Sharkawy, 2007). Other crops, such as millet and sorghum, 

resist droughts by having a short life cycle (Winch, 2006). Alternatively, some crops, such 

as cassava, are vulnerable to excessive water (IRI, 1983).  

Adequate precipitation timing is essential to fulfil water requirement at different 

growth stages (Quiring, 2010). As noted by the FAO (1986b, Chapter 2), “crop water need 

during the initial stage is estimated at 50 percent of the crop water need during the mid-

season stage, when the crop is fully developed”. Since most SSA crops are rainfed, farmers 

choose crops that are better suited to local climates. Maize is suited for regions with 

sufficient and consistent rainfalls. Millet and sorghum are more drought tolerant than 
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maize and usually grow well in regions with low and variable rainfall. Although cassava 

has higher optimal water requirements, it can accommodate low rainfall and resist long 

drought periods (Winch, 2006).  

 

3.2.2.2. Temperature 

Temperature is a measure of the intensity of heat energy produced by solar radiation. 

Temperature influences plant growth as it affects physiological processes such as 

photosynthesis, transpiration, respiration, germination, and flowering (Went, 1953). Air 

temperature is a more important for crop growth than soil temperature (Mavi and Tupper, 

2004). Unless otherwise mentioned, the term temperature employed in the followings 

section refers to air temperature. 

Plants suffer from temperature stress if they are exposed to excessively high or low 

temperatures. For most crops, death occurs when the temperature rises above 50°C (Mavi 

and Tupper, 2004). Low temperature stress is also detrimental to plant growth and even a 

light frost can kill some crops (Winch, 2006). Generally, crop growth is conditional on 

temperatures between 10°C and 40°C (Mavi and Tupper, 2004). However, heat 

requirements differ among crops and sometimes also among varieties of the same crop. 

Heat requirements also differ across crop physiological development stages. 

As reported in Table 3.1, the four crops considered are suited to warm weather. 

Millet has the highest heat tolerance of the four crops considered and has an optimal 

growth temperature of 32°C. Optimal heat requirements for the other crops are less than 

30°C. Maize is frost sensitive but its heat requirement varies greatly (from 18°C to 30°C) 

as it develops. Cassava is the least cold tolerant of the four crops (Winch, 2006). 

 

3.2.2.3. Solar radiation 

Solar irradiance is specific to each location‟s latitude and is affected by the position of the 

sun, day length, cloudiness, turbidity, altitude and land slope (Hall, 2001). Solar radiation 

is intercepted by plants through their leaves and is essential for photosynthesis (Walker, 

2006). However, light requirements differ across crops and growth stages. „Sun plants‟, 

such as most cereals, require solar radiation during the whole growing period. 
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Alternatively, „shade plants‟, such as cassava, thrive in partially shaded areas (Winch, 

2006). 

 

3.2.2.4. Evapotranspiration 

A comprehensive indicator of weather conditions is provided by the evapotranspiration 

(ET) rate. ET is the combination of the loss of water from soils (by evaporation) and from 

crops (by transpiration). This quantity of lost water (expressed in millimetres (mm) per 

day) has to be compensated by an equivalent amount of new water to enable plants to 

develop properly, known as the crop water requirement (Allen et al., 1998). If rainfall 

and/or irrigation do not meet ET demand, or crop water requirement, a water stress occurs, 

which reduces crop yields (Maman et al., 2003).  

Evapotranspiration is influenced by diverse factors, which can be grouped into 

three categories: weather, crop, and management and environment factors (Allen et al., 

1998). Different evapotranspiration rates can be calculated depending on these factors. ET 

due to weather represents the evaporative demand of the air and is called potential or 

reference evapotranspiration (ETo).  

Crop evaporation (ETc), which represents crop water use, considers plant 

characteristics in addition to weather factors. ETc is obtained by multiplying ETo by a crop 

coefficient. As the rate of transpiration depends on leaf surface, this coefficient varies 

depending on the type and variety of plant considered (Cothren et al., 2000). Moreover, as 

water requirements change as plants develop, ETc is calculated for each phenological stage. 

Cultural practices such as fertilization and environment influences (e.g. pests and diseases) 

can be used to determine adjusted crop evapotranspiration (ETc-adj).  

 

3.2.2.5. Carbon dioxide fertilization 

Carbon dioxide (CO2) fertilization refers to plant growth enhancement resulting from 

increased atmospheric CO2 concentrations (Maunder, 1992). CO2 has an indirect effect on 

plants as it changes the climate through the greenhouse effect. It also has a direct effect on 

plants by increasing photosynthesis and reducing transpiration. Photosynthesis enables 

plant growth through the conversion of CO2 into glucose and oxygen (Walker, 2006). CO2 

is assimilated through stomata, which at the same time allow water to evaporate from the 
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plant. Plants adapt stomata closure in order to balance the loss of water and the intake of 

CO2. A higher concentration of CO2 in the atmosphere enables plants to assimilate the 

required amount of CO2 at a faster rate through smaller stomata opening and thus reduces 

the level of transpiration. The combination of increased photosynthesis and reduced 

transpiration increases crop water use efficiency, which reduces crop vulnerability to water 

stress and therefore results in higher crop yields (Adams, 2007). 

Plant reactions to changes in CO2 concentration differ by species and variety but 

follow similar carbon fixation paths. Plants are classified into C3 and C4 categories 

depending on their dependence on CO2. C4 plants, such as maize, sorghum and millet, are 

more efficient at assimilating CO2 than C3 crops such as cassava (Lawlor, 1997). CO2 

increases are therefore especially beneficial for C3 crops. Laboratory experiments 

simulating the effect of a doubling in CO2 on plants suggest yield gains ranging from 10% 

to 50% for C3 crops and from 0% to 10% for C4 crops (Maunder, 1992). However, CO2 

fertilization effects in field conditions differ because of potential interactions with 

environmental factors. There is limited plant responses to increases in CO2 when water 

supply is plentiful (Adams, 2007). Also, CO2 fertilization increases with light intensity and 

temperature (Cure and Acock, 1986).  

 

3.2.3. Agronomic constraints 

Crop growth and yields can be limited by biotic stresses such as weeds, pest and diseases 

but also by soil quality. These factors are discussed below. 

 

3.2.3.1. Biotic stresses 

Biotic stresses are damages to plants produced by living organisms such as weeds, pests 

and diseases (Peterson and Higley, 2001). Weeds deprive crops of water, sun and nutrients 

essential for growth. Some weeds even produce substances that hinder the development of 

other plants. Additionally, the presence of weed seeds in harvested grains can render some 

grains unusable (Winch, 2006). According to Winch (2006), it has been estimated that 

weeds are responsible for around 16% of total crop yield losses in Africa. 

Crops yields can suffer from pests and disease as they impede crop growth or 

damage plants (Winch, 2006). Vulnerability to pests varies across crops. While cassava is 
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not very vulnerable to pests, maize can be damaged by more than 200 different insects. 

Sorghum and millet, on the other hand, are seriously affected by birds. Diseases are also 

crop specific. Viruses constitute the main source of diseases affecting cassava. Maize 

diseases are numerous and, according to Winch (2006), are responsible for about 10% of 

global maize yield losses. Sorghum is affected by diseases that are particularly damaging 

in hot and humid conditions. 

 

3.2.3.2. Soil quality 

In an agricultural perspective, soil quality refers to soil productivity (Carter et al., 1997). 

Soil quality, and therefore its ability to facilitate crop growth, is determined by its 

composition, or its soil type, and is affected by adverse soil conditions such as nutrient 

deficiency and soil toxicity. Soil type is determined by the composition of sand, silt, clay 

and organic matters. The suitability of each soil type for plant growth is specific to each 

crop. While maize and cassava are able to grow in a wide range of soil types, millet thrives 

better in sandy soil and sorghum is more suited to heavy soils (IITA, 1992; Winch, 2006). 

Soil naturally contains a certain amount of nutrients (i.e. nitrogen, phosphorus and 

potassium) that are essential for plant development. However, nutrient requirements are 

crop specific. Maize requires relatively fertile soil to produce good yields. Cassava and 

sorghum, on the other hand, can grow in less fertile soil. Millet is also suited to infertile 

soils and even soils that are unsuitable for sorghum (Winch, 2006). When nutrients are not 

sufficient to fulfil crop requirements, plant growth is hindered. 

Soil toxicity can be caused by acidity and/or salinity.
8
 Cassava, maize and sorghum 

have an intermediate tolerance to soil acidity. Millet, on the other hand, is suited to fairly 

acid soil. Similarly, the level of tolerance to soil salinity is specific to each crop. While 

sorghum is tolerant to saline soils, maize and millet can only tolerate moderately saline 

soils. Cassava is the most vulnerable to saline soils of the four crops considered in this 

analysis (Winch, 2006). Other sources of toxicities, such as sodicity, boron, chloride and 

micronutrients also have detrimental effects on plants (FAO, 1985). 

 

                                                
8 Soil acidity is affected by „leaching‟ (or „eluviation‟), which occur when water infiltrates the soil and 

drains soil matters from its surface. Salinity, or salt concentration in the soil, is conditioned by rainfall, wind 

and temperature. 
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3.2.4. Agricultural practices 

Farmers can influence crop yields via crop, nutrient and water management methods, 

which are discussed below. 

 

3.2.4.1. Crop management 

Crop output is greatly influenced by farmers‟ crop choices, care provided and timing of 

operations (Winch, 2006). The choice of crops to cultivate, and even the selection of crop 

varieties among the same species, is crucial. Therefore, crop selections have to be made 

according to local conditions. For instance, certain crop varieties have shorter growth 

cycles that enable them to grow in areas with short rainy seasons. Also, crop varieties able 

to tolerate high crop densities are more suited to locations where land is scarce. However, 

farmers‟ choices among cultivars is limited by seed supply in SSA and thus improved 

seeds are not widely adopted (FAO, 1998).  

Within the range of available crops, farmers can decide to cultivate multiple crops. 

Mixed cropping, or intercropping, is the prevailing form of agriculture in Africa (U.S. 

Congress, 1988). Mixed cropping can be beneficial as some crops benefit from the 

presence of other crops. Some crops are used to divert insects while others are used as a 

source of shade or nutrients for the companion crop (Winch, 2006). Crop rotation, which is 

essentially mixed cropping over time, is needed to avoid soil degradation by erosion and/or 

nutrient depletion (Chiras, 2009). Crop rotation also induces a break for weeds, pests and 

diseases. 

Besides planting or sowing, other cultural practices are important for crop 

productions such as field preparation, fertilization, thinning, pest and weed control, water 

management and harvesting. For instance, using data from on-farm field trials over two 

cropping seasons in Central Tanzania, Shemdoe et al. (2009) conduct a statistical analysis 

of the effect of traditional tillage (soil manipulation in order to prepare the seedbed, control 

weeds, fertilize, etc), manure and mulching (cover placed on the soil around plants to 

restrain weed growth, improve the soil fertility and reduce water loss) practices on 

sorghum yields. They observe higher yields when shallow tillage is added to manuring 

practice.  



75 

 

 

 

The timing of operations is also important as it determines the success of crops 

cultivation. For example, the planting date, which is specific to each crop, constrains the 

development length of the crop within the growing season. Simulations by Sultan et al. 

(2005) on millet in Niger, show that the highest yields are achieved when the sowing date 

coincides with the onset of the monsoon.  

 

3.2.4.2. Nutrient management 

Nutrients are normally present in the soil. However, when the nutrient level is inadequate, 

farmers can apply fertilizer to provide nutrients essential for plant growth. Two main types 

of fertilizers are used by farmers: mineral and organic fertilizers. Mineral fertilizers (also 

referred to as chemical fertilizers) allow a direct assimilation of nutrients by plants. With 

organic fertilizers, such as compost or animal manure, nutrient assimilation depends on the 

timing of decomposition of the organic matters. Organic fertilizers also improve the soil 

structure (Morris et al., 2007). Fertilization is, therefore, not only necessary to improve 

actual yields, but also to prevent soil nutrient depletion and ensure the preservation of the 

soil quality upon which future yields depend. However, excessive consumption of fertilizer 

can be detrimental to crops (Winch, 2006). 

Fertilizer use is low in Africa compared to the rest of the world and it is one of the 

explanations for relatively low African agricultural productivity (Morris et al., 2007). 

Several reasons explain low fertilizer use in Africa. First, access to fertilizer is limited by 

market inefficiencies and by the level of liquidity held by the farmers. Second, fertilizers 

use is discouraged by high fertilizer prices relatively to the sale price of crops (Morris et 

al., 2007). Third, organic manure use is limited because of the high quantities necessary to 

provide sufficient nutrients, the amount of labour required for its application and 

competition for land use to raise cattle (IITA, 1992). Fourth, fertilizer use is not applicable 

in every context. For instance, fertilization is not necessarily efficient on rainfed crops in 

arid zones as fertilizers are most effective if they are applied in moist soils (Winch, 2006). 

According to the FAO (2004), SSA‟s fertilizer consumption is not expected to rise 

significantly in the next two decades. 
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3.2.4.3. Water management 

As mentioned in Section 3.2.2.1, water is essential for crop growth and therefore 

productivity. When rainfall is not sufficient to cover crops‟ water needs, irrigation is 

necessary to ensure high yields. Furthermore, irrigation also allows a decrease in 

production variability. Productivity in SSA is 3.5 times higher on irrigated land than on 

rainfed land (Cleaver, 1993). 

Several irrigation technologies are accessible to smallholders in SSA. In addition to 

traditional technologies, such as water harvesting or groundwater irrigation, newer 

technologies have emerged but are only employed by the wealthiest farmers and cash crop 

growers (Kay, 2001). FAO (1995) estimates that 30% of African irrigated land is allocated 

to rice, 34% to other cereals, 8% to vegetables, 15% to fodder, 8% to industrial crops and 

5% to arboriculture. However, these shares vary across geographic regions. For instance in 

Sahel, 18% of irrigated land is allocated to other cereals and in eastern Africa, vegetables 

are grown on 35% of the available irrigated land. Because data regarding irrigation 

application in Africa are not comprehensive, it is not possible to determine more precisely 

the allocation of irrigated land among crops in each country or region. 

Data summarized by (Kay, 2001) from FAO (1986b) and Gleick (2000) indicate 

that only a small portion of land (2%) in SSA was irrigated in 1982.
9
 Swaziland has the 

highest share of irrigated land in SSA with 32% of the harvested area under irrigation and 

Gambia has the next largest share, 11%. In all other countries, the percentage of irrigated 

area under cultivation is less than 9%. According to a more recent study by Faurès and 

Santini (2008), about 3% of the cultivated area in SSA is irrigated but no change is 

expected. This is partly because of unfavourable market and institutional situations but also 

a result of technical inapplicabilities due to poor soil quality and topography. 

Consequently, agriculture in SSA is mainly dependent on rainfall but irrigation is more 

developed in a handful of countries. 

 

                                                
9
 Figures on irrigation by country are summarized in Appendix B. 
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3.2.5. Farm characteristics 

Several farm features determine the ability and incentives to achieve high crop yields. 

Farm size determines the ability to take advantage of economies of scale but “most 

empirical studies of African agriculture find no significant economies of scale beyond a 

very small farm size, attributable in large part to the absence of sophisticated water 

control or mechanization” (Barrett et al., 2001; p.323). Tenancy terms, land tenure and 

water rights protection are other determinants of productivity as they provide incentives to 

invest in soil conservation measures and long term cropping decisions or production 

techniques. Property rights also facilitate access to credit by providing collateral. Land 

tenure arrangements in SSA are often characterized by communal or corporate ownership 

but they have gradually evolved toward greater individualization, especially since the 

colonization period (Platteau, 1995).  

 

3.3. Production function specification 

In this section, a base production function applying to all crops and regions is specified. 

The level of product aggregation and functional form for the product specification are 

chosen by reviewing the set of available choices and selecting the most appropriate 

alternatives. Additional variables are then added to refine the specification for each crop 

and region. 

 

3.3.1. Aggregation level 

The econometric estimation of the primal form of the production function can be 

performed at different levels of aggregation. The most general production function 

specification is given by the aggregate production function. Such a function considers the 

aggregated production of multiple outputs at the macro level, e.g. sector or country. Much 

attention in the literature has been given to numerous problems plaguing aggregate 

productivity analyses and various solutions have been proposed (Jensen, 1977). Despite 

these advances, aggregation implies that it is not possible to determine the specific effect 

of one input on one particular output (Just et al., 1983). The response of outputs to changes 

in inputs, and especially weather, may vary considerably from crop to crop because of 
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biological differences across crops. As a result, an aggregate production function is 

inappropriate for the current study.  

The production function can also be estimated for multiple outputs. As defined by 

Just et al. (1983; p.771), “a multiple-output production function is a technical relationship 

that specifies possible output mixes that can be produced from each mix of inputs”. 

Huffman (1988) reviews studies using multiple-output, multiple-input functions. A 

multiple output production function is appropriate when one farmer produces several crops 

and/or raises livestock within a farm. Mixed-cropping systems are common in SSA (Dixon 

et al., 2001). In such a system, it is difficult to identify input use for each crop as crops are 

produced jointly. In this case, a system of single production functions has to be estimated 

jointly for all the mixed crops. But such an estimation technique is computationally 

demanding (Barrett and Hogset, 2003). 

Alternatively, single output production functions focus on a single crop produced 

by the farmer. This approach estimates a production function independently for each crop. 

However, single production function estimation assumes separability of inputs, which is 

not possible in the mixed cropped context of SSA. In this case, separate crop production 

function equations can be estimated jointly using Zellner's (1962) method for seemingly 

unrelated regressions (SUR). However, this method is not applicable when the set of 

explanatory variables differs across crops and Zellner's cross-equations-correlations are not 

relevant in a context of wide agro-climatic conditions across groups (Narayana and Shah, 

1984).  Moreover, several technical limitations arise because of the limited development of 

the SUR estimator.
10

 Consequently, single production functions are estimated for cassava, 

maize, millet and sorghum. Since output and input data are not available at the farm level 

for the whole SSA, the data are aggregated to the country level for each crop.  

 

3.3.2. Functional form 

Several functional forms exist to model production functions. The most common 

functional form is the constant elasticity of substitution (CES) function and its special 

cases given by Leontief and Cobb-Douglas functions. 

The CES function introduced by Arrow et al. (1961) specifies production as: 

                                                
10 For example, Stata‟s sureg estimator does not provide heteroskedastic robust standard errors.  
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  (3.1)  

where Q is output, K is capital and L labour, γ is an efficiency parameter, δ is a share 

parameter and ρ is a substitution parameter. The CES function incorporates Leontief and 

Cobb-Douglas functions as special cases. The Leontief function occurs when ρ=0 and 

implies that the production factors are used in fixed proportion (i.e. there are no 

substitution possibilities). This function is easy to specify but can be unrealistic. The Cobb 

Douglas function, achieved by setting ρ=1, implies constant factor shares. Although the 

general form of the CES function does not restrict the elasticity of substitution, it assumes 

that the elasticity of substitution is constant. Furthermore, the elasticity can be difficult to 

estimate when there are more than two inputs. According to Mundlak (2001), the CES 

function is rarely used in agricultural contexts and the agricultural production functions 

estimated closely resemble Cobb-Douglas functions. The analyses in this thesis employ a 

Cobb-Douglas functional form. 

 

3.3.3. Initial specification 

An appropriate production function specification is required to obtain accurate crop 

production estimates. This section presents: (i) the output variable selected; (ii) 

explanatory variables considered; (iii) explanatory variables not considered; (iv) non-linear 

and interaction terms between variables; (v) variables transformation; and finally (vi), a 

summary of the production function specification estimated in this study (before 

insignificant variables are dropped). 

 

3.3.3.1. Output 

Production function output can be defined as the level of production or production per 

input unit. In agricultural analyses, crop production per unit of land is commonly used to 

represent output. Therefore, in the present study, output of each crop considered is 

represented by yields given in terms of quantity produced per unit of land.  

The FAO yield data (FAOSTAT, 2007) considered in this study (see Section 3.4.1 

for detailed data descriptions) is calculated using area harvested and not area cultivated. 

The area variable, therefore, excludes area sown or planted but not harvested due to 
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damages or failures. This land area accounting will thus bias yield calculation upward. 

Additionally, land area data do not take into account mixed cropping systems or explicit 

crop density, which can further bias crop yield data. However, the FAO yield data are 

widely used in the crop production function literature (e.g. Dennett et al., 1981; Lobell and 

Field, 2007; Li et al., 2009; Schlenker and Lobell, 2010). Furthermore, no other dataset is 

available and the yield figures are consistent with plausible attainable yields presented in 

Chapter 1. Therefore, the FAO yield series are employed in this study. 

 

3.3.3.2. Explanatory variables 

The main factors influencing crop yields discussed in Section 3.2 are included in the initial 

production function, which is specified as: 

 Yit = f (Ait, Weatherit)
 

(3.2)  

where for each crop i at time t, Yit is yields, Ait  is area harvested and Weatherit is a vector 

of weather variables influencing yields.  

Area harvested is included to represent decreasing marginal productivity as farmers 

are assumed to crop the most productive land first and then expand to less fertile soils as 

production increases. Few empirical analyses of agricultural production functions consider 

acreage as an explanatory variable (e.g. Chen et al., 2004). As most empirical crop yield 

analyses consider experimental data where land expansion is not applicable, this does not 

pose an omitted variable bias in this studies. However, as this study employs national data 

reflecting actual cropping decisions, decreasing marginal productivity of land needs to be 

considered. 

The vector of weather variable can be composed of several combinations of 

weather determinants. Precipitation, temperature, evapotranspiration and CO2 

concentrations are used to represent weather in this analysis. 

 

Precipitation 

Two measures of precipitation, cumulative rainfall and standardized rainfall, are generally 

considered to determine the impact of water on crop yields. 
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Cumulative precipitation 

Cumulative precipitation is the simplest measure of water supply for non-irrigated crops. 

Some studies consider annual rainfall, whereas others consider only rainfall occurring 

during the plant‟s growing period (i.e. when it actually uses water). Zaal et al.‟s (2004) 

simple correlation analysis performed for two regions in Mali reveals a positive and 

significant effect of annual rainfall on maize, millet and sorghum yields in Mali and millet 

and sorghum yields in Burkina Faso. Similarly, Larsson‟s (1996) correlation analysis 

shows a positive significant correlation between annual rainfall variables and sorghum 

yields in Burkina Faso and Mali. Fermont et al. (2009) linear regression analysis show that 

rainfall during the growth cycle of cassava has a positive effect on yields in western Kenya 

and central and eastern Uganda.   

 

Standardized precipitation anomaly 

When a large variety of climatic zones are considered, a large variation in precipitation 

across different countries exists, which results in large variations of variance (Jones and 

Hulme, 1996). The standardized precipitation anomaly discards any potential scale effect 

as it corresponds to a standardized departure from the mean of a long-term trend. 

Following Jones and Hulme (1996), the standardized rainfall anomaly at location i at time t 

(RAit) is given by: 

 
i

iit

it


RR
RA


  (3.3)  

where Rit represents annual rainfall for grid i in the year t, i
R is mean rainfall and ζi is the 

standard deviation.  

A similar indicator is given by the standardized precipitation index (SPI) proposed 

by McKee et al. (1993). The SPI is comparable to the RA in that it represents rainfall for a 

given period as compared to its long-term trend in a given location. The SPI is calculated 

by first fitting a gamma probability density function to the frequency distribution of 

rainfall over the reference period.
11

 The probability density function is then used to 

determine the cumulative probability of a particular precipitation level for a chosen time 

                                                
11 The gamma distribution is found to fit rainfall series very well (Thom, 1966). 
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scale. Finally, the calculation is transformed into a normal distribution with a mean of zero 

and a variance of one (~N(0,1)) to obtain the SPI.  

 Different time scales, ranging from 1 to 48 months, can be used to calculate the 

SPI. SPI values express standard deviations from the median. The values of the SPI can be 

grouped into various classes (see Table 3.2), where negative values indicate rainfalls below 

normal, and positive values indicate above normal rainfall. A SPI index below -1.0 

indicates dry conditions and an index above +1.0 indicates wet conditions.  

Table 3.2. Nominal SPI classes 

SPI values Nominal SPI classes  

2.0 or more extremely wet 

1.5 to 1.99 very wet 

1.0 to 1.49 moderately wet 

-0.99 to 0.99 near normal 

-1.0 to -1.49 moderately dry 

-1.5 to -1.99 severely dry 

-2.0 and less extremely dry 

Source: McKee et al. (1993). 

 

An important limitation of the RA and SPI concerns the selection of the reference period. 

Values for the RA and SPI depend greatly on the period used to normalize the series and 

its length. For instance, according to Jones and Hulme (1996), using the 1961-1990 period 

to represent climate in Sahel leads to the conclusion that the drought at the end of the 20
th

 

century is „normal‟. Therefore, long reference periods are preferred to short reference 

periods. Guttman (1999) recommends using at least a 50-year period to calculate drought 

spells of one year or less. 

Another criticism of the RA and the SPI relates to normalization using the standard 

deviation. Under such a normalization, a given rainfall change will result in larger RA and 

SPI changes for regions with steady rainfall than for regions accustomed to large rainfall 

variations. However, this representation can be appropriate if crops and management 

techniques are adapted to the climate of each region. For instance, in a region with high 

inter-annual variations in rainfalls, moderate rainfall changes represent near normal 

behaviour and should not affect yields if farming practices are tailored to rainfall 

conditions.  

The RA and SPI are used in a large number of statistical studies of crop yields. 

Almaraz et al.‟s (2008) multiple regression results indicate a negative and significant effect 
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of May RAs on maize yields anomalies in eastern Canada, but a positive and significant 

impact for July to August RAs. Rao et al. (1997) establish a significant and positive 

correlation between different seasonal RAs and corn yields in six out of nine states in 

Brazil. In a regression analysis, Yamoah et al. (1998) estimate a positive and significant 

relationship between the SPI from June to August and maize yield when maize is 

cultivated in rotation with other crops in eastern Nebraska (USA). In another study, 

Yamoah et al. (2002) use an 8-month SPI and determine a positive and significant impact 

of RAs prior sowing in Nebraska on maize yield either grown continuously or in rotation 

with soybeans. When considering early season moisture conditions, Yamoah et al. (2003) 

show a negative correlation between the SPI for May-June and millet yields in Niger. 

Elston (1983) finds a linear positive correlation between RAs and sorghum yield in West 

Africa. Similarly, Narasimhan and Srinivasan‟s (2005) reveals a positive correlation 

between the SPI during the growing season and sorghum yields in the Colorado River 

Basin (USA).  

 

Droughts and floods 

A drought is broadly defined as “a deficiency in precipitation over an extended period, 

usually a season or more, resulting in a water shortage causing adverse impacts on 

vegetation, animals, and/or people” (NOAA, 2006; p 1). However, drought definitions 

vary across disciplines. From many definitions analysed by Wilhite and Glantz (1985), 

four broad categories emerge: meteorological, agricultural, hydrological and socio-

economic droughts. A meteorological drought is characterised by a prolonged rainfall 

shortage. If the lack of rainfall persists and soil moisture deficits occur, an agricultural 

drought begins. It is then followed by a hydrological drought affecting the hydrological 

system (e.g. soil moisture, streamflow and ground water) and later by a socio-economic 

drought affecting global water supply. Depending on the time scale considered to calculate 

the SPI, it is possible to represent the different types of droughts. Short term SPIs are 

preferred for agricultural droughts and long-term SPIs for hydrologic and socio-economic 

droughts (Guttman, 1999). In practice, an agricultural drought is measured using 1 to 4 

month SPIs (e.g. Mkhabela et al., 2010). The 12-month SPI reveals slower changes in 

precipitation and therefore is mostly used to represent hydrological droughts (e.g. Moreira 
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et al., 2008). Following McKee et al. (1993), a drought starts when an SPI reaches a value 

of -1.0 and ends when the index returns to a positive value. A severe drought occurs when 

the SPI is below -1.5.  

It is also possible to detect floods using the SPI. A flood starts when the SPI is 

equal to or greater than +1.0 and continues as long as the index is positive (Seiler et al., 

2002). As for drought, a threshold of 1.5 can be used to detect severe floods. Several other 

indices exist to detect agricultural droughts but the SPI-based index is widely used because 

of its simplicity.  

The SPI-based drought and flood spell indices have only recently been used in 

regression analyses. In an analysis of cropland productivity using the SPI based drought 

spell, Strobl and Strobl (2009) find a negative and significant impact of droughts in Africa 

over the period 1981-2000. At the crop level, Iglesias and Quirogua (2007) and Quirogua 

and Iglesias (2007) find a negative impact of drought spells on wheat yields in Spain. 

 

Average temperature 

Average temperature represents mean warmth over a specific crop development period or 

over a full year. Average temperature (Tavg) is usually calculated with minimum (Tmin) and 

maximum daily temperatures (Tmax) and is formulated as: 

 
2

TT
T

maxmin

avg


  (3.4)  

The effect of temperature on yields has been widely studied in econometric 

analyses. A regression analysis of cassava yields by Weite et al. (1998) considers the 

impact of average temperature after planting or sowing in China and finds a significant and 

positive relationship with cassava root yield. Other studies consider the effect of soil 

temperature at different depths. For instance, Odjugo‟s (2008) analysis indicates a negative 

and significant correlation between yield and soil temperature in Nigeria. In a global 

assessment, Lobell and Field (2007) find a negative impact of average monthly minimum 

and maximum temperatures on maize and sorghum yields. Chen et al.‟s (2000) regression 

analysis indicates a negative effect of temperature averaged over the growing period on 

maize yields in China. A negative effect of average temperature from June to August in 

Wisconsin (USA) on maize yields is found by Kucharik and Serbin (2008). Considering 
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only August temperature in eastern Nebraska, Yamoah et al. (1998) also observe a 

negative effect of temperature on maize yields. However, the authors find a positive effect 

of temperature prior to sowing (April) on sorghum yields. Anhuf (1990) establish negative 

correlations  between mean temperature during the growing period and millet and sorghum 

yields in Senegal, Sudan and Tunisia.  

 

Evapotranspiration 

Evapotranspiration is mainly used in regression analyses to represent crop water use. For 

instance, Abbas et al. (2005) and Pandey et al. (2000) find  a positive relationship between 

ETc and maize yield in a semi arid area of Pakistan and in Niger, respectively. 

Additionally, Maman et al. (2003) find a linear and positive relationship between 

evapotranspiration (calculated using a water balance equation) and millet and sorghum 

yields in Nebraska.  

As ETc calculations require daily weather data, only ETo can be calculated in the 

present study. Allen et al. (1998) argue that the Penman-Monteith formula should be 

preferred to calculate ETo. However, this formula requires data on temperature, solar 

radiation, relative humidity and wind speed. The Hargreaves equation (Hargreaves and 

Samani, 1985), on the other hand, only requires maximum and minimum temperatures to 

determine ETo. It is specified as:  

 a

5.0

minmaxavg
R)TT)(8.17T(0023.0ET 

o  (3.5)  

where Tavg, Tmax and Tmin are respectively mean, maximum and minimum temperature. Ra 

represents extraterrestrial radiation, which corresponds to “the solar radiation received at 

the top of the earth's atmosphere on a horizontal surface” (Allen et al., 1998, Chapter 3). 

Ra varies throughout the year and depends on latitude. Monthly values can be calculated 

following Allen et al. (1998). Reference evapotranspiration is given for a reference surface 

(i.e. a grass coverage of 6 cm to 15cm high). 

 

CO2 concentration 

Regression analysis appears appropriate to distinguish the specific effect of CO2 

concentration among other influential factors. However, the analysis can be complicated as 

the evolution of CO2 concentration is strongly associated with technological change 
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(Lobell and Field, 2008). Also, as temperature is positively affected by CO2 concentration 

through the greenhouse effect (Adams, 2007), the effect of the two variables cannot be 

jointly estimated. 

The impact of CO2 increases on cassava yields should be positive as it enhances 

root development (Adams, 2007), which is the main harvested part of cassava. However, 

de Tafur et al. (1997) find a significant negative relationship between CO2 in dry and semi 

arid north Colombia and cassava dry root yields. When considering the effect of a doubling 

of CO2 (using different published laboratory and field data), Cure and Acock (1986) find a 

positive relationship with maize yields. Lobell and Field‟s (2008) regression analysis 

reveals some positive plant responses to CO2 fertilization when considering historic CO2 

concentrations in the 20 largest producing countries of the northern hemisphere but with 

large uncertainties.  

 

3.3.3.3. Explanatory variables not included 

Some weather parameters, such as maximum temperature, the number of wet days and 

cloud cover are not considered so as to focus the analysis on key determinants of 

agricultural production. Solar radiations are not considered because of technical 

difficulties. Specifically, the correlation between solar radiation and other weather factors, 

such as temperature, makes it difficult to examine the specific effect of sunlight on crop 

yield (Evans, 1996). Temperature anomalies are not included in the analysis as temperature 

does not vary greatly across different countries. Additionally, the effect of rainfall would 

be better represented by rainfall distribution (Quiring, 2010), but it is not possible to 

include this variable due to data limitations. 

Other determinants are not considered in the analysis as they are not applicable to 

SSA agriculture or due to data limitations or estimation problems. For instance, given the 

low rate of fertilizer application in SSA, fertilization is unlikely to provide a reliable 

explanation of crop productivity. Additionally, preliminary regressions analyses did not 

demonstrate any significant effect of fertilizer use.  

Similarly, mechanization parameters are also excluded because machines are 

sparsely used in SSA and initial regressions did not display any significant relationship 
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between yield and mechanization variables.
12

 Many regression studies include a time trend 

to represent the evolution of technologies. However, as noted by Oury (1965), a time trend 

imposes a constant and positive change in technology which means that technological 

declines or major innovations are not modelled. Also, the inclusion of a time trend can blur 

the influence of other factors by inducing multicollinearity (Reed and Riggins, 1982). 

However, estimation of the production function in first differences (without a time trend 

but with a constant) allows the impact of technology to be included without inducing 

multicollinearity. 

As explained in Section 3.2.2, water shortages and temperature increases are likely 

to be less influential if irrigation is available. Therefore, the climate impact on irrigated 

crops is likely to be different from that on rainfed crops. However, irrigation is rarely 

employed by farmers in SSA except for one country, Swaziland (see Section 3.2.4.3). 

Therefore, to test for specific impact of weather in this particular country, the trial 

regressions included a dummy variable equal to one for Swaziland and zero for other 

countries which was interacted with weather variables. The trial regressions found that the 

Swaziland-weather interactions were insignificant. Therefore, Swaziland-weather 

interactions were not included.  

The best measure available to represent labour is data on total economically active 

population in agriculture produced by FAOSTAT (2007). However, these data are only 

available from 1980. Furthermore, the data do not account for the length of the growing 

season and therefore, the labour data produce equivalent measures in countries with one 

growing season per year as in countries with two year growing seasons per year. Data on 

the total population and rural population are available from 1961 for all SSA countries 

considered. However, annual values are obtained by interpolation. Therefore, annual 

labour data might be inaccurate and year-to-year fluctuations may not be represented. For 

these reasons, labour input is not considered in regression analyses. 

Soil related parameters are not included due to technical difficulties. For example, 

the only available soil type data are time invariant and identifies 26 broad soils categories 

(Zobler, 1999). Alternatively, FAO/AGL (2009) provides an estimate of the extent of soils 

without major constraints (e.g. toxicity) by country. However, it is likely that the cropping 

                                                
12 Two mechanization variables were considered: the number of agricultural machines in use and 

agricultural tractors in use. 
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areas are located where soils are cultivable (i.e. without major constraint) so the data is 

unlikely to provide additional information. Therefore soil variables are not included. 

  

3.3.3.4. Non-linearities and interaction effects 

Quadratic terms for weather variables should be included in each specifications to account 

for non-linear weather effects on crop yields (Katz, 1977). As detailed in Section 3.2.2.2, 

below certain temperature and precipitation thresholds, yields react positively to increases 

in these variables but the impact is smaller for larger values of these variables. Beyond the 

thresholds, yields respond negatively but with more intensity as these variables increase. 

Many econometric analyses of crop yields consider non-linear effects. In a multiple 

regression, Teklu et al. (1991) consider June to August rainfall and its squared term and 

find a diminishing positive rainfall effect on sorghum and millet yields. Yamoah et al. 

(2000) regress yield on 12-month SPI and its squared value and establish a concave 

relationship with maize yields in Nebraska. Malone et al.‟s (2009) specification includes a 

temperature squared term and finds a concave relationship between maize yields and early 

season maximum temperature and a convex relationship between yield and late season 

maximum temperature. 

To represent concave relationships between yields and weather variables, squared 

terms of cumulative precipitation, average temperature and ETo are included in the 

estimation. In regressions considering SPI, drought and flood dummies are used to 

represent the effect of extreme precipitation conditions. Preliminary regression using the 

squared term of SPI were estimated but did not produce informative results. The squared 

term of CO2 is not included as there are no theoretical grounds for nonlinear response of 

crop yield to increasing CO2 concentration. 

Interaction terms between weather variables are used to determine the potential 

effect of one weather variable given the effect of the other weather variable. Indeed, as 

temperature influences crop water requirements, it is likely that a certain level of 

precipitation would be sufficient with moderate temperatures but would be insufficient 

with high temperatures. These interaction terms are investigated in some statistical 

production function analyses. For instance, Shaik and Helmers (2000) establish 

interdependent temperature and precipitation effects on winter wheat yield in Nebraska. An 
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interaction term between weather variables is therefore included in initial specifications to 

estimate the conjoint effect of weather variables on crop yields. 

 

3.3.3.5. Variable transformations 

Yield and area data are included in the production function specification in their log form. 

In addition to advantages stated earlier, this transformation improves the distribution of 

variables by reducing the presence of outlying data and removing the influence of the unit 

of account on the coefficient estimates, which assists the comparison of the impact of 

different variables. Moreover, a log-transformation renders the parameters more easily 

interpretable as it produces constant elasticities of the dependent variable with respect to 

each independent variable. 

The weather variables are not logged so as to produce semi-elasticities. In 

determining the impacts of climate on production, semi-elasticities are easier to interpret 

than elasticities as they allow direct determination of the impact of, say, a 1ºC increase in 

temperature or a 10mm increase in rainfall. 

 

3.3.3.6. Initial specification summary 

The determinants considered in the initial specification are those deemed most appropriate 

to represent the effect of weather events on crop yields. Three alternative weather related 

specifications are considered for each initial specification. A first analysis includes the 

most commonly used weather indicators, which are precipitation and temperature averages. 

A second analysis evaluates the influence of ETo and SPI. ETo is a comprehensive measure 

of temperature-related conditions. SPI is preferred to rainfall anomalies as it is a more 

refined index and allows drought and flood spells to be represented. Drought and flood 

dummies are based on threshold SPI values of -1.5 and 1.5 respectively. A third analysis 

considers the effect of CO2 concentration which is highly correlated with weather variables 

as changes in CO2 concentration drive changes in climate. Therefore, traditional weather 

variables are not included in specifications that include CO2 concentration.  
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For each crop, the three initial models to be estimated in this study are specified as: 

 T-P model 

 lnYit = f (lnAit, Tt, T
2

it, Pit, P
2

it, T×Pit, T
2
×Pit, T×P

2
it) (3.6)  

 ET-SPI model 

 
lnYit = f (lnAit, EToit, ETo

2
it, SPIit, Droughtit, Floodit, ETo×SPIit, 

ETo
2
×SPIit, ETo×Droughtit, ETo×Floodit) 

(3.7)  

 CO2 model  

 lnYit = f (lnAit, CO2t)
 

(3.8)  

where for each crop i at time t, lnY represent the log of yield, lnA log of area harvested, T 

temperature, P precipitation, and ETo, SPI, Drought, Flood, CO2 are as described 

previously. 

When quadratic and interaction effects are both included in a specification, an 

interaction term incorporating the quadratic variable is also included to represent the non-

linear interaction effect. For instance, if P and P
2
 are included to represent a non linear 

precipitation effect, and TxP is included to represent the effect of precipitation depending 

on temperature, TxP
2
 is included to represent the non-linear effect of precipitation 

depending on temperature. This non linear interaction term can then represent the 

attenuated detrimental effect of excessive precipitation when temperature is high. 

The inclusion of quadratic and interaction terms results in detailed regressions 

equations. The proliferation of similar terms can induce multicollinearity (Kleinbaum et 

al., 2008). However, if quadratic and interaction terms are not appropriately included, the 

regression estimated can indicate incorrect nonlinearities and misleading relationships 

(Ganzach, 1997). Therefore, for each model, a general-to-specific strategy is followed 

where the final specification is modified to exclude quadratic and/or interaction terms that 

have signs contrary to theoretical intuition or are insignificant. For instance, crop yield 

responses to temperature have concave shape, as crops need warmth but low and high 

temperature are detrimental to crops. If the squared temperature term indicates a convex 

relationship, the squared term is removed from the specification. A statistic level of 

significance of 10% is considered as a cut off point for discarding non-linear and 

interaction terms. 

At the heart of the general-to-specific modelling strategy, known as the „Hendry 

methodology‟, is the encompassing principle described by Hendry and Richard (1982) and 
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Mizon and Richard (1986). According to the encompassing principle, a model that is 

adequately specified should be able to explain the behaviour of competing models. 

Therefore, if a model appears misspecified, it is modified to obtain the best specification 

(by removing insignificant variables, for instance). In the context of two non-nested 

models, the encompassing principle is used to compare and determine the best model. The 

encompassing test consist of estimating an encompassing model containing the 

specification of two models and each specification is compared to the encompassing model 

using a Wald test. However, the test conclusions are only valid if the models are 

congruent
13

 (Gourieroux and Monfort, 1995). Additionally, this test has low power when 

the explanatory variables of the two models are highly correlated. Therefore, the 

encompassing test is not appropriate for the current study. 

  

3.4. Data 

In this section, descriptive statistics are detailed by crop and climatic region. Data on 

agronomic, weather and socio-economic determinants included in the production function 

specifications are collected and selected based on spatial and time constraints.  

 

3.4.1. Agronomic data 

Crop data are available at highly disaggregated level for some SSA regions. For example, 

FAO/AGL (2009) provides data at the sub-region level. However, these data are only 

available from 1981 to 2001 and for a limited number of sub-regions. Alternatively, 

FAOSTAT (2007) offers data aggregated at the national level from 1961 to the present. 

Therefore, despite their coarser resolution, these data are preferred as they are available for 

a longer time span, which is more suited to estimate the impact of past climate change. 

For each crop, FAOSTAT (2007) provides quantity produced in metric tons 

(tonnes) and area harvested in hectares (Ha). The data may be official, semi-official or 

estimated. Specifically, country-level data are collected from governments via 

questionnaires, unofficial data sources, and from other national or international agencies or 

                                                
13 “A model is congruent if all the model’s theoretical and statistical features are compatible with 

available information sets” (Chao, 2005; p.132). 
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organizations. FAOSTAT does not detail the method used by governments and agencies to 

collect data. The reliability of these data could therefore be questioned. However, in the 

absence of a more reliable data source, this dataset is used. 

Production and area series are complete for all producing countries, except for 

millet area and production series in Congo (data only available since 2000). These 

incomplete series are not considered in the analysis. Yields are calculated as the production 

per unit of land harvested (in tonnes per Ha). Regarding crop area, FAO records area 

harvested per crop (i.e. if two crops are harvested on the same section, the area will be 

accounted twice) and per harvest (i.e. if two crops are harvested twice during the year, the 

area will be accounted twice). 

The summary statistics for area, production and yield for each crop and each 

country are detailed in Appendix F. On average over the period 1961 to 2002, SSA land 

was mainly allocated to sorghum which accounts for more than 15,523 thousand Ha. The 

next most widely harvested crops are maize and millet which cover about 14,327 thousand 

Ha and 14,188 thousand Ha respectively. The fourth most harvested plant is cassava with a 

little more than 7,924 thousand hectares. 

SSA statistics are displayed in Figure 3.1, where area harvested (in thousand Ha) 

and production (in thousand tonnes) are measured on the left axis and yield (in tonnes per 

Ha) is measured on the right axis. It can be seen that areas harvested of each of the four 

crops increased over the period 1961-2002. Production of the four crops also increased 

over the period 1961-2002 in SSA but by larger proportions than land areas increases, 

translating into yields increases, except for millet yields which remain on average nearly 

unchanged. The largest productivity increase is for cassava, which rises by about 40% over 

the period.  
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Figure 3.1. Total crop production, total area harvested and average yields in SSA (1961-2002) 

 
 

As discussed in Section 3.5.2, SSA is divided into five climatic regions, so yield, 

production and area data for each crop are detailed by climatic region in Figure 3.2. The 

harvested area of cassava has increased in all regions except Sudano-Sahel, where it 

declined since the mid-1960s. Cassava production is more variable but generally increased 

in all regions except Sudano-Sahel and, during the last decade, the Central region. In terms 

of yield, a strong increase is observed since the mid-1990s in Sudano-Sahel and the South 

region. In the West region, yields decreased in the 80s but recovered over the second half 

of the period. Cassava yields in the West and East regions exceed 7 tonnes per Ha whereas 

in the three other regions they are below 6 tonnes per Ha. 
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Concerning maize, the area harvested increased in all regions and there was a 

marked rise in area harvested in the 1980s in Sudano-Sahel and the West and Central 

regions. Production follows a trend similar to harvested areas in all regions except in the 

East. The highest yields are observed in the East where they average 1.23 tonnes per 

hectare over the period. 

Harvested area of millet differs among regions. A steady increase is only observed 

in Sudano-Sahel, which produces the most millet. In the other regions, millet harvested 

areas are more erratic over the period. Regarding millet production, Sudano-Sahel and the 

West are the only regions where production increased markedly. These changes translate 

into stagnating yields, except in the West where they have increased slightly with a peak in 

the mid-1980s. The highest yields are observed in the East with an average of one tonne 

per Ha over the period. 

Similar patterns are observed for sorghum but production and land area in the 

West, Central, East and South regions are slightly higher than for millet. As is the case for 

other crops, sorghum yields are higher in the East, with a yield of one tonne per Ha on 

average over the period. 

 

3.4.2. Weather data 

Weather data choices are driven by data availability for the regions considered. In the 

current study, weather data are extracted from the CRU TS 2.1 dataset (Mitchell and Jones, 

2005). The data are compiled by the Climatic Research Unit (CRU) at the University of 

East Anglia. Another potential dataset is produced jointly by National Oceanic and 

Atmospheric Administration (NOAA), the National Centre for Environmental Prediction 

(NCEP) and the Climate Prediction Centre (CPC) (Ropelewski et al., 1985) and is 

provided by the LDEO/IRI Data Library. However two limitations arise when using these 

data. First, these data are only available for the period 1982 to 2007, which is a shorter 

period than for which agronomic data are available. In contrast, the CRU TS 2.1 dataset 

covers the period 1901-2002. The second limitation concerning NOAA-NCEP-CPC data 

relates to its spatial coverage. Specifically, the data are from meteorological stations 

located in principal cities, whereas CRU TS 2.1 data are available at the 0.5×0.5 degree 

resolution for all regions. As remarked by Mitchell (2005), this set of data grid might not 
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be appropriate for the study of small regions but the mathematical extrapolation of the 

observations allow a wider spatial coverage than with individual stations. In the present 

case, the scarcity of stations in zones studied reinforces the advantage of such a grid. 

Therefore, the CRU TS 2.1 dataset is preferred due to its comprehensive time and spatial 

cover. Another advantage concerning the CRU TS 2.1 dataset is that it can be combined 

with predicted future weather data from TYN SC 2.0. 

The CRU TS 2.1 dataset is based on weather records from seven different sources. 

The dataset gathers records of near surface observations collected by meteorological 

stations. Only observations supplied by trusted stations are selected and homogenised to 

construct the gridded database with a full coverage of the region.  

To consider only relevant weather data (e.g. avoid considering data for desert 

areas), grids are selected for areas where each crop could potentially grow. Satellite-

derived land cover data developed by Leff et al. (2004) is used to determine such areas 

which are representative of the early 1990s. Crop location data are provided as individual 

grids of 0.5×0.5 degree cells with each grid cell representing the fraction of the area 

allocated to the cultivation of each crop. These data are represented in Figure 3.3. Weather 

data are weighted by the proportion of harvested area within the cell and therefore weather 

averages are specific to each crop.
14

 

                                                
14 In Madagascar, the FAOSTAT (2007) dataset report some sorghum production, but the data used to 

locate growing regions for sorghum do not report any growing potential in this country. Therefore no 

climatic data are available for sorghum in Madagascar. 
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Figure 3.3. Percentage of area allocated to each crop 

  
Source: constructed from Leff et al. (2004). 

 

For each month, the CRU TS 2.1 dataset details nine climate variables concerning 

(i) temperature (minimum, maximum and daily mean, frequency of frost days and diurnal 

temperature range), (ii) precipitation (frequency of wet days and cumulative amount of 

precipitation), (iii) vapour pressure and (iv) cloud coverage.  

For the present study, the data are transformed to annual observations. As detailed 

in Section 3.2.2, considering weather events over the growing season may be more 

appropriate as plants have particular needs depending on phenological stages. Cumulative 

annual precipitation does not account for the timing of rainfall and therefore does not 



98 

 

 

 

capture the effective impact of rainfall. However, given the wide range of countries 

considered and the diversity of rainfall patterns within some countries, it is difficult to 

determine individual growing season patterns. Therefore, only the annual influence of 

weather variables is considered.  

 

3.4.2.1. Cumulative precipitation 

On average over the period and the four harvested areas, annual precipitation in SSA is 

1080mm. The driest region is Sudano-Sahel with 653mm of annual precipitation and the 

wettest is the West region with 1,497mm. The greatest intra-region precipitation variances 

are observed in the South region where the standard deviation is around 500mm, whereas 

standard deviations in the other regions are generally around 200mm. 

Figure 3.4. Evolution of precipitation (in mm) averaged by region (1961-2002) 

  
 

Precipitation differs across crop area. For example, sorghum and millet have low 

water requirements and are harvested in areas with an annual average precipitation of 

nearly 990mm over the period. Alternatively, precipitation in cassava harvested areas is 

much higher with an average of 1,260mm. Land used to grow maize in SSA is 

characterized by an average rainfall of 1,061mm per year. The greatest precipitation 
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variability is observed in cassava areas, where the standard deviation is 541mm. In 

comparison, the standard deviation is 457mm in millet areas. 

Within regions, precipitation patterns also differ across crop zones. These 

disparities are especially pronounced in the Central region where cumulative precipitation 

for millet harvested land is on average 1,137mm, compared with 1,660mm on average in 

cassava cropland. Additionally, even within each crop zone, precipitation varies depending 

on the region. For instance, for sorghum cropland, average annual precipitation ranges 

from 599mm in Sudano-Sahel to 1,466mm in western Africa.  

As shown in Figure 3.4, precipitation varies greatly from year to year across all 

regions and crop zones. Overall, annual precipitations decrease slightly over the period, 

1961-2002, in SSA.  

 

3.4.2.2. SPI, droughts and floods 

For each year, The SPI is calculated over a period of 12 months from January to 

December. The reference period used to calculate the mean and the standard deviation is 

1901-2002, which represents the longest time series available. According to the 

categorisation proposed by McKee et al. (1993), the average SPI value of -0.17 calculated 

for 1961-2002, reveals near normal precipitation in SSA but with slightly less precipitation 

in this period than in the period 1901-2002 on average. Sudano-Sahel, according to this 

index, experienced the largest negative precipitation variations and has an average SPI 

value of -0.38. The SPI indicates lower than normal precipitation in all regions, except in 

the East and South regions. Since the SPI is a normalized index, the standard deviations are 

homogenous across regions (around 1). This implies that intra-regional variability is not 

reflected by this index as it is with cumulative precipitation. 

As illustrated in Figure 3.5, over the period 1961-2002, precipitation decreased 

compared to the 1901-2002 average and precipitation is generally higher than normal in 

the first half of the period in each crop zone. Particularly low SPI values are observed in 

the four harvested areas in the middle of the 1980s. SPI values are generally lower than 

normal in the second half of the period. Figure 3.5 also reveals that SPIs vary by region for 

each crop and that 2000 is marked by an exceptionally low average SPI in the East region. 
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This is mainly explained by lower than normal precipitation in Rwanda, Uganda and 

Burundi during this year. 

Figure 3.5. Evolution of SPI in SSA (1961-2002) 

  
 

Drought spell are determined using the 12-month SPI. This time scale is not the 

optimum indicator of agricultural drought as a shorter scale is preferred to identify drought 

spells (see Section 3.3.3.2). However, as for cumulative precipitation, this it is the most 

practicable in the present analysis. According to this index, drought spells occurred in 31% 

of years in the period 1961-2002. The highest drought spell occurrence is observed in the 

West (46%) and the lowest in the East (10%). Within regions, the four cropland areas are 

similarly affected by drought spells except in the Central region. Only maize and sorghum 

crop land in Somalia were not affected by drought spells during the 1961-2002 period. 

Overall, drought spells occurred in 34% of years in millet areas, 32% of years in sorghum 

areas and 29% of years in cassava and maize areas. The incidence of drought spells has 

increased during the sample period on average in SSA for the four crop areas and the 

occurrence of drought is the highest in the mid-80s.  

Like drought spells, flood spells are determined using a 12-month SPI. Flood spells 

are present in 10.5% of years during the period 1961-2002. The East region is the most 

prone to floods with flood spells occurring in 22% of years. Alternatively, floods are less 
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common in the West, which has a rate of flood spell occurrence of only 4.8%. At the crop 

level, sorghum areas experienced the most floods with spells covering 13% of years during 

the period 1961-2002. In comparison, floods occurred in only 9% of years in cassava areas.  

 

3.4.2.3. Temperature 

Over the period 1961-2002, the average temperature is about 24°C in SSA but means vary 

across regions. The highest regional average temperature is observed in Sudano-Sahel 

(27.7°C) and the lowest in the East (21.2°C).  

Figure 3.6. Evolution of temperature in SSA (1961-2002) 

  
 

The evolution of temperature over the sample period is detailed by crop zone in 

Figure 3.6. Average temperatures follow similar paths in the four crop zones and generally, 

average temperatures increase over the sample period. Generally, temperatures do not vary 

greatly across harvested areas within the same region. The average temperature for all four 

crop areas is close to 27°C in the Sudano-Sahel region. Average temperatures differ 

markedly by crop area only in the southern region, where they range from 20.7°C for 

sorghum and maize cropland to 22.2°C for cassava cropland. Within regions, temperatures 

are rather homogenous, except in the South region where the standard deviation exceeds 
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3ºC for maize and sorghum cropland. This is explained by very low temperature averages 

in the mountainous Lesotho (around 11ºC) where the lowest elevation is 1,400m. 

 

3.4.2.4. Reference evapotranspiration 

On average, ETo is 11mm per day. The highest evaporative demand of the air is observed 

in Sudano-Sahel, where the average ETo is 13mm per day. The lowest ETo is observed in 

the East region (9mm per day). ETo is generally lower for cassava cropland and higher for 

millet areas. 

Figure 3.7. Evolution of mean daily reference evapotranspiration (in mm) in SSA (1961-2002) 

  
 

As illustrated in Figure 3.7, ETo follows nearly the same trend in the four crop 

zones considered over the period 1961-2002. Overall, ETo increased very slowly over the 

period for all crops and regions. 

 

3.4.2.5. CO2 concentration 

CO2 concentration data specific to SSA are not available for the period considered. The 

longest time series on atmospheric CO2 concentration is obtained from measurements at 



103 

 

 

 

Mauna Loa Observatory, Hawaii, which provides good estimate of global  CO2 

concentration (Tans, 2009). 

As a global measure of CO2 concentration is used, the data are identical for all 

crops and in every region. As displayed in Figure 3.8, the mean annual CO2 concentration 

steadily increased over the period 1962-2002. The concentration rate ranged from 317.64 

part per million (ppm) in 1961 to 373.17ppm in 2002 with a mean of 342ppm.  

Figure 3.8. CO2 concentration in the atmosphere (in ppm) 

 

 

3.5. Methodology 

Production function estimates for each crop follow the same methodology, which involves 

several steps. The first step determines the structure and therefore the treatment of the 

dataset. Based on regional specificities, the presence of parameter heterogeneity is 

considered. The next step is to test for the presence of a unit root using appropriate tests 

according to data structure. Depending on the results of this test, the series is either kept in 

level form or tested for the presence of cointegration. If cointegration is found, an error 

correction model (ECM) model is considered, otherwise the variables are analysed in first 

differences. The estimation procedure also involves a series of diagnostic tests performed 

to detect the presence of individual and time effects, cross-sectional dependence, serial 

correlation and heteroskedasticity. The outcome of these tests determines the choice of the 

proper estimator to be used. All regressions and tests are implemented using Stata10. 
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3.5.1. Data treatment 

As noted in Section 3.4, the data for the production function analysis are available for 39 

countries over 42 years. These data could be treated as individual time series or as a panel. 

While there are some advantages to country specific analyses, a panel analysis is preferred 

for two main reasons: (i) sample size and quality of data are enhanced when combining 

cross-sections with time series and (ii) panel methods allow the user to control for time 

invariant unobservable factors that might affect the estimated coefficients, which is not 

possible in country specific studies.
15

 

Although a panel method is preferred in this study, panel analyses have some 

drawbacks. The main limitation is the assumption of parameter homogeneity across 

countries. Methods to address parameter heterogeneity are discussed below.  

 

3.5.2. Parameter heterogeneity 

In the present study, the hypothesis of parameter homogeneity is debatable. First, it is 

evident that sub-Saharan countries have different climates. The response of yields to 

weather might depend on whether the crop is grown in a more or less favourable climate. 

To account for parameter heterogeneity in the production function, the analysis is first 

implemented for SSA in aggregate before estimating separate equations for each climatic 

region. The grouping of countries by region follows the classification proposed by the 

FAO (1986a; cited in FAO(1997)) based on the climatic characteristics of each country. 

Given the geographic size and variation of some countries, some parts of some countries 

would be better characterized by the climate of the neighbouring region. However, 

agronomic data are only available at the national level and it is therefore not possible to 

obtain more precise data to refine climatic region categories. Moreover, the development 

of a better classification of countries by climatic region is beyond the scope of the present 

study. Therefore, the FAO classification is adopted. 

Another source of parameter heterogeneity could stem from differences in societies 

and economies across countries. As detailed in the introduction chapter, most sub-Saharan 

                                                
15

 See Kennedy (2003) and Hsiao (2003) for more detailed discussions on panel data analyses. 
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countries are low income countries except for eight countries which are middle income 

countries with a GDP per capita exceeding US$1,000 (Diao et al., 2006). Generally, 

African countries share similar economic characteristics (Collier, 1993). However, farming 

conditions may differ across countries as a variety of agricultural systems are observed in 

SSA (Dixon et al., 2001). As discussed in Chapter 1, some farming systems have higher 

agricultural potential than others. Based on these farming system features and their 

prevalence in each country, Diao et al. (2006) propose dividing SSA countries into those 

with less favourable agricultural conditions (LFAC) and those with more favourable 

agricultural conditions (non-LFAC). In the current study, four climatic regions include 

countries with LFAC: Sudano-Sahel (Chad, Mali, Niger, Mauritania), East (Burundi, 

Madagascar, Rwanda), Central (Gabon) and South (Botswana, Namibia). Given 

heterogeneity in agricultural condition across countries, it is likely that parameter 

homogeneity imposed by a panel analysis might be inappropriate. One possibility would be 

to split the sample into two groups (LFAC and non-LFAC). However, as the regressions 

are already performed for each climatic region, this solution would greatly reduce the 

sample size for sub-region analyses. Instead, in this study, a dummy variable equal to one 

for the countries with the less favourable agricultural conditions (LFAC) and zero 

otherwise is created. This LFAC dummy variable is interacted with the climatic variables 

included in each regional specification. The production function is then specified as (the 

T-P, ET-SPI and CO2 described by equation (3.7)-(3.9) are appropriately modified): 

 Yit = f (Ait, Wit, W×LFACit)
 

(3.9)  

where Ait
 
and Wit are defined as in equation (3.2) and coefficients on the interaction terms 

represent additional weather effects and therefore allow for different crop yield responses 

to weather depending on the level of agricultural conditions.  

Considering agricultural conditions also allows the analysis to account for the 

effect of different omitted parameters. For instance, countries with less favourable 

conditions are composed of systems with low growth potential that can be characterized by 

small farm size, poor infrastructure, lack of resources or appropriate technologies, or slow 

market place development, which are not modelled in the current study. Alternatively, 

countries with more favourable conditions are composed of irrigated or inter-cropping 

systems that have a good agricultural growth potential. As a result, the effect of weather 
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will be more important in countries with less favourable conditions and the weather-LFAC 

interactions allow the regressions analyses to capture such differences.  

  

3.5.3. Data stationarity 

Prior to estimating the production function, it is necessary to determine whether or not the 

data are stationary to determine whether „standard‟ regression techniques can be used or if 

a cointegration approach is required.  

 

3.5.3.1. Panel unit root tests 

If a series is not stationary in levels, it can be differenced to become stationary. Series are 

said to be integrated of order d, or I(d), where d is the number times the series has to be 

differenced to become stationary. Several tests exist to test for the presence of non-

stationarity of panel series. For example, Hadri (2000) proposes a test for heterogeneous 

panels which has a null hypothesis of stationarity. However, this test does not allow for 

unbalanced panels. The alternative is to consider unit root tests. The most commonly used 

unit root tests are the Levin-Lin-Chu (Levin et al., 2002) test, the Im-Pesaran-Shin (IPS) 

test (Im et al., 2003) and the Maddala and Wu (1999) test. In the present study, only the 

latter is applied. This test is preferred to the Levin-Lin-Chu and IPS tests because of its 

greater power and because it is least affected by violation of the assumption of no cross-

country correlation among the errors (Maddala and Wu, 1999). Furthermore, it is 

applicable to unbalanced panels.  

The unit root test developed by Maddala and Wu (1999) is a combination of p-

values obtained from a Fisher (1932) test applied to the individual series. This test is 

performed using the xtfisher routine. The null hypothesis that all series are non-

stationary is tested against the alternative hypothesis that at least one of the series is 

stationary. Failure to reject the null hypothesis provides a clear conclusion regarding 

treatment of the data. Unfortunately, the Maddala and Wu alternative hypothesis is not 

very informative if the null hypothesis is rejected. This is because the test does not indicate 

which variables are non-stationary or their orders of integration. Therefore, if the null 

hypothesis is rejected, standard unit root tests are applied to each time series. 
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3.5.3.2. Time series unit root tests 

In this study, if required, each series is tested for a unit root using the Elliott-Rothenberg-

Stock (ERS) test. This test is a Dickey-Fuller generalized least square (DF-GLS) test using 

critical values from Elliott et al. (1996). This modified Dickey-Fuller test is preferred to 

the augmented Dickey-Fuller (ADF) test because of its greater power and because it 

performs better with small samples. The Kwiatkowski-Phillips-Schmidt-Shin (KPSS) 

stationarity test of Kwiatkowski et al. (1992) could also be used as it has the convenient 

null hypothesis of stationarity. However, Maddala and Kim (1998) do not recommend 

using this test because it has low power.  

The ERS test is performed on detrended data using a GLS estimator and fits the 

following model using OLS: 

 t

d

ktk

d

t

d

t

d

t
 


Y...YYY

1110  (3.10)  

where 
d

t
Y  is the GLS detrended series of Yt, Δ denotes the first difference and k is the 

maximum number of lags of 
d

t
Y included in the equation. The determination of the lag 

length is essential as the ERS is based on an autoregressive regression and lags of the 

dependent variable are used to avoid serial correlation. A too-long lag length might reduce 

the power of the test and a too-short lag length will bias the test as some serial correlation 

in the residuals might remain. The test is first performed with a maximum lag length 

k_max equal to the closest integer value given by 12[(T+1)/100]
0.25

, as proposed by 

Schwert (1989). The optimal lag length will depend on the information criteria employed. 

The most frequently used information criterions are the Akaike information criteria (AIC) 

and the Schwarz Bayesian information criteria (SBIC). Because of the small sample size, 

selection of the optimal lag length is based on the SBIC and in order to keep the sample as 

large as possible, the test is re-implemented with the maximum lag value reduced to the 

optimal lag length. As the data generating process is not known a priori, a constant and a 

time trend are included when estimating equation (3.10). 
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The ERS procedure tests the hypotheses: 
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where H0 is the null hypothesis of the presence of a unit root and H1 is the alternative 

hypothesis of stationarity. If the null cannot be rejected, the series has to be differenced d 

times to be stationary. Rejection of the null hypothesis leads to the acceptation of the 

alternative hypothesis that the time series is stationary. 

Initially, the test is performed on variables in first difference to ensure that the 

series are not integrated of an order higher than one. All variables for which the ERS unit 

root test applied to first differences is rejected (i.e. all the series that are not integrated of 

an order greater than one), are considered for the cointegration test. 

 

3.5.4. Panel cointegration tests 

When using non-stationary variables, a spurious regression is of concern. However, if 

variables share the same stochastic trend so that a linear combination of them is stationary, 

the time series are said to be cointegrated. In this case, a long-run relationship exists and 

the relationship is not spurious.  

To determine if a relationship exists between crop yields and postulated 

determinants, a formal test of cointegration is needed. The literature on panel cointegration 

tests is expanding rapidly. Tests developed by Pedroni (1997; 1999; 2004), McCoskey and 

Kao (1998) and Kao (1999) test for the presence of a unit root in the residuals. These 

procedures test the null hypothesis of no cointegration against the alternative that there is 

cointegration. Additionally, they all assume cross-sectional independence. This last 

assumption is unlikely in the current study. A test developed by Westerlund (2007) 

addresses the issue of cross-sectional dependence by bootstraping p-values. The test also 

allows for dependence within cross-sectional units. Westerlund (2007) tests the 

significance of the error correction term (ECT) in an ECM. The test is based on the ECM 

specified as: 

 ititi
t

iitiiit i
 




)XY(XY
1

1
 (3.11)  

where for country i at time t, Y  is the dependent variable, X is a vector of  explanatory 

variables, μ the residual, ς the constant and λ the estimated speed of error correction toward 
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the long-run equilibrium. The null hypothesis of no cointegration H0: λi = 0 is tested 

against the alternative H1: λi < 0. Rejection of the null hypothesis implies that there is 

cointegration. Westerlund‟s (2007) test is implemented using the routine xtwest 

developed by Persyn and Westerlund (2008). Prior to running the cointegration test, a test 

for cross-sectional independence is performed (see Section 3.5.5.2 for greater details). If 

the null hypothesis of independence is rejected, the error terms are dependent across 

countries and robust p-values are obtained via boostrapping (using 100 computations). 

Westerlund‟s (2007) procedure computes four different tests. Two tests, Gτ and Gα, 

consider the presence of cointegration for individual panel members. Two other tests, Pτ 

and Pα, consider the presence of cointegration for the panel as a whole. Gτ and Pτ are t-ratio 

tests while Gα and Pα are coefficient-type statistic tests. The appropriate test for the present 

analysis is the Pτ test. 

If a cointegrating vector is found for the panel as a whole, i.e. if the Pτ is 

significant, an ECM can be estimated. The ECM consists of including the lag of an ECT in 

the regression in first difference. The ECT represents the long-term relationship. The ECT 

coefficient is an estimate of the adjustment process toward long-run equilibrium. A 

coefficient ranging from 0 to -1 indicates that the dependent variable converges 

monotonically. If the coefficient is between -2 and -1 the convergence is oscillating around 

equilibrium. Finally, if the coefficient is less than -2, the dependent variable will diverge 

from the long-run equilibrium.  

 

3.5.5. Diagnostic tests 

In econometric analyses, care must be taken to determine the appropriate estimator. The 

choice of estimator depends on the model to be estimated and the properties of the data. In 

this analysis, diagnostic tests are used to test for individual and time effects, cross-sectional 

independence, no serial correlation and heteroskedasticity. 

 

3.5.5.1. Individual and time effects 

The first step in determining the appropriate estimator is to determine the presence of 

individual fixed effects (i.e. the presence of permanent differences between countries). 



110 

 

 

 

This is done by testing the null hypothesis that there is a common intercept (or no 

individual effect) against the alternative that individual effects are present. Using an F-test, 

failure to reject the null hypothesis indicates that there are no individual effects and an 

OLS estimator on pooled data should be used. When estimating a regression in first 

differences, fixed effects are automatically removed from the model. 

In the presence of individual effects, either fixed effects or random effects can be 

used. In the present case, the individuals are not a random sample of countries so fixed 

effects are more appropriate than the random effect estimator (Cameron and Trivedi, 

2005). The one-way fixed effect model is formulated as:  

 itiitit
  XY  (3.12)  

where Xit is a vector of variables varying over both individual and time, μi is the individual 

unobserved fixed effect and εit is the error term that is independent identically distributed. 

Additionally, there can be some effects that vary over time but not across countries, 

known as time effects. To control for omitted variable representing these time effect, N-1 

time dummies common to all countries can be included in the regression. The two-way 

fixed effect model is formulated as:  

 ittiitit
v   XY  (3.13)  

where vt is the unobserved time effect. To test for the relevance of time effects, a Wald test 

on the joint significance of time dummies is performed using the command testparm. 

This test has a null hypothesis that the time dummies are not jointly significant. Rejection 

of the null indicates that the regression should include time effects. 

 

3.5.5.2. Cross-sectional independence 

The presence of cross-sectional dependency can reduce the advantages of data pooling 

(Phillips and Sul, 2003). Inclusion of time dummies in the regression captures cross-

sectional dependency when the time effect is common to all countries. However, there are 

other forms of cross-sectional dependency, where cross-sectional correlations are not the 

same for each pair of countries. 

To determine the presence of cross-sectional correlations, a test for cross-sectional 

independence is performed. The Breusch-Pagan test described in Greene (2000; p.601) is 
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implemented using the xttest2 routine and tests the null hypothesis of cross-sectional 

independence. However, this test is not applicable when the number of groups is greater 

than the number of years in the panel. In this case, a test developed by Pesaran (2004) is 

used. The test is implemented using the command xtcsd and tests the null hypothesis of 

cross-sectional independence. For both tests, if the null hypothesis is rejected, one can 

conclude that the error terms are dependent across countries. 

 

3.5.5.3. No serial correlation 

Standard errors are underestimated when the assumption that the residuals are independent 

is violated. To test for the absence of autocorrelation, a test proposed by Arellano and 

Bond (1991) is applied. This test is the most general test of autocorrelation available in 

Stata 10 and can be applied to panel and time series data. The null hypothesis is that there 

is no residual first order autocorrelation is tested against the alternative hypothesis that 

there is residual first order autocorrelation using the abar routine developed by Roodman 

(2006). 

 

3.5.5.4. Homoskedasticity 

The linear regression model is based on the assumption of homoskedasticity. 

Homoskedasticity is observed when the variance of the error term is constant. When this 

assumption is not satisfied (i.e. there is heteroskedasticity), OLS estimates remain 

consistent but the standard errors are no longer valid as they are underestimated. The 

xttest3 routine is used to implement the tests for panel heteroskedasticity described by 

Greene (2000). It produces a modified Wald statistic testing the null hypothesis of 

groupwise homoskedasticity. 

 

3.5.6. Estimator selection 

Estimators used in the production function analysis depend on the results of diagnostic 

tests, as summarised in Table 3.3. When there are no individual effects, the standard OLS 

estimator is used using the routine regress. If serial correlation is detected, a Cochran-
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Orcutt transformation is used by the command prais, and if the errors are 

heteroskedastic, robust standard errors are computed.  

When individual effects are present, panel data estimators are adopted. If there is 

no cross-sectional dependence and if there is no auto-correlation, the fixed effect panel 

estimator is applied using the command xtreg. If the null hypothesis of group-wise 

homoskedasticity is rejected, the standard errors are corrected using the Huber-White-

Sandwich estimator. In presence of individual effects and with serial correlation but no 

heteroskedasticity and cross-sectional dependence, the xtregar routine is used. This 

program fits fixed effect regressions with a first order auto-correlated disturbance. If there 

is autocorrelation and heteroskedasticity and cross-sectional independence, the estimator 

xtgls using feasible generalized least squares is implemented as it produces 

heteroskedastic robust estimates and accounts for first order autocorrelation. 

If there is cross-sectional dependence, the xtscc routine developed by Hoechle 

(2007) is used to obtain robust standard errors. The xtscc estimator is preferred to other 

estimators as it produces Driscoll and Kraay (1998) standard errors that are robust to very 

general forms of cross-sectional and temporal dependence. However, this estimator 

assumes heteroskedasticity and autocorrelation. When such issues are not present, the 

pooled generalized least square estimator xtgls is used. To estimate fixed effects, 

country-specific dummies are included in the specification. Different options are also 

available to account for different errors structures. Regarding autocorrelation, the 

command xtgls enables one to choose between distinct autocorrelation errors processes 

for each country (corr(psar1)) or a common autocorrelation process (corr(ar1)). 

The corr(psar1)option is less restrictive but because of small sample sizes, the 

corr(ar1) option should be used (see Cameron and Trivedi, 2009). However, with the 

xtgls estimator, it is not possible to account for cross-sectional dependence without 

assuming heteroskedasticity so heteroskedastic robust standard errors are calculated when 

this command is used.  
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Table 3.3. Estimator selection 

Cross-

sectional 

dependence 

Heteroske

dasticity 

Serial 

correlation 

No individual effect Individual effects 

Estimator Options Estimator Options 

× × × regress  xtreg fe 

×  × regress robust xtreg robust fe 

× ×  prais corc xtregar fe 

×   prais corc robust xtgls 
id

*
 panel(hetero) 

corr(ar1) 

 × × xtgls panel(corr) xtgls id
*
 panel(corr) 

  × xtgls 
panel(corr) 

corr(ar1) 
xtgls 

id
*
 panel(corr) 

corr(ar1) 

 ×  xtgls panel(corr) xtgls id
*
 panel(corr) 

   xtscc  xtscc fe 

Note: when the option fe is not available, id* indicates the inclusion of country dummies in the regression to 

account for group fixed effects. 

 

3.6. Results and discussions 

For each crop and each region considered, the models detailed in Section 3.3 are estimated 

following procedures outlined in Section 3.5. To limit the number of output tables, only 

final specifications are tabulated. Prior to estimating production functions, Maddala and 

Wu (1999) unit root tests are performed on all variables in the panel. Detailed results for 

these tests are presented in Appendix G. The null hypothesis of a unit root for all series is 

rejected in most cases, which implies that at least one of the series is stationary. As 

mentioned in Section 3.5, these results do not provide any indication regarding which 

series are stationary and which are not. Therefore, ERS time series unit root tests are 

performed to determine the order of integration for each series. The test results, which are 

displayed in Appendix H, indicate that most series used in the production function are non-

stationary in levels. Consequently, ERS tests are performed on the first difference of each 

variable and the presence of a long-run relationship is tested using Westerlund‟s (2007) 

cointegration test for each specification. However, only test results for the final 

specifications are reported. Additional diagnostic tests of cross-sectional independence, 

first order serial non-correlation, and homoskedasticity are performed for each 

specification, but only test statistics for final regressions are detailed in the following sub-

sections. Tests on joint significance of fixed effects and time dummies are also performed 

for each specification but only tests for final specifications are discussed. Following these 

tests, tables reporting final regressions results are detailed for each crop and model.  
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As mentioned in Section 3.3.3.1, bias in the dependent variable due to the use of 

area harvested instead of area sown in crop yields calculations was examined by removing 

area from the set of explanatory variables. However, this exclusion had little impact on the 

coefficient estimates, so area is included as an independent variable in all final regressions. 

 

3.6.1. Cassava 

Results for ERS tests are summarized in Table 3.4 by presenting estimated values for α0 

from equation (3.11) when the data are first differenced and indicating the level of 

significance (using asterisks) as well as the number of lags (in parenthesis) of the 

dependent variable included when estimating equation (3.11). As displayed in Table 3.4, 

the null hypothesis of the presence of a unit root is rejected for most variables. For a few 

series, however, the null hypothesis cannot be rejected, indicating that the series are at least 

I(2) (e.g. cassava yields in Gambia, Mali, Guinea and Equatorial Guinea). For such series, 

supplementary visual analyses are performed which suggest that these series might be I(1). 

Since the ERS test may conclude that a series is non-stationary in first differences due to 

low test power and the appropriateness of second differencing is questionable, the series 

are judged to be I(1).  

Regarding CO2 concentration data, this series is common to all countries and does 

not differ by harvested area. Therefore, only one test is necessary for all models to evaluate 

the stationarity of the first difference of the series. The test statistic for this test is -5.122 

and is significant at the 1% significance level, indicating that the series is stationary in first 

differences. Given the results from the stationary tests, all series are used in first 

differences for all cassava specifications. Cassava results for the T-P and ET-SPI models 

are reported in the next two sub-sections. Regressions for the CO2 model indicate that CO2 

concentrations do not have a significant effect on cassava yields, so results for this model 

are not reported. 
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 Table 3.4. ERS unit root test results for cassava production function variables 

 Countries ΔlnY  ΔlnA ΔT ΔP ΔETo ΔSPI 
S

u
d

a
n

o
-S

a
h

e
l 

Burkina Faso -4.63*** (1) -7.06*** (2) -7.65***   (1) -7.94*** (1) -7.136*** (1) -8.10*** (1) 

Chad -3.97
***

 (1) -5.26
***

 (3) -10.53
***

 (1) -6.99
***

 (1) -9.598
***

 (1) -7.29
***

 (1) 

Gambia -2.15     (9) -4.46*** (1) -8.65***   (1) -6.08*** (1) -8.420*** (1) -6.34*** (1) 

Mali -2.20     (1) -2.76     (1) -6.02***   (2) -6.45*** (1) -5.636*** (2) -6.41*** (1) 

Niger -7.16*** (1) -5.30*** (1) -8.39***   (1) -6.62*** (1) -9.668*** (1) -6.70*** (1) 

Senegal -6.87*** (1) -4.37*** (1) -7.34***   (1) -5.15*** (2) -7.040*** (1) -5.81*** (1) 

Somalia -3.66**  (1) -3.64**  (1) -5.48***   (1) -7.26*** (1) -5.148*** (1) -5.01*** (2) 

Sudan -4.85*** (1) -3.93*** (1) -10.57*** (1) -8.29*** (1) -9.036*** (1) -8.43*** (1) 

W
e
st

 

Benin -5.22*** (1) -6.23*** (1) -7.03***    (1) -7.11*** (1) -6.530*** (1) -7.06*** (1) 

Côte d'Ivoire -3.60**  (1) -3.40** (1) -6.28***    (2) -7.45*** (1) -6.372*** (1) -7.71*** (1) 

Ghana -4.43*** (1) -5.60*** (1) -6.14***    (2) -5.49*** (2) -6.366*** (1) -5.57*** (2) 

Guinea -2.65     (1) -3.89*** (1) -6.88***    (1) -7.05*** (1) -6.774*** (1) -7.45*** (1) 

Guinea-Bissau -4.34*** (1) -3.94*** (1) -9.12***    (1) -7.07*** (1) -6.790*** (2) -7.40*** (1) 

Liberia -4.73
***

 (1) -4.42
***

 (1) -6.41
***  

  (2) -8.77
***

 (1) -5.710
***

 (1) -8.97
***

 (1) 

Nigeria -4.68*** (1) -3.57** (1) -9.05***   (1) -6.59*** (1) -8.678*** (1) -6.62*** (1) 

Sierra Leone -5.36*** (1) -5.25*** (1) -6.43***   (1) -6.02*** (1) -6.356*** (1) -6.13*** (1) 

Togo -4.69*** (1) -4.92*** (1) -7.00***    (1) -6.18*** (1) -7.458*** (1) -6.32*** (1) 

C
e
n

tr
a

l 

Cameroon -3.22** (1) -3.476** (1) -9.21***   (1) -4.97*** (1) -6.726*** (1) -5.10*** (1) 

CAR -5.46*** (1) -2.92*    (1) -8.48***    (1) -4.29*** (1) -8.838*** (1) -4.50*** (1) 

Congo -6.48*** (1) -7.08*** (1) -6.77***   (1) -1.46     (4) -6.092*** (1) -1.54     (4) 

Congo DR -5.38*** (1) -3.35**   (1) -8.93***   (1) -4.36*** (1) -6.074*** (1) -4.56*** (1) 

Equatorial Guinea -2.53     (1) -2.36     (1) -6.21***   (1) -6.98*** (1) -5.806*** (1) -7.06*** (1) 

Gabon -5.38*** (1) -3.10*    (1) -6.43***   (1) -5.36*** (2) -5.810*** (1) -5.45*** (2) 

E
a

st
 

Burundi -5.43*** (2) -5.48*** (1) -9.35***   (1) -4.31*** (1) -6.666*** (1) -4.47*** (1) 

Kenya -7.78*** (1) -7.97*** (1) -10.04*** (1) -5.45*** (1) -5.834*** (1) -5.57*** (1) 

Madagascar -5.88*** (1) -4.57*** (1) -6.37***   (1) -3.96*** (1) -4.770*** (2) -3.90*** (1) 

Rwanda -4.65*** (1) -3.49**  (2) -8.98***   (1) -5.42*** (1) -6.672*** (1) -5.26*** (1) 

Uganda -4.91*** (1) -5.08*** (1) -9.16***   (1) -5.83*** (1) -8.242*** (1) -5.85*** (1) 

S
o
u

th
 

Angola -3.95*** (2) -4.48*** (1) -7.07***   (1) -6.82*** (1) -6.852*** (1) -6.85*** (1) 

Malawi -4.86*** (1) -2.77     (1) -7.01***   (1) -6.81*** (1) -8.230*** (2) -5.82*** (2) 

Mozambique -5.02*** (1) -4.34*** (1) -5.88***   (1) -7.76*** (1) -6.100*** (1) -7.76*** (1) 

Tanzania -3.86*** (1) -4.07*** (1) -6.79***   (2) -5.10*** (1) -7.834*** (1) -5.12*** (1) 

Zambia -3.20**  (2) -4.52*** (1) -6.64***   (1) -5.57*** (1) -6.884*** (2) -5.74*** (1) 

Zimbabwe -3.94*** (1) -3.29**   (1) -6.48***   (1) -1.94     (5) -6.980*** (1) -1.95     (5) 

Notes: values in parenthesis indicate the number of lags of the dependent variable considered (see Section 

3.5.3.2 for details regarding the determination of the lag length); ***, ** and * denote significance at the 1%, 

5% and 10% level respectively. 

 

3.6.1.1. T-P model 

As noted in Section 3.3, the T-P model considers the effects of average temperature and 

cumulative annual precipitation. As indicated by the unit root tests, the regression analysis 
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should be performed on first differenced data. However, a long-run relationship might 

exist so a panel cointegration test is performed for each specification and each region. 

Westerlund‟s (2007) test reveals that the series are not cointegrated. As displayed in Table 

3.5, the null of no cointegration is not rejected in any region. Table 3.5 also reports results 

from tests for cross-sectional independence, no autocorrelation and homoskedasticity. The 

cross-sectional independence test shows that the variables are contemporaneously 

correlated in the specifications for the West, Central and South regions. Arellano and 

Bond‟s (1991) test shows that the null hypothesis of no autocorrelation is rejected in the 

SSA and East samples. Regarding the homoskedasticity test, the null hypothesis of 

homoskedasticity is rejected in all regressions. As mentioned in Section 3.5, the same 

estimator is used for every specification for consistency across regions. The preferred 

estimator to deal with cross-sectional dependence, autocorrelation and heteroskedasticity is 

xtscc. As all variables are considered in first differences, fixed effects are not included. 

Also, time dummies are only jointly significant for the West, so they are only included in 

the specification for this region. Throughout this study, tests results for the significance of 

fixed effects and time dummies are not reported. 

Table 3.5. T-P model diagnostic tests statistics for final cassava specifications 

H0 SSA 
Sudano-

Sahel 
West Central East South 

No cointegration -11.759       -6.373 -7.522 -5.885 -6.463 -1.196 

Cross-sectional independence 1.169 35.390 -4.482*** 25.410** 6.999 32.535*** 

No autocorrelation of order 1 -3.363*** -1.443 -0.606 -0.300 -2.866*** -1.324 

Homoskedasticity 45,077*** 4,146*** 200*** 297*** 10,215*** 472*** 

Note: ***, ** and * denote significance at the 1%, 5% and 10% level respectively. 

 

Regression analysis of cassava yields in SSA using average temperature and 

cumulative precipitation produce mixed results. As indicated in The constant is significant 

in SSA and in the Central region and indicates that technological change increases cassava 

yield by around 1% per year. 

Table 3.6, area harvested is the only significant variable in the SSA regression. 

This coefficient is negative and indicates, as expected, decreasing marginal land 

productivity. Similar effects are observed in the regional regressions, except in the South 

region where the area coefficient is insignificant. However, estimated coefficients for area 

differ across regions reflecting different marginal land productivities.  
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The constant is significant in SSA and in the Central region and indicates that 

technological change increases cassava yield by around 1% per year. 

Table 3.6. Cassava T-P regressions using the xtscc estimator: dependent variable ΔlnY 

  SSA  Sudano-Sahel West Central East South 

ΔlnA -0.197*** -0.0811** -0.396** -0.699*** -0.474** -0.118 

 
(0.0491) (0.0295) (0.121) (0.0803) (0.111) (0.0875) 

ΔT -0.00190 0.0334 -0.0174 -0.00450 0.0191 -0.0189 

 
(0.00798) (0.0193) (0.0239) (0.00933) (0.0377) (0.0206) 

ΔP -8.21e-06 0.000176* 0.000228** -3.74e-05* -9.28e-05 2.28e-05 

 
(1.03e-05) (8.39e-05) (8.96e-05) (1.76e-05) (6.00e-05) (3.14e-05) 

ΔP
2
 

 

-8.76e-08* -5.17e-08** 

   
 

 

(3.83e-08) (1.97e-08) 

   Constant 0.00971* 0.000586 0.0228 0.00912** 0.0168 0.0172 

 
(0.00505) (0.00901) (0.0198) (0.00295) (0.0106) (0.00886) 

Observations 1,371 328 346 246 205 246 

No. of countries 34 8 9 6 5 6 

R
2
 0.084 0.051 0.361 0.562 0.195 0.016 

F 5.722*** 3.959* 23.23*** 29.87*** 13.13** 1.834 

Time dummies no no yes no no no 

Fixed effects no no no no no no 

Notes: Standard errors in parentheses; ***, ** and * denote significance at the 1%, 5% and 10% level 

respectively. 

 

Regarding weather variables for the SSA sample, preliminary regressions including 

interaction and quadratic weather terms did not uncover statistically significant 

coefficients, so these terms were excluded (as discussed in Section 3.3.3). In the final SSA 

specification reported in The constant is significant in SSA and in the Central region and 

indicates that technological change increases cassava yield by around 1% per year. 

Table 3.6, temperature and precipitation variables are insignificant. At the regional 

level, precipitation is statistically significant in three regions (Sudano-Sahel, West and 

Central). In Sudano-Sahel and West, precipitation squared is also significant and indicates 

a concave relationship between yield and precipitation. For example, everything else 

constant, a 10mm increase in precipitation increases cassava yields by 0.18% in Sudano-

Sahel and 0.2% in the West, but a 100mm precipitation increase causes an increase in 

cassava yields of 1.7% in Sudano-Sahel and 2.2% in the West. For the Central region, 

where cassava is the preferred crop, the negative precipitation coefficient indicates that an 

increase in precipitation causes a decrease in yields. This result can be explained by the 
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relatively wet climate in the region and by the sensitivity of cassava to excessive 

precipitation. 

Temperature is not significant in any region. However, this result does not 

necessarily indicate that temperature does not affect cassava yields. Instead, temperature 

changes in the cassava areas over the sample period may not have been large enough to 

affect cassava yields. Also, other parameters may be more important in explaining yield 

changes, such as management practices, but are not included in the regressions due to data 

limitations. To capture the impact of management practices, the weather variables were 

interacted with a dummy variable representing countries with LFAC, as outlined in Section 

3.5.2. These regressions did not produce any significant results (and are therefore not 

reported in The constant is significant in SSA and in the Central region and indicates that 

technological change increases cassava yield by around 1% per year. 

Table 3.6) and indicate that management practices, as captured by LFAC 

interactions, do not account for the unresponsiveness of yields to temperature changes. 

 

3.6.1.2. ET-SPI model 

In the ET-SPI model, the cassava production function is re-estimated using advanced 

weather parameters. Specifically, as stated in Section 3.3.3.2, temperature and radiation 

conditions are represented by ETo and precipitation by the SPI and drought and flood 

dummies constructed from the SPI. Test statistics for the ET-SPI model are reported in 

Table 3.7. The cointegration test indicates that there is not a long-run relationship among 

the variables in any region. The hypothesis of cross-sectional independence is rejected for 

five regions. Autocorrelation is present in two regressions (SSA and East). Also, the 

homoskedasticity test shows that the errors are heteroskedastic in every region. Based on 

the test results, the best estimator is xtscc. Time dummies are jointly insignificant in all 

regressions and are therefore not included. Additionally, fixed effects are not included as 

all variables are considered in first differences. 
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Table 3.7. ET-SPI model diagnostic tests statistics for final cassava specifications 

H0 SSA 
Sudano-

Sahel 
West Central East South 

No cointegration -13.246 -7.549 -8.144 6.209 -6.090 -1.960 

Cross-sectional independence 0.977 38.212
*
 -4.485

***
 26.539

**
 7.484 26.412

**
 

No autocorrelation of order 1 -3.363*** -1.443 -0.606 -0.300 -2.866*** -1.324 

Homoskedasticity 45,259*** 3,738*** 222*** 338*** 14,551*** 549*** 

Note: ***, ** and * denote significance at the 1%, 5% and 10% level respectively. 

 

Final specifications for the ET-SPI model, reported in Table 3.8, estimate similar 

relationships between area and cassava yield as in the T-P model. Also like in the T-P 

model, temperature related variables, do not have a significant impact on cassava yields in 

the ET-SPI model. The ΔSPI variable, representing a departure from normal precipitation, 

is significant for the Sudano-Sahel and Central regressions. The positive SPI coefficient for 

Sudano-Sahel indicates that, for example, a one standard deviation increase in precipitation 

relative to the median leads to a 1.8% increase in cassava yields in Sudano-Sahel. 

Alternatively, in the Central region, the SPI is negatively correlated with cassava yields. In 

this region, a one standard deviation increase in precipitation relative to the median leads 

to a 1% decrease in yields. As noted in the explanation for the negative impact of 

precipitation on yield in the Central region for the T-P model, this result is driven by 

humid climatic conditions in the Central region. 
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Table 3.8. Cassava ET-SPI regressions using the xtscc estimator: dependent variable ΔlnY  

  SSA  
Sudano-

Sahel 
West Central East South 

ΔlnA -0.197*** -0.0718** -0.398** -0.695*** -0.469** -0.125 

 
(0.0493) (0.0267) (0.120) (0.0779) (0.117) (0.0884) 

ΔETo -0.00192 0.195 -0.0583 -0.00682 -0.0411 -0.0248 

 
(0.0276) (0.129) (0.0481) (0.0241) (0.0838) (0.0434) 

ΔSPI 0.000581 0.0184** 0.00625 -0.0105* -0.0182 0.152* 

 
(0.00218) (0.00689) (0.00496) (0.00483) (0.00983) (0.0672) 

Δ(ETo×SPI) 

     

-0.0145* 

 
     

(0.00650) 

ΔFlood -0.0202*** -0.0545** 

   

-0.437* 

 
(0.00628) (0.0204) 

   

(0.196) 

Δ(ETo × Flood) 

     

0.0413* 

 
     

(0.0186) 

Δ(ETo × LFAC) 

 

-0.188 

    
 

 

(0.153) 

    Δ(SPI × LFAC) 

 

-0.0216 

    
 

 

(0.0128) 

    Δ(Flood × LFAC) 

 

0.0536* 

    
 

 

(0.0260) 

    Constant 0.00964* 0.000897 0.0291** 0.00898** 0.0173 0.0173 

 
(0.00503) (0.00874) (0.0123) (0.00292) (0.0109) (0.00901) 

Observations 1,371 328 346 246 205 246 

No. of countries 34 8 9 6 5 6 

R
2
 0.085 0.077 0.365 0.569 0.195 0.033 

F 3.430*** 4.837* 3.623*** 27.52*** 12.14** 1.568** 

Time dummies no no no no no no 

Fixed effects no no no no no no 

Notes: standard errors in parentheses; ***, ** and * denote significance at the 1%, 5% and 10% level 

respectively. 

 

Initial regressions for the ET-SPI model indicated that drought dummies were 

insignificant. These parameters are therefore excluded from the final specification reported 

in Table 3.8. This finding is plausible as cassava is a relatively drought resistant plant. The 

effect of excessive precipitation is captured by the flood variable. ΔFlood has a significant 

and negative impact on cassava yields in SSA, Sudano-Sahel and South regions. For 

instance, in SSA, the onset of a flood decreases cassava yields by 2%. No flood effect is 

found in the Central region where ΔSPI has a negative coefficient, or in the East and South 

regions. In the South, interaction terms between evapotranspiration and SPI and 

evapotranspiration and flood are significant. Following equation (3.7) these interactions 
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terms are the first-difference of the interaction terms (i.e. Δ(ETo × SPI) and Δ(ETo × 

Flood)) and not the interaction of the variables in first difference (i.e. ΔETo × ΔSPI and 

ΔETo × ΔFlood). The Δ(ETo × SPI) and Δ(ETo × Flood) coefficients are significant and 

indicate that the effect of ETo on yields depends on the value of SPI and Flood, and that the 

effects of ΔSPI and ΔFlood on yield depends on the value of ETo. This means that the 

regression coefficients of ΔETo, ΔSPI and the ΔFlood should be interpreted when there is 

no change in the covariate included in the interaction term. The marginal effects can be 

expressed as: 

 Flood0413.0SPI0145.00248.0
ET

Yln

o





 (3.14)  

 o
ET0145.0152.0

SPI

Yln





 (3.15)  

 o
ET0413.0437.0

Flood

Yln





 (3.16)  

These equations reveal that marginal effects vary depending on the values of other 

independent variables. The effect of a change in ETo, SPI and Flood when the covariates 

are held at their mean values, are represented in Figure 3.9. The left-hand graph in Figure 

3.9 shows that, everything else constant, when SPI and Flood are held at their mean values 

(0.05 and 0.11 respectively) and ETo increases by 0.5mm per day, cassava yields are 

expected to decrease by 1.05% and when ETo decreases by 0.5mm per day, cassava yields 

are expected to increase by 1.05%. Alternatively, the middle graph shows that, everything 

else constant, when ETo is held at its mean value (10.06) and SPI increases by two (which 

corresponds to a two-standard deviation increase in precipitation relative to the median), 

cassava yields are expected to increase by 1.23%; and when SPI decreases by 4, cassava 

yields decrease by 2.45%. The right-hand graph, shows that, when ETo is held at its mean 

value (10.06) and ΔFlood is equal to 1 (for instance when a flood begins), cassava yield 

decreases by 2.1%. 
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Figure 3.9. Effect of ΔETo, ΔSPI and ΔFlood on ΔlnY for cassava in South 
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Parameter homogeneity was tested by including an interaction term between 

weather variables and the LFAC dummy but did not provide significant results except in 

Sudano-Sahel regression. For the Sudano-Sahel subsample, the LFAC weather interactions 

indicates that Flood onsets are less damaging to cassava yields in LFAC countries than 

non-LFAC countries in Sudano-Sahel. This finding contradicts the assumption that LFAC 

countries are more vulnerable to climate extremes than non-LFAC countries. 

 

3.6.2. Maize 

ERS test results on first differenced series included in maize production functions 

presented in Table 3.9 indicate that the majority of series are stationary in first differences. 

However, the test does not reject the null hypothesis of a unit root for ΔlnY in Sudan, ΔlnA 

for Nigeria, Rwanda and Madagascar, ΔP in Congo and ΔSPI in Somalia and Congo. In 

contrast to these results, a graphical analysis indicates that the series are stationary. As for 

the cassava analysis, CO2 concentration coefficients are not significant in maize 

regressions, so only results for the T-P and ET-SPI models are reported in following 

sections. 
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Table 3.9. ERS unit root test results for maize production function variables 

 
Countries ΔlnY ΔlnA ΔT ΔP ΔETo ΔSPI 

S
u

d
a
n

o
-S

a
h

e
l 

Burkina Faso -4.71*** (1) -7.15*** (1) -7.42***   (1) -7.23*** (1) -7.24*** (1) -7.49*** (1) 

Chad -4.54*** (1) -4.90*** (1) -10.51*** (1) -7.28*** (1) -9.59*** (1) -7.57*** (1) 

Gambia -6.21*** (1) -5.48*** (1) -8.66***   (1) -6.09*** (1) -8.42*** (1) -6.34*** (1) 

Mali -5.85*** (1) -5.58*** (1) -7.22***   (1) -6.36*** (1) -7.37*** (1) -6.48*** (1) 

Mauritania -5.34*** (1) -5.66*** (1) -6.94***    (1) -4.78*** (1) -6.84*** (1) -4.86*** (1) 

Niger -4.74*** (1) -3.53**  (1) -8.24***    (1) -6.57*** (1) -9.67*** (1) -6.64*** (1) 

Senegal -6.16*** (1) -4.50*** (1) -7.34***   (1) -5.12*** (2) -7.03*** (1) -5.79*** (1) 

Somalia -5.08*** (1) -5.49*** (2) -5.21***    (1) -6.97*** (1) -5.02*** (1) -1.51     (4) 

Sudan -0.67     (6) -6.40*** (1) -11.96*** (1) -8.22*** (1) -9.79*** (1) -8.35*** (1) 

W
e
st

 

Benin -4.25*** (1) -6.65*** (1) -7.02***   (1) -7.18*** (1) -6.51*** (1) -7.13*** (1) 

Côte d'Ivoire -4.04*** (1) -4.28*** (1) -6.23***   (2) -7.33*** (1) -6.44*** (1) -7.58*** (1) 

Ghana -6.32*** (1) -5.41*** (1) -7.89***    (1) -7.10*** (1) -6.41*** (1) -7.11*** (1) 

Guinea -4.00*** (1) -3.78*** (1) -6.97***    (1) -6.69*** (1) -6.88*** (1) -7.09*** (1) 

Guinea-Bissau -4.93
***

 (1) -3.80
***

 (1) -8.69
***

   (1) -7.48
***

 (1) -8.51
***

 (1) -7.78
***

 (1) 

Nigeria -6.48*** (1) -2.22     (2) -9.06***   (1) -6.55*** (1) -8.64*** (1) -6.59*** (1) 

Sierra Leone -5.37*** (1) -3.87*** (1) -6.20***   (1) -5.26*** (1) -6.31*** (1) -5.47*** (1) 

Togo -5.90*** (1) -5.27*** (1) -6.99***   (1) -6.20*** (1) -7.41*** (1) -6.34*** (1) 

C
e
n

tr
a

l 

Cameroon -3.87*** (1) -4.00*** (1) -9.22***   (1) -4.94*** (1) -6.69*** (1) -5.07*** (1) 

CAR -4.49*** (1) -4.85*** (1) -8.55***   (1) -4.30*** (1) -8.81*** (1) -4.52*** (1) 

Congo -5.12*** (1) -3.06*   (1) -6.93***   (1) -1.66     (6) -6.26*** (1) -1.64     (6) 

Congo DR -3.35**  (1) -5.88*** (1) -8.71***   (1) -4.20*** (1) -6.33*** (1) -4.40*** (1) 

Gabon -5.73*** (1) -4.17*** (1) -6.29***   (1) -5.94*** (1) -5.78*** (1) -6.04*** (1) 

E
a

st
 

Burundi -4.13*** (1) -4.29*** (1) -9.45***   (1) -3.98*** (1) -6.82*** (1) -4.11*** (1) 

Kenya -6.23*** (3) -5.63*** (1) -9.98***   (1) -5.57*** (1) -5.86*** (1) -5.70*** (1) 

Madagascar -4.20*** (1) -2.21     (2) -6.37***   (1) -3.97*** (1) -4.78*** (2) -3.91*** (1) 

Rwanda -4.14*** (1) -2.78     (1) -9.05***   (1) -5.09*** (1) -6.86*** (1) -4.98*** (1) 

Uganda -4.95*** (1) -4.68*** (1) -9.81***   (1) -6.53*** (1) -8.66*** (1) -6.57*** (1) 

S
o
u

th
 

Angola -5.00*** (1) -5.79*** (2) -6.99***   (1) -6.78*** (1) -6.82*** (1) -6.82*** (1) 

Botswana -5.61*** (2) -6.94*** (1) -6.23***   (1) -6.25*** (1) -5.32*** (1) -6.26*** (1) 

Lesotho -6.66*** (1) -6.67*** (1) -6.52***   (1) -4.19*** (1) -5.55*** (1) -4.30*** (1) 

Malawi -6.31*** (1) -7.55*** (1) -7.28***   (1) -5.79*** (2) -8.63*** (2) -6.00*** (2) 

Mozambique -5.27*** (1) -5.02*** (1) -5.98***   (1) -7.52*** (1) -6.26*** (1) -7.55*** (1) 

Namibia -6.16*** (2) -6.27*** (1) -5.39***   (1) -6.68*** (1) -5.47*** (1) -7.06*** (1) 

Swaziland -7.19*** (1) -5.51*** (1) -7.10***   (1) -7.96*** (1) -8.05*** (1) -7.90*** (1) 

Tanzania -4.67*** (4) -4.20*** (2) -6.74***   (2) -5.09*** (1) -7.86*** (1) -5.11*** (1) 

Zambia -7.89*** (1) -4.29*** (1) -6.59***   (1) -5.72*** (1) -6.86*** (2) -5.88*** (1) 

Zimbabwe -8.17*** (1) -5.15*** (1) -6.45***   (1) -6.07*** (1) -6.88*** (1) -1.85     (5) 

Notes: values in parenthesis indicate the number of lags of the dependent variable considered (see Section 

3.5.3.2 for details regarding the determination of the lag length); ***, ** and * denote significance at the 1%, 

5% and 10% level respectively. 
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3.6.2.1. T-P model 

Based on unit root tests, variables entering the maize production function are considered in 

first differences. In final specifications, the cointegration test shows that a long-run 

relationship exists in all regressions, so an ECM is estimated for each specification. The 

cross-sectional independence test indicates that contemporaneous correlations exist in the 

final specification for each region except in the Central and East regions. The null 

hypothesis of no autocorrelation cannot be rejected in West, Central and East regions, but 

autocorrelation is present in other regions. Table 3.10 also indicates heteroskedasticity is 

present in all specifications. To address cross-sectional dependence, autocorrelation and 

heteroskedasticity issues and to ensure consistency across specifications, the xtscc 

estimator is used for all regressions. In unreported examinations, joint tests of the 

significance of time dummies led to the exclusion of time dummies in the Sudano-Sahel, 

Central and East regressions and fixed effects are considered in all regressions as tests 

indicate that fixed effects are significant. 

Table 3.10. T-P model diagnostic tests statistics for final maize specifications 

H0 SSA 
Sudano-

Sahel 
West Central East South 

No cointegration -22.197*** -10.291*** -9.501** -8.323*** -8.220*** -12.665*** 

Cross-sectional independence -2.529** 49.072* -4.665*** 6.267 10.268 98.957*** 

No autocorrelation of order 1 -3.343*** -3.202*** -0.449 -0.923 -0.941 -2.246** 

Homoskedasticity 6,547*** 31*** 26*** 1,374*** 180*** 75*** 

Note: ***, ** and * denote significance at the 1%, 5% and 10% level respectively. 

 

Maize production estimations are presented in Table 3.11 with short-run regressions 

based on first-differenced variables presented in the first part of the table. Long-run 

equations are displayed the second part of the tables. In the third part of the tables are 

presented general information relative to the long-run estimations. However, information 

concerning fixed effect and time dummies inclusions are applied to both short and long-run 

equations.  
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The coefficient for the error correction term, ECTt-1, in the SSA regression is highly 

significant which supports the cointegration test results presented above.
 
ECTt-1 captures 

deviations from the long-run relationship, so the coefficient value (-0.386) indicates a 

relatively slow adjustment to equilibrium as only 38.6% of the disequilibrium is corrected 

each year. ECTt-1 coefficients in the regional specifications are also negative and 

significant but have different values. In the East and South region, the coefficients indicate 

faster adjustments than in the SSA regression as almost half of the disequilibrium is 

corrected each year. In the other regions, the coefficients are lower and indicate slower 

adjustments. 

Regarding maize area in the SSA regression, the estimated short-run coefficient is 

negative and significant. For instance, a 10% increase in maize area causes a 1.1% yield 

decrease. When considering regional production functions, year-to-year changes in area 

appear to have a significant effect on yields in the Sudano-Sahel, West and East regions. 

These results indicate that maize yields decrease as the area cropped increases due to 

decreasing marginal land productivity.  

Table 3.11. Maize T-P regressions using the xtscc estimator: dependent variable ΔlnY  

 
 SSA   Sudano-Sahel  West   Central   East   South 

ΔlnA -0.118** -0.128** -0.202** -0.185 -0.257*** -0.0482 

 
(0.0443) (0.0474) (0.0677) (0.106) (0.0342) (0.0940) 

ΔT -0.0475 -0.0284 -0.0156 0.0188 0.0909 -0.0997* 

 
(0.0397) (0.0241) (0.0471) (0.0145) (0.0504) (0.0491) 

ΔP 0.00243*** 0.000140*** 1.87e-05 -1.88e-05 0.000122* 0.00301*** 

 
(0.000891) (3.87e-05) (4.75e-05) (6.08e-05) (5.16e-05) (0.000494) 

ΔP
2
 -1.17e-06*** 

    

-1.39e-06*** 

 
(3.96e-07) 

    

(2.33e-07) 

Δ(T × P) -7.68e-05** 

     
 

(3.25e-05) 

     Δ(T × P
2
) 4.09e-08*** 

     
 

(1.48e-08) 

     Δ(T × LFAC) 

    

-0.0906 0.130 

 
    

(0.0579) (0.146) 

Δ(P × LFAC) 

    

-0.000168* 0.00254 

 
    

(6.96e-05) (0.00193) 

Δ(P
2 
× LFAC) 

     

-3.42e-06* 

 
     

(1.72e-06) 

ECTt-1 -0.386*** -0.294*** -0.311*** -0.202** -0.462*** -0.510*** 

 
(0.0525) (0.0554) (0.0583) (0.0486) (0.0844) (0.0694) 

Constant -0.0315 0.0154 -0.0439 0.0108 0.00804 0.00316 

 
(0.0223) (0.00893) (0.0345) (0.0123) (0.00898) (0.0169) 

(continued) 
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Table 3.11. Maize T-P regressions using the xtscc estimator: dependent variable ΔlnY (continued) 

 
 SSA   Sudano-Sahel  West   Central   East   South 

Long-run equation 

lnA -0.146*** 0.0361 -0.180*** -0.185*** -0.0967 -0.213*** 

 
(0.0252) (0.0574) (0.0344) (0.0385) (0.0579) (0.0653) 

T -0.0691 0.0523 -0.108* 0.287*** 0.250** 0.0320 

 
(0.0546) (0.0632) (0.0547) (0.0504) (0.0722) (0.0638) 

P 0.00298** -0.000244 0.000136 -0.000164 1.36e-05 0.00393*** 

 
(0.00140) (0.000184) (7.53e-05) (0.000131) (0.000136) (0.000576) 

P
2
 -1.13e-06 

    

-1.74e-06*** 

 
(7.57e-07) 

    

(2.91e-07) 

T × P -0.000103** 
     

 
(4.87e-05) 

     T × P
2
 4.06e-08 

     
 

(2.82e-08) 

     T × LFAC 
    

-0.188 -0.344* 

 
    

(0.101) (0.166) 

P × LFAC 

    

4.20e-05 0.00124 

 
    

(0.000194) (0.00211) 

P
2 

× LFAC 
     

-3.48e-06* 

 
     

(1.68e-06) 

Observations 1,517 369 328 205 205 410 

No. of countries 37 9 8 5 5 10 

R
2
 0.269 0.216 0.358 0.156 0.414 0.366 

F 29.39*** 16.86*** 25.01*** 7.996** 21.85*** 15.04*** 

Time dummies Yes no yes no no No 

Fixed effects Yes yes yes yes yes Yes 

Notes: standard errors in parentheses; ***, ** and * denote significance at the 1%, 5% and 10% level 

respectively; the constant is included in the long-run specification but is not reported in the table. 

 

Temperature and precipitation changes have the expected effect on maize yields in 

the SSA regression. The significant squared precipitation term indicates non-linear yield 

responses to changes in precipitation. The temperature and precipitation interaction terms 

reveal that the effect of precipitation depends on temperature and vice versa. The 

temperature and precipitation coefficients represent the effect of the variable when the 

covariates are constant. To interpret the effect of these parameters adjusted for the effect of 

the covariates, predicted values for ΔlnY and 90% confidence intervals, are represented in 

Figure 3.10. 
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Figure 3.10. Effect of ΔT and ΔP on ΔlnY for maize in SSA  

 
 

 The left-hand graph shows that when P is at its mean value (1057mm), a 1ºC 

decrease in temperature increases maize yields by 8.3%.
16

 For a 2ºC temperature increase, 

maize yields are expected to decrease by 16.6%. The right-hand shows that when T is held 

at its mean value (24.3 ºC), a 100mm increase in precipitation relative to the mean 

precipitation level (1057mm) leads to a 1.7% maize yield increase.
17

 For a 200mm increase 

in precipitation relative to the mean precipitation level (1057mm), yields increase by 3.1%. 

The marginal effect of precipitation is given by: 

 
P

P
T)0809.4(T)0568.7(

P

P
)0617.1(00243.0

P

Yln
22














eee  (3.17)  

                                                
16 This change is calculated as: 

ΔlnY  = -0.0475ΔT – (7.68e-05)ΔT∙P + (4.09e-08)ΔT∙P2 

ΔlnY  = -0.0475 – (7.68e-05)*1057 + (4.09e-08)*10572 

ΔlnY  = -0.0829 

17 This change is calculated as: 

ΔlnY  = 0.00243ΔP – (1.17e-06)ΔP2 – (7.68e-05)T∙ΔP + (4.09e-08)T∙ΔP2 

ΔP2, or Δ(P2), is calculated as the change in the square of P relative to the square of the mean value of P. 

More specifically, ΔP2 = (Pmean+ ΔP)2 - Pmean
2.  

For a mean value of P = 1,057 and for ΔP = 100, ΔP2 = 1,1572 – 1,0572 = 221,400. 

ΔlnY   = 0.00243*100 – (1.17e-06)*221,400 – (7.68e-05)*24.3*100 + (4.09e-08)*24.3*221,400 = 0.017. 

For a mean value of P = 1,057 and for ΔP = 200, ΔP2 = 1,2572 – 1,0572 = 462,800. 

ΔlnY   = 0.00243*200 – (1.17e-06)* 462,800 – (7.68e-05)*24.3*200 + (4.09e-08)*24.3*462,800 = 0.031. 
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The regional specifications are more parsimonious. In the final specifications, 

temperature is insignificant in all regions except in the South. Precipitation is significant in 

the regression for Sudano-Sahel, East and South regions. The semi elasticity given by the 

precipitation coefficient indicates that a 100mm increase in temperature causes a 1.4% 

increase in maize yields in Sudano-Sahel. The interpretation of the precipitation coefficient 

is different in the East and South regions as parameter heterogeneity is observed when 

considering LFAC countries. In the East region, the precipitation-LFAC interaction is 

significant. In this regression, the precipitation coefficient represents the effect of a 

precipitation change for non-LFAC countries and the Δ(P × LFAC) coefficient represents 

an additional effect for LFAC countries. Therefore, everything else constant, a 100mm 

precipitation increase causes a 1.22% increase in maize yields in non-LFAC countries and 

a 0.46% decrease in LFAC countries. This result is counterintuitive as weather changes are 

expected to have a larger impact in LFAC countries than in non-LFAC countries, but the 

effect can be explained by high average precipitation in two of the three LFAC countries in 

the East region (in already „wet‟ countries, an increase in precipitation is detrimental). In 

the South region, the only significant LFAC interaction is with precipitation squared.
18

 No 

significant weather parameter heterogeneity is observed when considering LFAC country 

dummies in other regions.  

 

3.6.2.2. ET-SPI model 

When considering the effect of evapotranspiration and SPI on maize yield, as for T-P 

maize regressions, the panel cointegration test indicates the existence of a long-run 

relationship in SSA and all regional regressions, as indicated in Table 3.12. Also, cross 

sectional independence tests indicate the presence of contemporaneous correlation in the 

final specification of all regressions except for the Central and East regions. In other tests, 

autocorrelation is observed in the SSA, Sudano-Sahel and South regressions and the null 

hypothesis of homoskedasticity is rejected in all regressions. Consequently, the xtscc 

estimator is used to produce unbiased estimates under the presence of cross-sectional 

dependence, autocorrelation and heteroskedasticity. Following results from unreported 

                                                
18 However, for consistency with other interaction terms treatments, all variables included in LFAC 

interactions are kept in the regression, even if they are not significant. 
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tests, time dummy are included in the SSA and West regressions and fixed effects are 

included in all regressions. 

Table 3.12. ET-SPI model diagnostic tests statistics for final maize specifications 

H0 SSA 
Sudano-

Sahel 
West Central East South 

No cointegration -23.036*** -10.408*** -8.378* -7.997*** -8.352*** -12.784*** 

Cross-sectional independence -2.478** 50.194* -4.650*** 6.539 10.362 91.151*** 

No autocorrelation of order 1 -3.343*** -3.202*** -0.449 -0.923 -0.941 -2.246** 

Homoskedasticity 5,009*** 30*** 36*** 1,539*** 199*** 82*** 

Note: ***, ** and * denote significance at the 1%, 5% and 10% level respectively. 

 

The final regression results are presented in Table 3.13. As for the T-P model, an 

ECM is estimated as there is evidence of a long-run relationship. The error correction term, 

ECTt-1, has a negative and significant coefficient in every regression. Similar to the T-P 

maize regression, the ECTt-1 coefficient for SSA is -0.386. The coefficients for the regional 

specifications are also very close to the corresponding coefficients obtained for the T-P 

model (i.e. similar adjustments to equilibrium are observed). Likewise, the estimated 

effects of maize area changes are similar across models, so a discussion of the effect is not 

repeated here.  

The weather effects in ET-SPI regressions have different effects than standard 

weather variables. The ETo parameter has a significant negative effect on maize yields 

changes in SSA and South regressions, which is consistent with expectations as an increase 

in evapotranspiration is related to higher solar radiation, wind and temperature, all of 

which drain water from crops.
19

  

The SPI coefficient is positive and significant in the SSA regression and indicates 

that higher than normal precipitation is beneficial to maize yields, as expected. For 

instance, a one standard deviation change from median precipitation increases maize yields 

by 2.9%. At the regional level, the SPI variable is significant in all regions except in the 

Central and East regions. However, the coefficient is noticeably higher in the South region 

than in other regions indicating that changes in precipitation patterns have a greater impact 

                                                
19 In a specification not reported in Table 3.13, regressions for Sudano-Sahel indicated a significant 

and concave effect of ETo on maize yields when its squared term was included. However, within the range of 
potential ETo for the region (-0.7 to 0.5), the effect was strictly positive, which seems unlikely, especially as 

Sudano-Sahel is warm and arid region. As explained in Section 3.3.3.4, the misspecification of interaction 

and squared term can lead to misleading estimates. However, all possible nonlinearities and interactions were 

considered. As a final resort, the squared term was removed from the final specification. This reduced 

specification leads to an insignificant ETo effect in Sudano-Sahel. 
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on yields change in this region. In the South region, a one standard deviation change from 

median precipitation increases maize yields by 6.7%. No interaction term between SPI and 

ETo was significant. 

Table 3.13. Maize ET-SPI regressions using the xtscc estimator: dependent variable ΔlnY  

 
SSA Sudano-Sahel West Central East South 

ΔlnA -0.112** -0.128** -0.214** -0.192 -0.251*** -0.0475 

 
(0.0455) (0.0516) (0.0671) (0.111) (0.0332) (0.0925) 

ΔETo -0.197*** -0.0528 -0.0189 0.0761 0.0522 -0.253** 

 
(0.0557) (0.0603) (0.0648) (0.0525) (0.0513) (0.0909) 

ΔSPI 0.0289*** 0.0219** 0.0229* 0.00142 0.00510 0.0667*** 

 
(0.00582) (0.00931) (0.0118) (0.0119) (0.00742) (0.0188) 

ΔFlood -0.0740*** 
 

-0.125*** 
  

-0.141** 

 
(0.0176) 

 
(0.0307) 

  
(0.0447) 

ECTt-1 -0.386*** -0.296*** -0.319*** -0.179** -0.428*** -0.497*** 

 
(0.0531) (0.0561) (0.0555) (0.0469) (0.0736) (0.0722) 

Constant -0.0088 0.0151 0.0145 0.0106 0.00756 0.00354 

 
(0.0162) (0.00882) (0.0234) (0.0126) (0.00881) (0.0177) 

Long-run equation 

lnA -0.148*** 0.0437 -0.180*** -0.178** -0.0573 -0.182** 

 
(0.0267) (0.0583) (0.0347) (0.0460) (0.0502) (0.0626) 

ETo -0.274*** 0.270 -0.258** 0.524* 0.266** -0.298** 

 
(0.0827) (0.146) (0.0858) (0.218) (0.0893) (0.121) 

SPI 0.0269** -0.00438 0.0408* -0.0139 0.00906 0.0847*** 

 
(0.0131) (0.0256) (0.0199) (0.0324) (0.0112) (0.0190) 

Flood -0.0213 
 

-0.132** 
  

-0.139* 

 
(0.0391) 

 
(0.0445) 

  
(0.0687) 

Observations 1,517 369 328 205 205 410 

No. of countries 37 9 8 5 5 10 

R
2
 0.268 0.218 0.378 0.141 0.400 0.318 

F 36.99*** 13.83*** 23.48*** 7.138** 44.58*** 12.33*** 

Time dummies yes no yes no no no 

Fixed effects yes yes yes yes yes yes 

Notes: standard errors in parentheses; ***, ** and * denote significance at the 1%, 5% and 10% level 

respectively; the constant is included in the long-run specification but is not reported in the table. 

 

Drought dummies included in unreported specifications were insignificant in all 

regions indicating that drought spells in the period studied have had a significant effect on 

maize yields (rather than indicating that drought are not detrimental to yields in general). 

Alternatively, ΔFlood is significant in the SSA, West and South regressions. In these 

regions, the onset of severely higher than normal precipitation is detrimental to crop yield. 

Specifically, when a flood begins, maize yields are reduced by 7.4%, 12.5% and 14.1% in 

the SSA, West and South regions respectively. No parameter heterogeneity is observed 

between LFAC and non-LFAC countries in this model.  
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3.6.3. Millet  

ERS unit root tests applied to the first-differenced production function variables indicate 

that the null hypothesis of non-stationarity is always rejected except in four cases: ΔlnY 

and ΔlnA in Guinea, ΔlnY in Mozambique and ΔSPI in Zimbabwe. Graphical inspections 

of these series, however, indicate stationary behaviour of the series. For reasons exposed in 

Section 3.6.1, all series are therefore considered to be I(1). 

Table 3.14. ERS unit root test results for millet production function variables 

 Countries ΔlnY ΔlnA ΔT ΔP ΔETo ΔSPI 

S
u

d
a

n
o

-S
a
h

e
l 

Burkina Faso -7.43***   (1) -4.28*** (1) -7.39*** (1) -7.18*** (1) -7.26*** (1) -7.45*** (1) 

Chad -5.07***   (1) -4.21*** (3) -10.61*** (1) -7.24*** (1) -9.54*** (1) -7.56*** (1) 

Gambia -6.02***   (1) -4.53*** (1) -8.65*** (1) -6.08*** (1) -8.42*** (1) -6.34*** (1) 

Mali -6.35***   (1) -4.86*** (1) -7.23*** (1) -6.30*** (1) -7.38*** (1) -6.43*** (1) 

Mauritania -5.68***   (1) -3.95*** (1) -6.98*** (1) -4.82*** (1) -6.86*** (1) -4.86*** (1) 

Niger -10.78*** (1) -5.04*** (1) -7.78*** (1) -6.33*** (1) -9.39*** (1) -6.39*** (1) 

Senegal -6.29***   (1) -5.97*** (2) -7.31*** (1) -5.07*** (2) -7.01*** (1) -5.70*** (1) 

Sudan -6.08***   (1) -8.49*** (1) -11.67*** (1) -6.70*** (1) -2.60     (3) -6.66*** (1) 

W
e
st

 

Benin -8.47***  (1) -6.63*** (1) -7.94*** (1) -7.10*** (1) -7.13*** (1) -6.99*** (1) 

Côte d'Ivoire -4.32***  (2) -5.02*** (1) -6.30*** (2) -6.83*** (1) -6.52*** (1) -7.05*** (1) 

Ghana -5.81***  (1) -7.22*** (1) -7.85*** (1) -7.16*** (1) -6.58*** (1) -7.18*** (1) 

Guinea -2.60      (1) -2.42     (1) -7.20*** (1) -6.42*** (1) -7.01*** (1) -6.78*** (1) 

Guinea-Bissau -7.55***  (1) -4.44*** (1) -8.72*** (1) -7.49*** (1) -8.50*** (1) -7.81*** (1) 

Nigeria -5.52***  (1) -4.39*** (1) -9.05*** (1) -6.52*** (1) -8.75*** (1) -6.55*** (1) 

Sierra Leone -4.25***  (1) -5.21*** (1) -6.45*** (1) -5.72*** (1) -5.94*** (2) -5.84*** (1) 

Togo -4.84***  (1) -5.60*** (1) -7.07*** (1) -6.29*** (1) -7.39*** (1) -6.44*** (1) 

C
e
n

tr
a

l Cameroon -6.45***  (1) -7.36*** (1) -9.27*** (1) -5.72*** (1) -7.90*** (1) -5.84*** (1) 

CAR -4.99***  (2) -4.55*** (1) -9.05*** (1) -7.50*** (1) -8.90*** (1) -7.50*** (1) 

Congo, DR -4.55***  (1) -5.78*** (1) -8.83*** (1) -4.92*** (1) -6.81*** (1) -5.06*** (1) 

E
a

st
 

Burundi -4.27***  (4) -5.57*** (1) -9.51*** (1) -3.82*** (1) -6.90*** (1) -3.92*** (1) 

Kenya -5.31***  (1) -4.79*** (3) -10.21*** (1) -5.58*** (1) -5.84*** (1) -5.72*** (1) 

Rwanda -5.86***  (1) -3.97*** (1) -9.04*** (1) -5.13*** (1) -6.96*** (1) -5.02*** (1) 

Uganda -5.79***  (2) -4.36*** (1) -9.54*** (1) -6.50*** (1) -8.71*** (1) -6.50*** (1) 

S
o
u

th
 

Angola -5.05***  (1) -6.59*** (1) -6.68*** (1) -6.65*** (1) -6.63*** (1) -6.74*** (1) 

Botswana -4.17***  (4) -5.21*** (1) -6.24*** (1) -6.90*** (1) -5.50*** (1) -6.90*** (1) 

Malawi -5.80***  (1) -4.39*** (1) -7.55*** (1) -7.35*** (1) -6.73*** (3) -7.54*** (1) 

Mozambique -2.66      (1) -4.67*** (1) -6.07*** (1) -7.22*** (1) -6.29*** (1) -7.28*** (1) 

Namibia -9.02***  (1) -3.86*** (1) -5.00*** (1) -3.23** (2) -5.03*** (1) -3.23** (2) 

Tanzania -7.05***  (1) -4.46*** (1) -6.80*** (2) -5.09*** (1) -7.91*** (1) -5.10*** (1) 

Zambia -5.27***  (1) -4.00*** (1) -6.54*** (1) -5.84*** (1) -6.64*** (2) -6.00*** (1) 

Zimbabwe -8.83***  (1) -4.69*** (1) -6.44*** (1) -6.08*** (1) -6.91*** (1) -1.84    (5) 

Notes: values in parenthesis indicate the number of lags of the dependent variable considered (see Section 

3.5.3.2 for details regarding the determination of the lag length); ***, ** and * denote significance at the 1%, 

5% and 10% level respectively. 
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3.6.3.1. T-P model 

Following unit root tests conclusions, maize production functions are estimated in first 

differences. Westerlund‟s (2007) test for the presence of a common stochastic trend among 

variables is applied and reveals the existence of a long-run relationship in the SSA 

regression and in each regional regression. Therefore, an ECM is estimated for each 

specification. Also, as detailed in Table 3.15, the null hypothesis of cross sectional 

independence is rejected in all regressions except for the Central regression. Similarly, 

Arellano and Bond (1991) tests reveal serial correlation in all regressions except in the 

Central regression. The null hypothesis of homoskedasticity is rejected for all regions. In 

order to address these issues, the regressions are estimated using the xtscc estimator and, 

for consistency, this estimator is used for all T-P millet regressions. In other specification 

tests, tests for the joint significance of group effects indicated that fixed effects should be 

included in all regressions, and tests on time dummies supported the inclusion of times 

dummies in all regressions, except in Central and South. 

Table 3.15. T-P model diagnostic tests statistics for final millet specifications 

H0 SSA 
Sudano-

Sahel 
West Central East South 

No cointegration -21.606*** -10.586** -9.644** -9.216*** -8.263*** -11.533*** 

Cross-sectional independence -2.314** -4.384*** -4.113*** 1.970 -4.857*** 49.708*** 

No autocorrelation of order 1 -4.814*** -2.518** -2.617*** 0.741 -2.314** -2.344** 

Homoskedasticity 3,022*** 75*** 169*** 44*** 32*** 388*** 

Note: ***, ** and * denote significance at the 1%, 5% and 10% level respectively. 

 

As indicated in Table 3.16, the presence of a long-run relationship is confirmed by 

a significant ECTt-1 coefficient in all regressions. In the SSA regression, the coefficient 

indicates a rather slow adjustment as only 38.7% of the disequilibrium is adjusted each 

year. The regressions on the regional samples exhibit slower adjustments in the West and 

East regions and faster adjustments in the Central and South regions. The Sudano-Sahel 

ECTt-1 coefficient is similar to the corresponding coefficient in the SSA regression. 

Area coefficients in Table 3.16 indicate that changes in area harvested do not have 

significant effects on millet yields in SSA. At the regional level, a significant and negative 

coefficient is observed but only in the West region, where a 1% increase in millet area 

causes a 0.2% decrease in millet productivity.  

 



134 

 

 

 

Table 3.16. Millet T-P regressions using the xtscc estimator: dependent variable ΔlnY 

 
 SSA  

 Sudano-

Sahel  
 West   Central   East   South 

ΔlnA -0.0273 -0.00788 -0.229** -0.0251 -0.232 0.0379 

 
(0.0509) (0.0736) (0.0847) (0.0357) (0.238) (0.0951) 

ΔT -0.101*** -0.000147 -0.0749 0.0615 -0.0362 -0.226*** 

 
(0.0283) (0.0517) (0.0713) (0.0250) (0.150) (0.0442) 

ΔP 0.000501*** 0.00149*** -3.65e-05 0.000185 0.000109 0.000257** 

 
(0.000145) (0.000255) (5.58e-05) (7.47e-05) (0.000109) (9.29e-05) 

ΔP
2
 -1.66e-07*** -7.12e-07*** 

    
 

(4.95e-08) (1.30e-07) 

    Δ(T × LFAC) -0.0184 

     
 

(0.0311) 

     Δ(P × LFAC) 0.000948*** 

     
 

(0.000327) 

     Δ(P
2 
× LFAC) -4.31e-07*** 

     
 

(1.51e-07) 

     ECTt-1 -0.387*** -0.379*** -0.275*** -0.540** -0.193* -0.565*** 

 
(0.0417) (0.0353) (0.0370) (0.0727) (0.0627) (0.0741) 

Constant 0.0353 0.156*** 0.0171 0.00878 0.117 -0.00426 

 
(0.0219) (0.0381) (0.0512) (0.0109) (0.106) (0.0160) 

Long-run equation 

lnA -0.105* -0.289*** -0.143* -0.217** -0.152 -0.0303 

 
(0.0578) (0.0778) (0.0647) (0.0459) (0.122) (0.0837) 

T -0.173*** -0.225** -0.0383 0.152** 0.924** -0.209*** 

 
(0.0463) (0.0752) (0.115) (0.0341) (0.275) (0.0447) 

P 0.000139 0.00125** 0.000123 2.88e-05 2.11e-05 0.000235 

 
(0.000196) (0.000439) (7.35e-05) (0.000102) (0.000366) (0.000153) 

P
2
 -5.28e-08 -6.07e-07** 

    
 

(5.92e-08) (2.32e-07) 

    T × LFAC -0.0154 

     
 

(0.0497) 

     P × LFAC 0.000752 

     
 

(0.000468) 

     P
2 

× LFAC -3.54e-07 

     
 

(2.28e-07) 

     Observations 1,254 328 328 123 164 311 

No. of countries 31 8 8 3 4 8 

R
2
 0.307 0.528 0.331 0.394 0.505 0.368 

F 299.8*** 28.16*** 87.91*** 16.17* 6.845* 26.16*** 

Time dummies yes yes yes no yes no 

Fixed effects yes yes yes yes yes yes 

Notes: standard errors in parentheses; ***, ** and * denote significance at the 1%, 5% and 10% level 

respectively; the constant is included in the long-run specification but is not reported in the table. 

 

Weather coefficients reveal significant weather impacts on millet yield. 

Temperature has a negative and significant effect in the SSA regression and the impact of 

temperature is equal across LFAC and non-LFAC countries, as indicated by the 
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insignificant Δ(T × LFAC) interaction term. In regional regressions, temperature is 

significant only in the South region. In the SSA and South regressions, a 1ºC temperature 

increase causes millet yield decreases of 10.1% and 22.6% respectively. 

Figure 3.11. Effect of ΔP on ΔlnY for millet in SSA 

 

 

The impact of precipitation on yields in LFAC and non-LFAC countries when 

other variables are constant is illustrated in Figure 3.11. The lines are drawn for changes in 

precipitation ranges observed in the sample (i.e. from -392mm to 350mm and from 

-1,092mm to 867mm in LFAC and non-LFAC countries respectively). The figure shows 

that, for example, a 100mm decrease in precipitation relative to the mean precipitation 

level (987.37mm) leads to a 1.9% yield decrease in non-LFAC countries and a 3.3% yield 
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decrease in LFAC countries.
20

 A 100mm increase in precipitation relative to the mean 

precipitation level (987.37mm) causes yield increases of 1.6% and 2.1% in non-LFAC and 

LFAC countries respectively. These findings are consistent with the expectation that 

countries with less favourable agricultural conditions are more dependent on weather 

events than countries with more favourable agricultural conditions. The marginal effects of 

precipitation on yields in LFAC and non-LFAC countries can also be expressed as: 
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Regional regressions reveal significant non-linear impacts of precipitation in 

Sudano-Sahel and a linear impact in the South region. In Sudano-Sahel, a 100mm increase 

in precipitation is associated with a 5.4% increase in millet yield.
21

 In the South, the same 

precipitation increase leads to a 2.6% millet yield increase. No parameter heterogeneity is 

observed at the regional level between LFAC countries and non-LFAC countries. 

 

3.6.3.2. ET-SPI model 

In ET-SPI analyses, the panel cointegration test on final specifications indicates the 

presence of a long-run relationship in all regressions. Consequently, ECMs are used to 

estimate millet production functions. As detailed in Table 3.17, the diagnostic tests also 

                                                
20 This change is calculated as: 

ΔlnY = 0.000501ΔP - (1.66e-07)ΔP2 for LFAC=0 
ΔlnY = 0.000501ΔP - (1.66e-07)ΔP

2
 + 0.000948ΔP - (4.31e-07)ΔP

2
 for LFAC=1 

where ΔP2 is calculated as the change in the square of P relative to the square of the mean value of P. More 

specifically, ΔP2 = (Pmean+ ΔP)2 - Pmean
2. In this case Pmean is the mean value of P over the whole sample 

(LFAC and non-LFAC countries). Pmean = 987.37 so Pmean
2 = 974,896.55.  

For ΔP = -100, ΔP2 = (987.37 – 100)2 – (974,896.55) = -187,473.7 

Therefore, for LFAC = 0: ΔlnY = 0.000501*(-100) - (1.66e-07)*(-187,473.7) = -0.019 

And for LFAC = 1: ΔlnY = 0.001449*(-100) - (5.97e-07)*(-187,473.7) = -0.033 

For ΔP = 100, ΔP2 = (987.37 + 100)2 – (974,896.55) = 207,473.7.  

Therefore, for LFAC = 0: ΔlnY = 0.000501*(100) - (1.66e-07)* 207,473.7 = 0.016 

And for LFAC = 1: ΔlnY = 0.001449*(100) - (5.97e-07)* 207,473.7 = -0.021 
21 This change is calculated as: 

ΔlnY = 0.00149ΔP - (7.12e-07)ΔP2 

where ΔP2 is calculated as the change in the square of P relative to the square of the mean value of P. More 

specifically, ΔP2 = (Pmean+ ΔP)2 - Pmean
2. In this case, Pmean = 615.55 so Pmean

2
 = 378,902. For ΔP = 100,  ΔP2 = 

(615.55 + 100)2 – 378,902 = 133,110. Therefore: 

ΔlnY = 0.00149*100 - (7.12e-07)*133,110 = 0.054 
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indicate the presence of cross-sectional dependence and serial correlation in all regions 

except the Central region, and that there is heteroskedasticity in all regions. Therefore, all 

models are estimated using the xtscc estimator. As for T-P specifications, tests (not 

reported in Table 3.17) indicate that country fixed effects should be included in all regions, 

and that time dummies should be included in all regions, except in the Central and South 

specifications. 

Table 3.17. ET-SPI model diagnostic tests statistics for final millet specifications 

H0 SSA 
Sudano-

Sahel 
West Central East South 

No cointegration -20.563*** -11.239*** -9.037** -8.560*** -8.008** -11.381*** 

Cross-sectional independence -1.889* -4.466*** -4.131*** 0.948 -4.765*** 44.804** 

No autocorrelation of order 1 -4.814*** -2.518** -2.617*** 0.741 -2.314** -2.344** 

Homoskedasticity 3,089*** 71*** 208*** 39*** 41*** 319*** 

Note: ***, ** and * denote significance at the 1%, 5% and 10% level respectively. 

 

Millet production function results for ET-SPI specifications are presented in Table 

3.18. Similar to the T-P regressions, the area coefficient is only significant in the West 

region. ECTt-1 coefficients are negative and significant in all specifications with 

coefficients comparable to those in T-P regressions.  
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Table 3.18. Millet ET-SPI regressions using the xtscc estimator: dependent variable ΔlnY  

 
SSA Sudano-Sahel West Central East South 

ΔlnA -0.0199 0.00295 -0.238** -0.0225 -0.255 0.0489 

 
(0.0522) (0.0761) (0.0844) (0.0357) (0.242) (0.0894) 

ΔETo -0.277*** -0.111 -0.0277 0.0266 -0.229 -0.455*** 

 
(0.0550) (0.0921) (0.103) (0.0711) (0.105) (0.0824) 

ΔSPI 0.0263*** 0.0544** -0.00630 0.0197 -0.00161 0.0157 

 
(0.00807) (0.0160) (0.0107) (0.0106) (0.0199) (0.0179) 

ΔDrought  -0.0746* 
  

-0.289** 
 

 
 (0.0383) 

  
(0.0500) 

 
ΔFlood -0.226** 

     

 
(0.106) 

     
Δ(ETo × Flood) 0.0192** 

     

 
(0.00901) 

     
Δ(ETo× LFAC)  

   
0.380* 

 

 
 

   
(0.160) 

 
Δ(SPI × LFAC)  

   
0.0162 

 

 
 

   
(0.0291) 

 
Δ(Drought × LFAC)  

   
0.276*** 

 

 
 

   
(0.0433) 

 
ECTt-1 -0.395*** -0.368*** -0.279*** -0.485** -0.173* -0.573*** 

 
(0.0459) (0.0383) (0.0387) (0.0836) (0.0588) (0.0762) 

Constant 0.0403* -0.0203 -0.00179 0.00920 0.0481 -0.00364 

 
(0.0200) (0.0330) (0.0335) (0.0129) (0.0272) (0.0159) 

Long-run equation 

lnA -0.104* -0.321*** -0.143* -0.221** -0.265* -0.0384 

 
(0.0574) (0.0758) (0.0655) (0.0496) (0.107) (0.0856) 

ETo -0.429*** -0.284 -0.333* 0.0849 0.249 -0.523*** 

 
(0.0789) (0.191) (0.173) (0.0942) (0.441) (0.0907) 

SPI 0.00893 0.0542* -0.00267 -0.00417 -0.0566 0.00240 

 
(0.0125) (0.0268) (0.0120) (0.0157) (0.0747) (0.0242) 

Drought  -0.104* 
  

0.0594 
 

 
 (0.0473) 

  
(0.165) 

 
Flood -0.0832 

     

 
(0.192) 

     
ETo × Flood 0.00242 

     

 
(0.0150) 

     
ETo × LFAC  

   
0.609 

 

 
 

   
(0.501) 

 
SPI × LFAC  

   
0.0175 

 

 
 

   
(0.0585) 

 
Drought × LFAC  

   
0.450** 

 

 
 

   
(0.114) 

 
Observations 1,254 328 328 123 164 311 

No. of countries 31 8 8 3 4 8 

R
2
 0.296 0.509 0.327 0.35 0.518 0.367 

F 393.2*** 20.62*** 19.33*** 15.83* 32.64*** 26.54*** 

Time dummies yes yes yes no yes no 

Fixed effects yes yes yes yes yes yes 
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Notes: standard errors in parentheses; ***, ** and * denote significance at the 1%, 5% and 10% level 

respectively; the constant is included in the long-run specification but is not reported in the table. 

 

Estimated weather effects in Table 3.18, on the other hand, differ from those in T-P 

specifications. ETo parameters are negative and significant in regressions for SSA and the 

South region. However, in the SSA regression, the ETo effect on millet yield depends on 

flood occurrences and vice versa. The effect of ETo and Flood when accounting for 

covariates is represented in Figure 3.12. The left-hand graph shows that, everything else 

constant, when Flood is at its mean value (0.09), a 0.5mm per day increase in ETo causes a 

13.8% decrease in millet yields
22

 and a 0.5mm per day decrease in ETo causes a 13.8% 

increase in millet yields.
23 

The right-hand graph shows that, everything else constant, when 

ETo is held at its mean value (11.8) and ΔFlood is equal to one (i.e. when a flood starts), 

millet yields decrease by 0.02%.
24

 Also, under the same conditions, when ΔFlood is equal 

to -1 (e.g. when a flood ceases), millet yields increase by 0.02%.
25

  

Figure 3.12. Effect of ΔETo and ΔFlood on ΔlnY for millet in SSA 

  
 

                                                
22 ΔlnY = -0.2769*ΔETo+0.0192*ΔETo*0.09 = -0.2769*0.5 +0.0192*0.5*0.09 = -0.137586 
23 ΔlnY = -0.2769*ΔETo+0.0192*ΔETo*0.09 = -0.2769*-0.5 +0.0192*-0.5*0.09 = 0.137586 
24 ΔlnY = -0.226318ΔFlood+0.0191602 ∙ETo∙ΔFlood = -0.226318*1+0.0191602*11.8*1=-0.0002 
25 ΔlnY = -0.226318ΔFlood+0.0191602∙ETo∙ΔFlood = -0.226318*(-1)+0.0191602*11.8*(-1)=0.0002 
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In the East region, ETo has a significant positive impact on yield but only in LFAC 

countries, indicating that evapotranspiration increases are beneficial in this region. This 

can be explained by relatively cool climates in two mountainous millet producing LFAC 

countries in the East region (Burundi and Rwanda).  Interestingly, this particular effect is 

not present in the corresponding T-P regression. 

Another divergence from the T-P analyses is that SPI has a non-linear impact on 

yield in the SSA regression in the T-P analysis, but a linear impact in the ET-SPI analysis. 

At the regional level, a positive and significant relationship between SPI and millet yields 

is only observed in the Sudano-Sahel. The flood parameters introduced in the general 

model were insignificant in all regional regressions and are therefore not included in final 

specifications. Alternatively, the drought dummy is significant in the Sudano-Sahel and 

East regressions.
26

 In the East region, the drought-LFAC interaction term is also 

significant, indicating that droughts negatively affect yields in all regressions but the 

impact is larger in non-LFAC countries than in LFAC counties. This effect could be 

explained by the occurrence of slightly shorter drought spells in the two LFAC countries of 

the region (a two-year drought spell occurred in both Burundi and Rwanda compared to a 

two-year and a three-year drought spell in Kenya and Uganda respectively).  

 

3.6.3.3. CO2 model  

Unlike in cassava and maize analyses, atmospheric CO2 concentration is found to have a 

significant impact on millet yields. Diagnostic tests for millet CO2 specifications are 

displayed in Table 3.19. The cointegration tests indicate the presence of long-run 

relationship for all regressions, so ECMs are estimated. The tests also indicate the presence 

of cross-sectional dependence in Sudano-Sahel, East and South; serial correlation in all 

regressions, except in the Central regression; and heteroskedasticity in all regressions. To 

address these issues, all CO2 specifications are estimated using the xtscc estimator. In 

the usual unreported tests on the joint significance of individual and time effect tests, the 

test statistics indicate that country fixed effects should be included in all regressions and 

                                                
26 In other regressions for the Central and South regions, the occurrence of drought had a positive 

effect on yields. However, these findings were contradicted by a positive effect of SPI on yield. As the 

validity of the results obtained from these two regressions were questionable, drought dummies were 

excluded from final specifications. 
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that time dummies should be included in all regressions except in the East and South 

regressions. 

Table 3.19. CO2 model diagnostic tests statistics for final millet specifications 

H0 SSA 
Sudano-

Sahel 
West Central East South 

No cointegration -22.607*** -9.810*** -9.406*** -9.154*** -8.398*** -12.655*** 

Cross-sectional independence -1.341 -4.459*** 24.949 1.373 -4.835*** -3.518*** 

No autocorrelation of order 1 -4.814*** -2.518** -2.466** 0.741 -2.314** -2.315** 

Homoskedasticity 3,629*** 76*** 1,205*** 76*** 34*** 125*** 

Note: ***, ** and * denote significance at the 1%, 5% and 10% level respectively 

 

Model estimation results are reported in Table 3.20. The presence of a long-run 

relationship is confirmed by negative and significant ECTt-1 coefficients in all regressions 

and the ECTt-1 coefficients are comparable to those estimated in the T-P and ET-SPI millet 

regressions. Also, as for previous regressions, ΔlnA has a significant impact on millet 

yields in the West region only.  

Turning to the impact of the effect of CO2 concentration, the results indicate that a 

1ppm CO2 concentration increase leads to a 4.75% millet yield increase. At the regional 

level, a significant CO2 impact is present in the Sudano-Sahel region. For a 1ppm increase 

in CO2 concentration, millet yields are expected to increase by 11.9% in this region. As 

explained in Section 3.2.2.5, greater CO2 concentration enhances CO2 assimilation by 

crops, which results in faster stomata closures and ultimately lower transpiration rates (i.e. 

crops loose less water). Therefore, CO2 concentration increases are most beneficial in 

Sudano-Sahel, which has a warm and arid climate. 
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Table 3.20. Millet CO2 regressions using the xtscc estimator: dependent variable ΔlnY  

  SSA Sudano-Sahel West Central East South 

ΔlnA  -0.0189 0.0375 -0.206** -0.0243 -0.253 0.0479 

 
(0.0520) (0.0805) (0.0808) (0.0318) (0.242) (0.0963) 

ΔCO2 0.0475*** 0.119*** 0.0207 0.0149 -0.0260 0.0125 

 
(0.00232) (0.000213) (0.0118) (0.0125) (0.0119) (0.0144) 

ECTt-1 -0.400*** -0.364*** -0.289*** -0.585** -0.163* -0.565*** 

 
(0.0457) (0.0324) (0.0418) (0.0970) (0.0578) (0.0769) 

Constant -0.107*** -0.174*** -0.0204 -0.00984 0.0747 -0.220*** 

 
(0.00598) (0.00256) (0.0191) (0.0214) (0.0420) (0.0385) 

Long-run equation 

lnA  -0.101* -0.307*** -0.156* -0.198** -0.222 -0.0176 

 
(0.0586) (0.0867) (0.0706) (0.0382) (0.124) (0.0847) 

CO2 0.00169 0.00857** 0.00574*** 0.00458** 0.00616 -0.00163 

 
(0.00183) (0.00307) (0.00124) (0.000844) (0.00350) (0.00252) 

Observations 1,254 328 328 123 164 311 

No. of countries 31 8 8 3 4 8 

R
2
 0.255 0.47 -0.200*** 0.385* 0.486 0.415*** 

F 5,658*** 63.21*** 17.37 15.44 4.971 3,605 

Time dummies yes yes no no yes yes 

Fixed effect yes yes yes yes yes yes 

Notes: standard errors in parentheses; ***, ** and * denote significance at the 1%, 5% and 10% level 

respectively; the constant is included in the long-run specification but is not reported in the table. 

 

 

3.6.4. Sorghum  

For sorghum production function variables, ERS unit root tests performed on first 

differences show that the majority of the series are I(1), as displayed in Table 3.21. 

However, the null hypothesis of unit root cannot be rejected for ΔlnY in Guinea, Chad and 

Namibia, ΔP in Zimbabwe, ΔETo in Sudan and ΔSPI in Somalia and Zimbabwe. 

Following the approach used for other crops, graphical examinations were implemented for 

these series. Based on these examinations, the aforementioned series were judged to be 

I(1). As for cassava and maize analyses, CO2 concentration were found to have an 

insignificant impact on sorghum yields, so only results for the T-P and ET-SPI models are 

reported.  
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Table 3.21. ERS unit root test results for sorghum production function variables 

 Countries ΔlnY ΔlnA ΔT ΔP ΔETo ΔSPI 
S

u
d

a
n

o
-S

a
h

e
l 

Burkina Faso -6.48*** (1) -6.17*** (1) -7.40***   (1) -7.16*** (1) -7.25*** (1) -7.44*** (1) 

Chad -2.06     (3) -5.45*** (1) -10.69*** (1) -7.28*** (1) -9.56*** (1) -7.64*** (1) 

Gambia -5.56*** (1) -6.11*** (1) -8.65***   (1) -6.09*** (1) -8.42*** (1) -6.34*** (1) 

Mali -6.11*** (1) -5.02*** (1) -7.21***   (1) -6.29*** (1) -7.36*** (1) -6.41*** (1) 

Mauritania -4.87*** (2) -4.90*** (1) -6.84***   (1) -4.86*** (1) -6.75*** (1) -5.04*** (1) 

Niger -3.07*     (3) -5.47*** (1) -7.72***   (1) -6.42*** (1) -9.43*** (1) -6.48*** (1) 

Senegal -7.34*** (1) -6.45*** (2) -7.36***   (1) -5.00*** (2) -7.06*** (1) -5.59*** (1) 

Somalia -6.75*** (1) -7.67*** (1) -5.10***   (1) -1.42    (4) -4.97*** (1) -1.47     (4) 

Sudan -6.88*** (1) -8.39*** (1) -11.63*** (1) -6.64*** (1) -2.60     (3) -6.59*** (1) 

W
e
st

 

Benin -4.42*** (1) -5.43*** (3) -7.36***   (1) -7.14*** (1) -6.76*** (1) -7.06*** (1) 

Côte d'Ivoire -4.64*** (1) -4.00*** (1) -6.34***   (2) -6.74*** (1) -6.45*** (1) -6.93*** (1) 

Ghana -5.47*** (1) -6.36*** (2) -7.86***   (1) -7.15*** (1) -6.54*** (1) -7.17*** (1) 

Guinea -1.41     (3) -4.04*** (1) -6.89***   (1) -5.74*** (1) -6.72*** (1) -6.07*** (1) 

Guinea-Bissau -7.31
***

 (1) -3.89
***

 (1) -8.80
***  

 (1) -7.46
***

 (1) -8.59
***

 (1) -7.77
***

 (1) 

Nigeria -4.45*** (1) -4.85*** (1) -9.05***   (1) -6.52*** (1) -8.68*** (1) -6.55*** (1) 

Sierra Leone -4.02*** (1) -3.99*** (1) -6.45***   (1) -5.73*** (1) -5.94*** (2) -5.85*** (1) 

Togo -5.38*** (1) -4.42*** (1) -7.05***   (1) -6.28*** (1) -7.39*** (1) -6.43*** (1) 

C
e
n

tr
a

l Cameroon -5.47*** (1) -7.71*** (1) -9.29***   (1) -5.09*** (1) -6.96*** (1) -5.22*** (1) 

CAR -7.65*** (1) -4.57*** (1) -9.29***   (1) -7.00*** (1) -9.09*** (1) -7.12*** (1) 

Congo DR -4.84*** (1) -5.06*** (1) -9.01***   (1) -5.15*** (1) -6.44*** (1) -5.29*** (1) 

E
a

st
 

Burundi -5.91*** (4) -4.61*** (1) -9.46***   (1) -3.90*** (1) -6.90*** (1) -4.01*** (1) 

Kenya -6.16*** (1) -5.51*** (1) -9.93***   (1) -5.61*** (1) -5.78*** (1) -5.74*** (1) 

Rwanda -5.79*** (1) -3.80*** (1) -9.05***   (1) -5.11*** (1) -6.83*** (1) -5.00*** (1) 

Uganda -6.25*** (1) -4.16*** (2) -9.57***   (1) -7.06*** (1) -8.88*** (1) -7.05*** (1) 

S
o

u
th

 

Botswana -6.97*** (1) -6.66*** (1) -6.22***   (1) -6.43*** (1) -5.36*** (1) -6.44*** (1) 

Lesotho -6.91*** (1) -7.58*** (1) -6.51***   (1) -4.15*** (1) -5.51*** (1) -4.26*** (1) 

Malawi -6.22*** (1) -4.31*** (1) -7.13***   (1) -6.89*** (1) -8.29*** (2) -7.14*** (1) 

Mozambique -5.17*** (1) -5.48*** (1) -5.88***   (1) -7.74*** (1) -6.09*** (1) -7.74*** (1) 

Namibia  1.10     (8) -6.46*** (1) -5.34***   (1) -6.49*** (1) -5.44*** (1) -6.88*** (1) 

Swaziland -5.57*** (1) -5.29*** (1) -7.04***   (1) -8.05*** (1) -8.11*** (1) -7.97*** (1) 

Tanzania -8.19*** (1) -5.14*** (1) -6.78***   (2) -5.09*** (1) -7.87*** (1) -5.11*** (1) 

Zambia -7.26*** (1) -3.99*** (1) -6.58***   (1) -5.77*** (1) -6.72*** (2) -5.95*** (1) 

Zimbabwe -6.79*** (1) -5.47*** (1) -6.41***  (1) -1.36     (4) -6.67*** (1) -1.79     (5) 

Notes: values in parenthesis indicate the number of lags of the dependent variable considered (see Section 

3.5.3.2 for details regarding the determination of the lag length); ***, ** and * denote significance at the 1%, 

5% and 10% level respectively. 

 

3.6.4.1. T-P model 

The sorghum production function considering standard weather variables is specified as an 

ECM as panel cointegration tests indicate the existence of long-run relationships in all final 

specifications. The results of the cointegration tests, along with other diagnostic tests, are 
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detailed in Table 3.22. The null hypothesis of cross-sectional independence test is rejected 

in all regions. Serial correlation is present in all regressions except in Central and the South 

regressions. Heteroskedasticity is also present in all regressions. Consequently, the xtscc 

estimator is used for all regressions. Unreported tests on the joint significance of time 

dummies revealed that time dummies are jointly significant only in SSA, Sudano-Sahel 

and West regressions. Therefore, time dummies are only included in regressions for these 

regions. Following results from tests on the joint significance of country fixed effects, also 

unreported, fixed effects are included in all regressions. 

 

Table 3.22. T-P model diagnostic tests statistics for final sorghum specifications 

H0 SSA 
Sudano-

Sahel 
West Central East South 

No cointegration -22.402*** -11.104*** -9.293*** -5.929** -10.125*** -11.991*** 

Cross-sectional independence -2.768*** -4.691*** -4.631*** 6.634* 19.186*** 65.875*** 

No autocorrelation of order 1 -3.925*** -4.53*** -3.462*** -0.008 -2.010** -1.632 

Homoskedasticity 2,285*** 18** 68*** 8** 80*** 57*** 

Note: ***, ** and * denote significance at the 1%, 5% and 10% level respectively. 

 

Sorghum production function estimates are detailed in Table 3.23. ECTt-1 

coefficients are negative and significant in all regressions. As in analyses for other crops, 

the fastest pace of adjustment to equilibrium is observed in the South region and the lowest 

in the West region. The ECTt-1 coefficient in the SSA regression indicates that about half 

of the disequilibrium is adjusted each year. 

Crop area expansion has a small negative effect on sorghum yields in the SSA 

regression. At the regional level, the ΔlnA coefficient is significant only in the West and 

East regions. A 1% increase in area harvested reduces yields by 0.34% and 0.23% in the 

West and East respectively, compared to 0.10% in the SSA regression. 
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Table 3.23. Sorghum T-P regressions using the xtscc estimator: dependent variable ΔlnY  

 
 SSA  

 Sudano-

Sahel  
 West   Central   East   South 

ΔlnA -0.0985*** -0.0944 -0.338*** -0.0376 -0.230* -0.108 

 
(0.0352) (0.0596) (0.0479) (0.0268) (0.0743) (0.0663) 

ΔT -0.146*** 0.0341 -0.110 0.00672 0.0183 -0.190*** 

 
(0.0367) (0.0500) (0.0634) (0.0337) (0.0321) (0.0505) 

ΔP 0.000283*** 0.000995*** 8.65e-05** 0.000200 9.79e-05 0.00148*** 

 
(0.000102) (0.000159) (3.27e-05) (9.40e-05) (6.29e-05) (0.000413) 

ΔP
2
 -5.63e-08* -4.80e-07*** 

   

-6.59e-07** 

 
(2.92e-08) (9.21e-08) 

   

(2.26e-07) 

Δ(T × LFAC) 0.0223 

    

-0.0947 

 
(0.0490) 

    

(0.0978) 

Δ(P × LFAC) 0.00137*** 

    

0.00215 

 
(0.000326) 

    

(0.00125) 

Δ(P
2 
× LFAC) -6.53e-07*** 

    

-2.47e-06** 

 
(1.54e-07) 

    

(1.06e-06) 

ECTt-1 -0.496*** -0.408*** -0.290*** -0.331* -0.503** -0.606*** 

 
(0.0396) (0.0462) (0.0500) (0.0902) (0.105) (0.0729) 

Constant 0.00707 0.0356 0.0528 0.00849 0.00558 0.00330 

 
(0.0233) (0.0527) (0.0467) (0.00813) (0.00790) (0.0159) 

Long-run equation 

lnA -0.129*** -0.354*** -0.324*** -0.0424 0.0484 -0.0989* 

 
(0.0249) (0.0557) (0.0479) (0.0465) (0.0572) (0.0442) 

T -0.124** -0.0194 -0.125* 0.0425 0.0436 -0.0635 

 
(0.0470) (0.0307) (0.0574) (0.0444) (0.0295) (0.0582) 

P 7.30e-05 0.00123*** 0.000136* 5.17e-05 8.50e-05 0.00167** 

 
(0.000121) (0.000267) (6.09e-05) (0.000137) (9.02e-05) (0.000627) 

P
2
 2.65e-08 -6.30e-07*** 

   

-6.76e-07* 

 
(3.70e-08) (1.59e-07) 

   

(3.60e-07) 

T × LFAC 0.0215 

    

-0.0666 

 
(0.0427) 

    

(0.111) 

P × LFAC 0.00161*** 

    

0.00176 

 
(0.000360) 

    

(0.00145) 

P
2 

× LFAC -7.67e-07*** 

    

-2.22e-06 

 
(1.79e-07) 

    

(1.38e-06) 

Observations 1,336 369 311 123 164 369 

No. of countries 33 9 8 3 4 9 

R
2
 0.357 0.422 0.410 0.231 0.300 0.419 

F 334.1*** 35.42*** 136.0*** 6.710 8.239* 21.14*** 

Time dummies yes yes yes no no no 

Fixed effects yes yes yes yes yes yes 

Notes: standard errors in parentheses; ***, ** and * denote significance at the 1%, 5% and 10% level 

respectively; the constant is included in the long-run specification but is not reported in the table. 

 

Weather variables have a significant impact on sorghum yields in all regression, 

except in the Central and East regressions. The most detailed specification, in terms of the 

number of coefficients estimated, is obtained in the SSA specification. In this regression, 
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temperature has a negative and significant impact on yield and precipitation has a 

significant non-linear effect on yield. Additionally, precipitation parameter heterogeneity is 

captured by the LFAC interaction terms. The marginal precipitation effects in the SSA 

regression are: 
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Precipitation effects are represented graphically in Figure 3.13. The figure indicates 

that a 100mm increase in precipitation relative to the mean (980.45mm) leads to a 1.7% 

increase in sorghum yields in non-LFAC countries and a 1.9% increase in LFAC 

countries.
27

 Therefore, a 200mm change in precipitation relative to the mean (980.45mm) 

leads to a sorghum yield increase of 3.2% in non-LFAC countries and 2.4% in LFAC 

countries.
28

 The results indicate that, as expected, sorghum yields are more vulnerable to 

precipitation changes in LFAC countries than yields in non-LFAC countries.  

 

 

                                                
27 This change is calculated as: 

ΔlnY = .000283*ΔP -5.630e-08*ΔP2 for non-LFAC countries 

ΔlnY = .000283*ΔP -5.630e-08*ΔP2 + .00137*ΔP -6.530e-07*ΔP2 for LFAC countries 

where ΔP2 is calculated as the change in the square of P relative to the square of the mean value of P. More 

specifically, ΔP2 = (Pmean+ ΔP)2 - Pmean
2. In this case Pmean= 980.45 is the mean value of P over the whole 

sample (LFAC and non-LFAC).  

For ΔP = 100, ΔP2 = (980.45+ 100)2 – 980.452 = 206,091 

Therefore, for non-LFAC countries: ΔlnY = .000283*100 -5.630e-08*206,091=0.0167 

And for LFAC countries: ΔlnY = .000283*100-5.630e-08*206,091+.00137*100-6.530e-07*206,091 = 
0.01912 

28 For ΔP = 200, ΔP2 = (980.45+ 200)2 – 980.452 = 432,181 

Therefore, for non-LFAC countries: ΔlnY = .000283*200 -5.630e-08*432,181=0.0323 

And for LFAC countries: ΔlnY = .000283*200-5.630e-08*432,181+ .00137*200 -6.530e-07*432,181= 

0.024 
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Figure 3.13. Effect of ΔP on ΔlnY for sorghum in SSA 

 
 

Parameter heterogeneity is also observed in the regression for the South region. 

Only the LFAC interaction with the squared precipitation term is significant, although the 

LFAC interaction with precipitation is nearly significant (p<0.122). In the West and 

Sudano-Sahel regions, precipitation has a positive and significant effect on sorghum yields 

and the effect is non-linear in the Sudano-Sahel regression. The regional regressions for the 

Central and East regions do not fit the data well. All weather variables are insignificant and 

an F-test on joint significance of all variables is not significant for the Central specification 

and only significant at the 10% level in the East. The small number of countries growing 

sorghum in Central and East regions may explain these results (only three and four 

countries grow sorghum in Central and East regions respectively). 

 

3.6.4.2. ET-SPI model 

In ET-SPI specifications, as for T-P regressions, Westerlund‟s (2007) panel cointegration 

test reveals that the series are cointegrated except in the West regression. As displayed in 

Table 3.24, the diagnostic tests indicate the presence cross-sectional correlation in all 

regressions; that autocorrelation is present in all regression except in the South; and that 



148 

 

 

 

there is heteroskedasticity in all regions. Therefore, as for T-P regressions, the xtscc 

estimator is used for all specifications. Unreported test statistics on the joint significance of 

group effect and time dummies produce conclusions similar to those obtained for the T-P 

model. Therefore, group effects are considered in all regressions and times dummies are 

included in the SSA, Sudano-Sahel and West regressions. 

Table 3.24. ET-SPI model diagnostic tests statistics for final sorghum specifications 

H0 SSA 
Sudano-

Sahel 
West Central East South 

No cointegration -23.116*** -11.653*** -9.418** -5.337 -10.240*** -12.687*** 

Cross-sectional independence -2.550** -4.700*** -4.603*** 6.884* 20.157*** 63.211*** 

No autocorrelation of order 1 -3.925*** -4.530*** -3.462*** -1.794* -2.010** -1.632 

Homoskedasticity 2,082*** 15* 72*** 7* 72*** 58*** 

Note: ***, ** and * denote significance at the 1%, 5% and 10% level respectively 

 

ET-SPI regressions results are reported in Table 3.25. In general, these results are 

similar to results for T-P specifications. However, the regression equations do not include 

LFAC interaction terms.
29

 ETo has a negative and significant effect on sorghum yields in 

the SSA and South regressions. The coefficient estimate indicates that a 1mm increase in 

the average daily evapotranspiration rate leads to a 29.6% increase in sorghum yields in 

SSA and a 49.2% increase in the South. These effects appear very important but represent 

extreme events. For an ETo increase of 0.006mm (the average change in the sample), 

sorghum yields are expected to increase by 0.18% in SSA and 0.3% in the South. 

                                                
29

 LFAC interaction terms were considered but excluded as only the LFAC interaction term with 

flood was significant and indicated a positive impact of floods on yields. In this case, a parsimonious 

specification is preferred as it provides more consistent and reliable estimates. 
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Table 3.25. Sorghum ET-SPI regressions using the xtscc estimator: dependent variable ΔlnY 

 
SSA Sudano-Sahel West Central East South 

ΔlnA -0.0857** -0.0985 -0.342*** -0.0435 -0.213* -0.0815 

 
(0.0377) (0.0561) (0.0493) (0.0325) (0.0745) (0.0660) 

ΔETo -0.296*** 0.00815 -0.00414 -0.0253 -0.109 -0.492*** 

 
(0.0542) (0.0780) (0.0781) (0.0910) (0.0787) (0.0972) 

ΔSPI 0.0356*** 0.0565*** 0.0216* 0.0261 0.0115 0.0394* 

 
(0.00791) (0.00991) (0.00954) (0.0138) (0.0104) (0.0202) 

ΔFlood -0.0785*** 
    

-0.144** 

 
(0.0264) 

    
(0.0523) 

ECTt-1 -0.490*** -0.405*** -0.291*** 
 

-0.496** -0.604*** 

 
(0.0413) (0.0457) (0.0501) 

 
(0.104) (0.0745) 

Constant -0.0222 0.0389 0.0929*** 0.00993 0.00631 0.00366 

 
(0.0173) (0.0250) (0.0195) (0.00814) (0.00765) (0.0173) 

Long-run equation 

lnA -0.126*** -0.355*** -0.320*** 
 

0.0637 -0.104** 

 
(0.0249) (0.0532) (0.0487) 

 
(0.0636) (0.0442) 

ETo -0.257*** 0.145 -0.160* 
 

-0.0392 -0.310*** 

 
(0.0635) (0.0872) (0.0832) 

 
(0.0970) (0.0877) 

SPI 0.0396*** 0.0809*** 0.0243 
 

0.00605 0.0599** 

 
(0.0107) (0.0190) (0.0130) 

 
(0.0126) (0.0231) 

Flood -0.0626** 
    

-0.110 

 
(0.0307) 

    
(0.0695) 

Observations 1,336 369 311 123 164 369 

No. of countries 33 9 8 3 4 9 

R
2
 0.355 0.416 0.404 0.045 0.310 0.425 

F 9,780*** 48.28*** 216.9*** 3.933*** 7.685* 24.56*** 

Time dummies yes yes yes no no no 

Fixed effects yes yes yes yes yes yes 

Notes: standard errors in parentheses; ***, ** and * denote significance at the 1%, 5% and 10% level 

respectively; the constant is included in the long-run specification but is not reported in the table. 

 

The SPI variable has a significant effect on sorghum yields in all regions except in 

the Central and East regions. The coefficient indicates that increases in precipitation 

relative to normal are associated with yield increases. For example, in the SSA regression, 

a one standard deviation increase from median precipitation leads to a 3.6% sorghum yield 

increase. At the regional level, the largest impact is observed in Sudano-Sahel, which is the 

driest region of the group and therefore where yields are most vulnerable to precipitation. 

In Sudano-Sahel, an increase by one standard deviation from median precipitation causes a 

5.7% sorghum yield increase. 

The effect of flood, represented by ΔFlood, is only significant in the SSA and 

South regressions. The regional estimate indicates a larger impact of flood on sorghum 
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yields than in the SSA estimation. Specifically, when ΔFlood (i.e. a flood begins), sorghum 

yields are reduced by 7.9% in the SSA and 14.4% in the South region. 

 

3.7. Conclusions 

Crop production analyses of the four main harvested crops in SSA reveal, in general, a 

significant impact of weather on crop yields. Regression analyses using temperature and 

precipitation provide significant and sensible estimates. A second set of regressions using 

more refined weather parameters provides generally similar findings but with an explicit 

treatment of extreme precipitation events. 

Precipitation generally has a positive and significant effect on crop yields. Concave 

relationships between precipitation and yields are observed for maize, millet and sorghum 

in SSA in aggregate and cassava in the Sudano-Sahel and West regions. Precipitation 

increases are detrimental only for cassava yields in the Central region, which is the 

climatic region most suited to this crop. Similar conclusions are reached using the SPI 

instead of annual rainfall. Higher than normal precipitation are beneficial for all crops 

except for cassava in the Central region. Non-linear effects are not observed when the SPI 

is used, but the ET-SPI regressions show that floods decrease yields for SSA in aggregate 

and droughts are responsible for millet losses in Sudano-Sahel and East regions only. 

Temperatures increases are generally detrimental to maize, millet and sorghum 

yields. Regressions using ETo, show that increases in temperature and solar radiation drive 

decreases in maize, millet and sorghum yields. None of the regressions considered in this 

analysis revealed non-linear relationship between temperature conditions and crop yields. 

Unlike precipitation and temperature related variables, CO2 concentrations were 

found to have an insignificant impact on yields except for millet yields in Sudano-Sahel 

and SSA in aggregate. 

The analysis also revealed that the impact of precipitation on crop yields depend on 

national agricultural conditions. In the aggregate SSA regressions, precipitation changes 

were found to have a larger impact on millet and sorghum yields in LFAC countries than 

non-LFAC countries. Conversely, weather-LFAC interactions indicated positive effects of 
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ETo on millet yields and negative effects of precipitation on maize yields in the East region 

(where most LFAC countries are mountainous).  

It is also possible that the regression estimates might be affected by omitted 

variable bias. For instance, the incidence of pests and diseases increases with temperature.  

As pests and diseases were not included due to data limitations, the impact of temperature 

on yields may be overestimated in the above results.  

The specifications estimated using the whole SSA sample has the most significant 

variables, while regional regressions provide good yield estimates for crops most suited to 

each region (i.e. cassava in Central, maize in the East and South, millet in Sudano-Sahel 

and sorghum in the West). These estimates will be used to estimate the impact of future 

climate change in Chapter 5. 
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Chapter 4. Crop supply analysis 

 

 

4.1. Introduction 

In economic theory, supply function analyses consider the output supply response to 

prices. When prices are known, supply functions are derived from production functions 

under the assumption of profit maximization. In agriculture, supply analyses follow 

general economic theory but with some specificities. Prior to planting, farmers have to 

decide which crop to plant and, simultaneously with crop choices, farmers have to decide 

how much land to allocate to each crop. The realization of supply will then depend not 

only on inputs used, but also on uncontrolled natural events (as described in Chapter 3). 

Also, the assumption of profit maximization is not necessarily applicable to all farm 

systems. 

 Supply functions derived from production functions are scarce and most empirical 

supply functions are estimated using econometric techniques. The present crop supply 

study follows this trend and uses statistical techniques to quantify the effects of the main 

crop supply determinants specific to the Sub-Saharan Africa (SSA) context.  

Chapter 4 is organised as follow: Section 4.2 describes factors thought to influence 

crop supply. Section 4.3 presents the initial specification to be estimated. Section 4.4 

describes the data used in the analysis. Section 4.5 discusses the econometric techniques 
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employed to estimate the supply function. Section 4.6 presents and discusses the results of 

the regressions. Finally, Section 4.7 provides conclusions and comments.  

 

4.2. Crop supply determinants 

Crop supply is determined by prices, climate, weather, preferences, risk and national 

characteristics such as infrastructure and population density. The effects of these 

determinants are discussed below. 

 

4.2.1. Prices 

Crop production decisions are generally driven by monetary incentives, including the price 

of the crop under analysis and prices of competing crops. Crop supply is also influenced by 

input prices. 

 

4.2.1.1. Crop prices 

Crops prices are important determinants of farmers‟ production decisions. As explained by 

Bond (1983), farmers have to make decisions regarding production and consumption levels 

like other economic agents. In terms of production, farmers have to decide whether to work 

or to take leisure time. Within their time allocated to work, they can decide to sell their 

labour or to produce. If they decide to produce, they have to choose between producing 

crops or other goods. Then they have to decide whether to produce for their own 

consumption or to sell. Depending on their production decisions, farmers‟ consumption 

choices are to take leisure, consume purchased goods or self-produced goods. These 

allocation decisions, and therefore crop production, can be influenced by changes in the 

prices of any of these activities. 

In Africa, substitution possibilities between imported and domestic food production 

are limited (Maddison, 2006). Food requirements are therefore fulfilled mainly by 

households crop production. However, African farmers have opportunities to participate in 

non farming activities. Reardon‟s (1997) review of 23 field studies of household income 

diversification in Eastern, Western and Southern Africa showed “surprising departures 
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from traditional images of nonfarm activities of rural households” (p.743) as substantial 

shares of farm households incomes were derived from nonfarm activities in some regions. 

The literature on supply responses of food crops to price incentives display small 

price effects. This small effect of prices on food crop supply can be explained by the 

characteristics of the African agricultural sector. Agricultural production in SSA is mainly 

characterized by subsistence farming (Amissah-Arthur, 2005).
30

 Smallholders represent 

73% of SSA rural population (Morton, 2007). Most of the food producers do not market 

their production (Weber et al., 1988) but even subsistence farmers can trade a share of their 

production (Lambert, 2004). However, according to Ogbu and Gbetibouo (1989; p.88) 

“subsistence smallholders do not have profit maximizing behavior”. More specifically, 

Bond (1983) exposes two main explanations for the limited influence of price on supply. 

The first reason relates to the production preferences: substance farmers are risk averse and 

have a high preference for leisure or other activities. The second reason regards 

consumption preferences: African farmers have „income targets‟, meaning that price 

increases allow farmers to reach income targets faster and therefore reduce incentives to 

produce. Also, the isolation and lack of spending possibilities limits income needs and 

therefore price incentives. Alternatively, crop rotation practices can reduce the effect of 

prices when crops are substituted from year to year independently of price changes 

(Bhagat, 1989). However, according to de Janvry et al. (1991; p.1410), “the chronic 

inelasticity of supply response by peasant households, which is of so much concern to 

African governments, may thus be explained as a structural feature associated with 

missing markets and not as an inherent behavioural trait of peasants”. 

In turn, agricultural output prices are affected by market forces (i.e. demand and 

supply). Food demand is mainly determined by population growth (Johnson, 1999) which 

accelerated gradually in Africa during the 20
th

 century (Collier and Gunning, 1999). Food 

supply per capita in SSA has not experienced the same improvements experienced in the 

rest of the world (Johnson, 1999). Alternatively, price incentives can be modified by 

macroeconomic policies on trade, exchange rates, capital movements and tax system. More 

specifically, policies influence farmers‟ real income but also on the rural-urban and 

                                                
30

 Barnett (1997; p.1) defines subsistence farming as “farming and associated activities which 

together form a livelihood strategy where the main output is consumed directly, where there are few if any 

purchased inputs and where only a minor proportion of output is marketed”. 
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tradable-consumable terms of trade (Jaeger and Humphreys, 1988). Additionally, price 

incentives can be distorted by interventions from organisations encouraging specific crop 

planting through non-pecuniary incentives (Simatele, 2006). 

 

4.2.1.2. Competing crop prices 

Crop supply decisions are not only influenced by the price of the crop considered but also 

by prices of other potentially cultivable crops. The effect of other crop prices provides 

information about crop supply through a substitution effect. If the price of other crops 

becomes more attractive than that of the existing crop, farmers may alter their crop mix.  

Cash crop prices can also have a complementary effect with food crops. This is 

especially relevant in the context of Africa where inputs such as fertilizers are accessed 

mainly by cash crops growers through the intervention of commodity supporting 

institutions offering input credit schemes (e.g. the cotton parastatal in Benin (Minot et al., 

2000)). In this case, farmers use part of their inputs to cultivate food crops.  However, 

studies generally find low export crop prices elasticities for food production in SSA. This 

can be explained by the SSA marketing structure, where export crops are often channelled 

by public marketing boards which set crop producer prices at the beginning of the growing 

season. This price is supposed to follow international prices minus a margin kept by 

marketing boards. However, even when international prices increase, prices offered to 

producers often remain at a low level in order to maintain government expenditure (Bond, 

1983). 

 

4.2.1.3. Input prices 

Supply also depends on input prices. However, this is not necessarily applicable in SSA, 

given the specificities of the agricultural sector. As discussed in greater detail in Section 

3.2, very little capital is used in traditional crop production (Wolman and Fournier, 1987). 

Labour is the major production factor in agricultural production (IAC, 2004). However, 

family members constitute most of the labour force in African farms (Upton, 1987). This 

unwaged labour does not incur any monetary cost, but affects crop supply through a 

demand effect. Among variable inputs, fertilizer use can represent a major share of 
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production costs for cash crop farmers (Heisey and Mwangi, 1996) but the high price of 

fertilizer compared to the sale price of crops limits its use (Morris et al., 2007).  

 

4.2.2. Climate and weather 

As stated by Schlenker (2010) “crop choices vary by climate”. However, annual decisions 

regarding the area allocated to each crop can be influenced by weather expectations. 

 

4.2.2.1. Forecasts 

Weather forecasts and their timing are important for farming decisions such as planting 

and harvesting (Smit and Skinner, 2002). Additionally, the development of seasonal 

climate forecasts offers the opportunity to reduce the vulnerability of agriculture to climate 

variations, as it helps farmers to make informed cropping decisions (Hansen, 2002). 

Specifically, seasonal climate forecasts can serve as a valuable basis for land allocation 

decisions. However, their utility for subsistence farmers in developing countries is still a 

challenge due to credibility, legitimacy, geographic scale, understanding ability, 

broadcasting barriers and information range availability constraints (Patt and Gwata, 

2002). Specifically, where climate forecasts are available, studies generally show a lack of 

confidence in them, and therefore low usage. For instance, from field surveys of small 

farmers in semi-arid Kenya, Recha et al. (2008) reveal that a great majority of farmers do 

not trust meteorological forecasts and only a small number make decisions based on 

climate forecasts. The same is also true for non-African farmers. For example, a survey of 

Nebraskan farmers conducted by Hu et al. (2006) shows that climate forecasts are only 

„somewhat‟ influential on agronomic decisions, and the use of these climate forecasts is 

limited by their perceived accuracy and reliability. At the aggregate level, Phillips et al. 

(2002) show that the broad dissemination of seasonal forecasts over two years in 

Zimbabwe entailed changes in area planted and crops mixes. They conclude that average 

production in the long term could benefit from climate forecasts, but with an increase in 

production volatility. Ultimately, the usefulness of seasonal forecasts depends on the 

ability to receive the information and interpret it correctly and in a timely manner (Hansen, 

2002). Field studies in Southern Africa reveal a divergence between information 

disseminated by meteorological services and small farmers‟ requirements (Blench, 1999). 
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Climate forecasting services in SSA still needs to be reinforced to benefit the population 

(IRI, 2006).  

 

4.2.2.2. Perception 

Given the low reliance of farmers on weather and climate forecasts in making their farming 

decisions, they base their decisions on perceived change in climate over previous years, or 

expected future weather.  

The perception of climate change is an essential prerequisite for adaptation 

(Maddison, 2006). One of the adaptation measures available to farmers is to change crop 

mixes. Farmers are expected to change the set of crops planted on their land depending on 

their suitability to the new local climate.  

African farmers appear to be able to detect changes in climate. Based on a survey 

of  9,500 farmers across 10 African countries, Maddison (2006) provide an assessment of 

farmers‟ perception of climate change.
31

 His analysis reveals that a significant number of 

farmers perceived an increase in temperature and a decrease in precipitation. According to 

the author, “such results seem to suggest that African farmers are very good at detecting 

climate change” (p.24). The perception of climate change is more likely among 

experienced farmers. However, more educated appear to be more likely to adapt to climate 

change. Using the same data but focusing on Southern Africa (South Africa, Zambia and 

Zimbabwe), Nhemachena and Hassan (2007) find similar results. A majority of farmers 

perceive a warming and drying of climate and a marked alteration of rainfall patterns. 

Farmers reported applying adaptation measures in response to the perceived climate 

changes. But the perception of climate is also biased by the perceptions of normal climates. 

Some respondents do not accept that there has been a downward shift in precipitation since 

1968 and consider it as a persistent drought. Alternatively, Mertz et al.‟s (2009) household 

farm survey and group interviews show that climatic factors have a very small impact on 

Sahelian farmers decisions regarding area cultivated. According to the survey, farmers 

instigated changes in crops planted, but none of them attributed these changes directly to 

                                                
31

 The 10 countries surveyed include Burkina Faso, Cameroon, Egypt, Ethiopia, Ghana, Kenya, 

Niger, Senegal, South Africa and Zambia 
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climate. However, the sample considered is very small and, as acknowledged by the 

authors, it does not enable them to reach any firm conclusion.  

The distinction between the influence of climate and the influence of weather on 

farming decisions is not necessarily straightforward. As stated by Below et al. (2010; p.1), 

“the dynamic nature of adaptation makes it difficult to determine when, for example, the 

decision of a farmer to grow one crop variety instead of another is a coping response to 

short-term drought (climate variability) and when it is a planned adaptation to climate 

change (increased climate variability or gradual long-term changes in climate 

parameters)”.  

 

4.2.3. Consumer preferences 

Crop planting choices by subsistence farmers are determined by crop specificities and 

constraints, but also by their consumption preferences (Edmeades et al., 2004). However, 

food preferences in Africa differ by communities. For instance, the Iteso tribe in Uganda 

prefers cassava, sorghum and eleusine millet and dislikes maize and pennisetum millet 

(Jowett, 1966). 

Traditionally, social reasons dictate crop selection. For instance, sorghum is 

required for celebrations (beer making) in some parts of Africa. Alternatively, cassava is 

used for leaf consumption during the pre-harvest season and cassava, millet and sorghum 

for storage (FAO, 1997). 

 

4.2.4. Risk management 

African farmers endure remarkably greater risks than any other farmers (Collier and 

Gunning, 1999). Risk is, therefore, an important factor of agricultural production 

decisions, especially for African subsistence farmers who are risk adverse (Bond, 1983). 

Harwood et al. (1999) highlight five main types of risks faced by farmers in developing 

and developed countries: 

- Production risk associated with crop growth.  

- Price risk or market risk regarding market functioning and more specifically 

crop selling prices and input purchasing prices.  
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- Financial risk from contracting debts in order to produce. 

- Institutional risk resulting from uncertain agricultural policies and regulations.  

- Human or personal risk such as health or personal conflicts. 

The consideration of such risks shapes farmers‟ decisions regarding crop supply. 

Their effect will depend on farmers‟ perceptions of risk and their degree of risk aversion. 

Harwood et al.‟s (1999) review of farming risk studies reveal that in the USA, the 

producers of the most common crops are mainly concerned by price and yield risks. When 

considering SSA, weather and market dependency are the main risk factors considered in 

crop selection decisions (Bond, 1983). Collier and Gunning (1999) report total crop failure 

probability estimates of around 10% in some regions of Ethiopia, Zimbabwe, and 

Tanzania. In certain conditions, farmers will then prefer drought resistant crops rather than 

high-yield crops to avoid crop failure (Bond, 1983). Alternatively, famers diversify their 

activities between food and cash crops, livestock and wage employment in response to 

climatic risks. For instance, farmers from the West African Sahel diversify more their 

activities than farmers living in zones with more dependable rainfall (Collier and Gunning, 

1999). 

Alternatively, the risk of market failure to provide supplies and food does not 

encourage farmers to diversify production in Africa. Farmers thus prefer food crops to cash 

crops to circumvent market risks (Bond, 1983). According to Boussard et al. (2005; p.7), 

“ample evidence shows that agricultural supply responds to price stability just as much as 

to mean price level”. 

 

4.2.5. Other determinants 

Prices and climate are not the only determinants of crop supply. Constraints such as 

infrastructure, population density and wars can have important impacts. 

 

4.2.5.1. Infrastructure 

Isolation of many farmers in developing countries poses a serious limitation to output 

supply growth. Limited transport means, communication channels, market structure and 

financial and agricultural services limit access to supplies and services required by African 

farmers (Bond, 1983; Demery and Addison, 1987).  
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4.2.5.2. Population density 

Population density is expected to have a positive impact on agricultural growth through 

land use intensification, which entails specialization and lower unit costs of infrastructure. 

This hypothesis formulated by Boserup (1965) is investigated in several studies. For 

instance, Biswanger et al.‟s (1987) agricultural supply analysis of 58 countries considers 

the effect of rural population density measured as the number of rural inhabitants per unit 

of potential agricultural land. The authors show that rural population density has a positive 

and significant effect on the response of aggregate crop production and crop yields, but a 

small effect on aggregate crop area. However, as noted by Mamingi (1996), the effect of 

population density on agricultural output depends on the household structure. 

 

4.2.5.3. War 

There has been numerous border, civil or independence wars, uprisings, rebellions and 

armed conflicts in Africa (Kohn, 1999). Some conflicts lasted several decades such as the 

Sudanese civil war that spanned from 1956 to 1999. Other countries, such as Uganda, saw 

a succession of shorter wars. War has numerous social and economical detrimental effects 

but also causes disruptions in agricultural supply. 
32

 

 

4.3. Supply function specification 

In order to estimate the supply function, the level of aggregation, functional form, most 

influential variables and appropriate variable transformations are selected given the 

constraints of the study. 

 

                                                
32 However, an endogenous relationship links agricultural production and conflicts, as conflicts are 

often caused by subsistence crises (de Soysa et al., 1999). Therefore, the effect of war on yield is not 

considered in the production function. 
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4.3.1. Aggregation level 

The supply function can be estimated either at the aggregate level or at the commodity 

level. For consistency with the production analysis, the supply function is estimated at the 

crop level for five SSA regions and SSA in aggregate.  

 

4.3.2. Functional form 

Agricultural supply functions are generally estimated using either a profit maximisation 

framework or the Nerlovian partial adjustment and adaptive expectation model (Mythili, 

2008). The profit maximisation method consists of solving an output supply and an input 

demand function jointly so as to obtain the highest profit possible. However, input prices 

are not available for SSA. Also, as noted previously, the assumption of profit maximisation 

does not necessarily hold for African farmers (Ogbu and Gbetibouo, 1989; Udry, 1999). 

Therefore, the estimation of the input demand function is not applicable in the present 

study. 

The partial adjustment and adaptive expectation model developed by Nerlove 

(1956) models farmer reactions in terms of price expectations and/or partial area 

adjustments. According to Nerlove (1958b), the long-run area desired or „equilibrium area‟ 

cultivated can be expressed as a function of expected prices and other exogenous variables: 

 tt
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where *
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t
 is the desired crop acreage at time t, e

t
P is the expected price of the crop and Zt is 

a vector of other variables. 

Farmers form their expectation regarding prices e

t
P on the basis of past and current 

observed prices. Assuming that farmers remember the extent of the error they made in 

price expectations the previous year (i.e. the difference between observed and actual price 

the previous year), they can adjust current expectations. The adaptive expectation model is 

then specified as:  
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and  is the expectation coefficient. 
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As desired acreages can differ from the actual area under cultivation due to 

adjustment lags, a partial adjustment model can also be used for acreage: 

 )AA(AA
1

*

1 


tttt
  (4.3) 

where 
t

A is the actual area under cultivation, 
1

A
t

 is acreage cultivated in the previous 

year, *
A

t
 is desired acreage and  is the adjustment coefficient. 

By substitution, the Nerlovian supply function takes the form:
33
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where the b coefficients are composites of adjustment and expectation coefficients. 

The Nerlovian model has been extensively used to estimate agricultural supply 

response. Thirty years ago, Askari and Cummings (1976), reported the existence of more 

than 600 estimates.  

However, several problems are associated with estimation of the Nerlovian model. 

The first issue relates to the partial adjustment representation through the inclusion of 

lagged output as an explanatory variable. The explanatory variables
1t

P  and 
1t

A  are likely 

to be linked through a demand function relationship. Therefore, estimates of the long-run 

supply elasticity may be biased (Braulke, 1982). Moreover, as acknowledged by Nerlove 

(1979), the partial adjustment model implies that output at period t adjusts ad hoc by a 

fraction of the change required to attain the desired output. Also, the assumption that the 

desired output is fixed is questionable. The second issue regards the estimation of the long-

run price response. When both partial adjustment and adaptive price expectations are 

included in the model, it is not possible to estimate the long-run elasticities unless certain 

restrictions are applied (Nerlove, 1958a). Some issues regarding the estimation of the 

Nerlovian model have been addressed by modifying the original model (Leaver, 2004). 

Askari and Cummings (1977) offer a review of the different restrictions imposed on the 

Nerlovian model.  

Some issues of the Nerlovian model can be addressed using panel data instead of a 

single country time series (Thiele, 2000). For instance, the cross country time series 

estimation allows one to account for different price regimes across countries and therefore 

gives a better estimate of the long-run elasticity than a time series estimate representing 

                                                
33 See Appendix C for details. 
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one price regime. However, the estimates suffer from an upward bias if all country 

characteristics cannot be fully controlled for. The same remarks apply to other factor 

elasticities. Several studies have used cross-sectional time series data to estimate aggregate 

agricultural supply (e.g. Binswanger et al. (1987) in 58 countries; Subervie (2008) in 

developing countries) and individual crop supply functions (e.g. coffee (de Vries, 1975)). 

The supply function can be estimated using an error correction model (ECM). The 

ECM addresses the problem of spurious regression that can be present when using non 

stationary time series. Co-integration analysis also enables the separate estimation of short 

and long-run elasticities. Furthermore, co-integration analysis relaxes the restrictive 

adaptive assumptions imposed by the dynamic specification of the Nerlovian model and is 

representative of „forward-looking behaviour,‟ as Nickell (1985) demonstrated that the 

ECM can be obtained from minimization of a dynamic quadratic loss function (Thiele, 

2000). According to Alemu et al. (2003; p.390) “there is empirical evidence that the 

dynamics of supply can be better described by Error-Correction Models (ECM) than 

Partial Adjustment Models”. The use of ECMs to estimate the supply response has been 

preferred to the partial adjustment model in numerous studies. In SSA, these studies 

consider either the aggregate agricultural supply response (e.g. McKay et al. (1999) in 

Tanzania; Muchapondwa (2009) in Zimbabwe) or particular crops (e.g. Alemu et al. 

(2003) on teff, wheat, maize and sorghum in Ethiopia; Nkang et al. (2007) on maize in 

Nigeria; Mose et al. (2007) on maize in Kenya) 

Thiele (2000) presents an evaluation of the four main methods used to estimate the 

supply function in developing countries. They find that the most popular method, the 

Nerlovian model, specifies the dynamics of supply too restrictively and therefore does not 

estimate the long-run supply elasticity properly. However, the author cannot rank the other 

methods as each has specific strengths and weaknesses.  

 

4.3.3. Initial specification 

This section discusses output variables used to estimate crop supply functions. Which 

variables to include and exclude in the initial specification, and variable transformations 

are also discussed. A summary of the initial specification is provided in a last sub-section. 
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4.3.3.1. Output 

What output to consider is of prime interest when evaluating the supply response. 

Agricultural output used to represent supply can be represented by: (i) cropped area, (ii) 

harvested quantities or (iii) yields given by production per unit of cropped area (Mamingi, 

1996).  

According to Askari and Cummings (1977; p.260) “planted acreage is generally 

the best available method of gauging how cultivators translate their price expectations into 

action”. Yet, these authors also argue that farmers are more interested in adjusting output 

to price changes than area under cultivation. They assume that farmers can influence 

output levels by increasing other production factors such as fertilizer, labour and irrigation. 

However, when considering the SSA countries where fertilizer and irrigation is scarcely 

used, these output adjustment possibilities are limited. Additionally, area cultivated is a 

better indicator of production planning as it is independent of contemporaneous weather 

events (Coyle, 1993). Therefore, the output measure preferred in the present study is the 

area cultivated for each crop. 

However, data on area sown are not available for all countries and many years. 

More comprehensive crop area data are available for area harvested. This measurement 

method represents a shortcoming for the analysis of crop planting decisions as area 

harvested excludes area sown or planted that has not been harvested. Differences between 

area planted and harvested are due to, for example, natural calamities or economic 

considerations (FAO, 2010a). When considering food crops in SSA, the main reason for 

not harvesting is crop failure due to extreme climatic events or war and conflicts. It is 

therefore necessary to account for those extreme climatic and political events occurring 

during the cropping year to be able to use area harvested as a suitable proxy for farmers‟ 

planting decisions. 

 

4.3.3.2. Explanatory variables 

The main determinants used to estimate the crop supply function are prices and weather or 

climate. The supply function can generally be specified as: 

 Ait = f (Pricesit, Weatherit, Risksit, Extremesit) (4.5) 
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where, for each crop i at time t, Ait
 
is the land area, Pricesit is a vector of crop prices, 

Weatherit is a vector of weather variables, Risksit, is a vector of risk variables and 

Extremesit is a vector of extreme weather and political variables. 

 

Prices 

 Crop prices 

Output supplied is expected to move along the supply curve as crop prices changes (Alemu 

et al., 2003). The effect of price on supply response has been widely considered. Regarding 

Africa, most studies focus on aggregated agricultural supply (e.g. Bond, 1983; McKay et 

al., 1999; Thiele, 2003) or export and cash crops (e.g. cotton (Douya, 2008), coffee 

(Parikh, 1979), cocoa (Hattink et al., 1998)). Few statistical studies consider the supply 

response of food crops to price incentives. Rahji et al. (2008) analyse rice supply in 

Nigeria from 1967 to 2004. They estimate price elasticities of 0.11 in the short run and 

0.48 in the long-run. McKay et al. (1999) estimate the supply of food crops from 1964 to 

1990 in Tanzania using an ECM and find a short-run elasticity with respect to crop food 

price of 0.37.
34

 

 

 Competing crop prices 

Competing crop prices are included in supply analyses to represent substitution effects. 

Changes in competing crop prices entail a shift in the supply curve (Alemu et al., 2003). 

The effect of competing crop price on crop supply is investigated in few studies. For 

instance, Ogbu and Gbetibouo (1989) cite results from Adesimi (1970), who estimates the 

supply elasticities for tobacco in Western Nigeria. This author finds a large negative price 

elasticity with regard to the price of alternative subsistence crops (-1.32 for yams). 

 

 Export crop prices 

As explained in 4.2.1.2, export crops prices are either substitutes or complements for food 

crops. For instance, McKay et al. (1999) estimate the effect of export crop
35

 price on food 

crop
4
 supply and find a short-run elasticity of -0.415. Jaeger‟s (1991) analysis of SSA food 

crop supply, on the other hand, establishes complementarities between food crops and 

                                                
34 Food crops considered include maize, paddy, sorghum, millet, cassava and beans. 
35 Export crops considered include cashew, coffee, tea, pyrethrum, tobacco and cotton.  



166 

 

 

 

export crops. The estimated export crop price food production cross price elasticity is 0.05 

and that for staple food production is 0.07.  

 

Price asymmetry 

The supply responses to price rises can differ from responses to price reductions. This 

asymmetric response is considered by a small number of authors (e.g. Trail et al., 1978; 

Jaforullah, 1993). Focusing on Nigeria, Olayemi and Oni (1972) and Ngambeki and 

Idachaba (1985) find asymmetric own price elasticities for cash crop. Olayemi and Oni 

(1972) find that cocoa farmers adapt their supply more readily to price increases than to 

price decrease (elasticities of 1.2 and 0.6 respectively). Ngambeki and Idachaba (1985) 

establish a lower price response asymmetry for upland-rice farmers. They estimate the 

elasticity of the area planted for price increases is 0.6 and that for price decreases is 0.4. 

 

Weather 

Some studies account for the effect of climate change perceptions using past weather 

events in the estimation of crop supply functions. For instance, Brons et al. (2004) estimate 

the effect of annual rainfall from the previous year on areas used to grow cereals, cotton 

and groundnuts at the national level in Mali and Burkina Faso. However, they find no 

evidence that climate variability influences area cultivated. 

Most supply function analyses consider weather expectations to determine the 

amount of land allocated to crops. In these studies, weather expectations are considered 

using weather events before planting. For instance, Lahiri and Roy‟s (1985) supply 

analysis of rice in India considers the effect of rainfall during the sowing period on area 

and rainfall during the growing period on yields.  

Alternatively, some studies use weather in the current year to estimate the supply 

function. For instance, Mythili (2006) estimates the effect of current total rainfall on the 

area devoted to rice and sugarcane. For cotton, groundnut and coarse cereals, the author 

estimates supply responses to current rainfall deviation from normal rainfall. Alemu et al. 

(2003) evaluate the effect of rainfall during the growing season (from June to September) 

on the area devoted to teff, wheat, maize and sorghum in Ethiopia. However, most crop 

supply analyses using contemporaneous weather consider outputs other than area (e.g. 
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Rudaheranwa et al., 2003; Abdullahi et al., 2006; Nkang et al., 2007; Alabi, 2008; Douya, 

2008; Muchapondwa, 2009). When using production and yields as output, it is not possible 

to distinguish the effect of weather on supply decisions from supply outcomes. 

 

Risks 

The effect of market risk on crop supply is usually investigated using the standard 

deviation or coefficient of variation (CV) for prices. When evaluating supply responses of 

pulses in India, Savadatti (2007) considers price risks using the ratio of the standard 

deviation of farm harvest price of pulses to the standard deviation of the farm harvest price 

index of competing crops measured during the last three years. The regression results 

indicate a negative and significant effect of price risks. Huq and Arshad (2010) also 

consider the effect of price risk on the area under potato cultivation in Bangladesh using 

the CV of price over the preceding two years. They find no significant effect, and drop the 

variable from the final model. Sangwan (1985) considers the CV of price over the three 

preceding years to estimate the effect of price risk on 12 crops supply in the Haryana state 

in India. The author finds a significant and negative effect of price CV on wheat and 

sorghum acreages and a positive effect on groundnuts. 

Regarding weather, most empirical crop supply analyses also use the standard 

deviation or CV of rainfall. For instance, in an estimation of the supply response of pulses 

in India, Savadatti (2007) accounts for weather risks by including in the specification the 

standard deviation of the percentage deviation of rainfall from normal during sowing 

months, measured during the last three years. The author finds no significant effect of 

weather risks on the response of the area devoted to pulses. 

 

Extreme conditions 

Drought and flood dummies for the current year are included as explanatory variables to 

account for differences between the area sown and the area harvested due to extreme 

climatic events. Similarly, a war dummy is used to account for non-harvested area due to 

extreme political conditions. A case study of Rwanda from Sperling (1998) shows that, 

during the primary war season (February-July 1994), 46% of farmers interviewed did not 
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harvest part of the sorghum area they had sown. Corresponding percentages for other crops 

were: 37% for potato, 45% for beans and only 9% for cassava. 

 

4.3.3.3. Explanatory variables not included 

Several crop supply determinants are not included in the present supply function 

specification due to inapplicability to the present context or data limitations. For instance, 

input prices are not included in the specification as few purchased inputs are used by 

farmers in SSA and price data availability is limited. Also, data on infrastructure 

development are not available for sample considered. Therefore, these variables are not 

considered. Population density is not considered as the annual data available are obtained 

by interpolation from lower frequency data. Therefore, inter-annual variations cannot be 

accurately represented. 

 

4.3.3.4. Variable transformations 

To control for inflation, nominal prices have to be deflated to obtain real prices. According 

to Askari and Cummings (1977), “price deflation has involved almost as many approaches 

as there are studies”. The most frequently used deflators in supply function analysis are: 

the consumer price index (CPI), the input price index and the competing crop price index. 

Price indices are included to capture the relative price of other possible activities. If these 

activities are other crops, the prices of competing crops are to be weighted depending on 

their importance. However, as noted by Askari and Cummings (1977), the determination of 

these weights is somewhat subjective. Also, data availability is an important limitation 

especially concerning food crops. Furthermore, as highlighted by Mamingi (1996), 

regression on a price ratio imposes a restriction on the price coefficient and its deflator 

which may not hold in most cases. As an alternative, taking the first differences of logged 

price variables produces deflated prices series without requiring any price index. However, 

prices series deflated using this technique can only be used in regression in levels. 

Another issue arises when considering countries with different currencies. In this 

case, the price data have to be converted to a common unit when fixed effects are not 

included. As noted by Zepeda (2001), the use of exchange rates to obtain a common unit 

has been criticized because of distortions when the official exchange rate does not 
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represent the true currency values. In response, other studies use a purchasing power parity 

(PPP) adjustment. However, this index is also criticized when used in the agricultural 

context as PPP is calculated using mainly non-agricultural goods and services. In response, 

Summers and Heston (1988) provide a PPP exchange rate calculated using gross domestic 

product (GDP), enabling price comparisons across countries with different activities. 

Additionally, this PPP exchange rate produces real prices measured in common currency. 

Therefore, prices used in the first model are transformed using the Summers and Heston 

PPP, which provides a common unit and solves the deflation issue. 

The area and price series selected are both log-transformed to obtain price 

elasticities that are easily interpretable. However, the climatic variables are kept in levels 

as, similar to the production function analysis, it makes the interpretation of the influence 

of, say, an additional millimetre of rain or an additional degree Celsius more meaningful.  

 

4.3.3.5. Initial specification summary  

Estimations of price responses of the area under cultivation are based on price expectations 

formed by farmers. Studies usually consider distributed lags to represent farmers‟ price 

expectations (Mamingi, 1997). However, as crop price data are only available over a 

restricted period, only prices from the previous year are considered in the first model (LAG 

model). The price of the crop is included to represent financial incentives. Price asymmetry 

is investigated by including a dummy variable equal to one when crop prices increase and 

zero otherwise. Additionally, the price of the main competing crop is included to represent 

substitution effects between crops. An export crop price index is included in the analysis to 

account for either complementarity or substitutability among the four food crops 

considered and export crops. Simultaneity is not an issue in the present specifications, as 

the prices considered are those from the previous year, and therefore price and supply are 

not determined simultaneously. The impact of weather is considered in the LAG model 

using annual cumulative precipitation and annual average temperature. These two 

measures are the only climatic variables observable by farmers, so these factors are the 

most likely weather variables to impact farmers‟ decisions to grow a certain crop and the 
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area to allocate to it.
36

 As with prices, only the first lags of weather variables are included 

in the first model. 

A second model (MAVG model) investigates the effect of past average prices and 

weather conditions. A distributed lag specification could be estimated but as the sample is 

already limited, the increase in the number of variable would greatly reduce degrees of 

freedom. Therefore, averages of prices and weather variables are considered. As crop price 

and competing crop price data are limited, these variables are not included in this model. 

Therefore, the specification only includes the average of export crop prices to capture price 

incentives. Also, as export price data are available only from 1961, the export price 

average is considered over the previous five years.
37

 Alternatively, as weather data are 

available from 1901, the weather average is considered over the previous 10 years.
38

 

Additionally, price and weather risks are accounted for by including standard deviations of 

prices and weather variables during the previous five and 10 years, respectively.  

For each crop i, the two initial specifications of the supply function can be 

expressed as:  

 LAG model 

 
lnAit = f (lnPCit-1, PCincit-1, lnPSit-1, XPIt-1, Tit-1, Pit-1, Droughtit, Floodit, 

Wart) (4.6) 

 MAVG model 

 lnAit = f ( it
IPX , it

IP
~

X , it
T , it

T
~

, it
P , it

P
~

, Droughtit, Floodit, Warit) (4.7) 

where for each crop i at time t, lnA represents the log of area harvested, lnPC, log of crop 

producer price, PCinc, a dummy variable representing a crop price increase, lnPS, log of 

substitute crop producer price, XPI, the export crops price index, IPX , the average export 

crops price over the previous five years, IP
~

X , the export crops price risk over the previous 

five years, T, the average annual temperature, T , the average temperature over the previous 

10 years, T
~

, the temperature risk over the previous 10 years, P, the annual cumulative 

                                                
36 Trial regressions considered standardized rainfall and temperature anomalies to determine the 

influence of weather relative to historical local conditions. However, these regressions produced very similar 

results to those obtained with cumulative precipitation and average temperature and are therefore not 
presented. 

37 Correlation analyses revealed that the largest degree of correlation between export price index and 

crop area harvested is observed when export crop prices are averaged over five years. 
38 Correlation analyses revealed that the largest degree of correlation between weather variables and 

crop area harvested is observed when weather variables are calculated using a 10-year moving average. 
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precipitation, P , the average precipitation over the previous 10 years, P
~

, the precipitation 

risk over the  previous 10 years, Drought, the occurrence of drought, Flood, the occurrence 

of a flood and War the occurrence of a war. 

The estimation procedure follows a general-to-specific strategy in which only the 

main explanatory variables are kept in the final model. Specifically, in the LAG model, 

crop price and competing crop prices are excluded from the initial specification if they are 

insignificant in order to obtain a larger sample since all other variables are available over a 

longer time period (from 1961). Similarly, the price increase dummy is not kept in the final 

specification if price asymmetry is not present. In the MAVG model, risk and extreme 

event variables are excluded from the initial specification if they are not significant. As for 

the production function estimation, a threshold of 10% is used to determine the 

significance of the variables. 

 

4.4. Data 

Some of the data series entering the supply function have already been presented in 

Chapter 3. Therefore, their description is not repeated in this section. However, other data 

are specific to the supply function, and their selection and description are presented below. 

 

4.4.1. Acreage data 

Data on area cultivated are presented by Country Stat (2010), but the series are available 

for a very limited number of countries and years. FAOSTAT (2007) present data on area 

harvested. These data are presented in the Section 3.4.1 of the previous chapter. As 

mentioned in Section 4.3.3.1, the area harvested can differ from area planted or sown 

because of total crop failure or damages. 

 

4.4.2. Price data 

Some price series can be obtained from national ministries at the regional level. However, 

the spatial coverage and time span are very limited. Alternatively, FAOSTAT (2007) 
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provides price data at the national level over longer time period. Therefore, national price 

data extracted from the FAOSTAT database are used in the present analysis.  

 

4.4.2.1. Crop prices 

FAOSTAT (2007) provides nominal producer price series given in local currency per 

tonne for 66 crops from 1966 to 2006. Crop prices are converted from local currency into 

international dollars using the Summers and Heston PPP exchange rates extracted from the 

Penn World Tables version 6.2 (PWT 6.2) (Heston et al., 2006). CIC (2006; p.2) define the 

PPP from this data source as “the number of currency units required to buy goods 

equivalent to what can be bought with one unit of the base country. We calculated our PPP 

over GDP. That is, our PPP is the national currency value of GDP divided by the real 

value of GDP in international dollars”. In the PWT 6.2 database, 2000 is used as base year 

for the calculation of the PPP. Price series are not complete for some crops in some regions 

(all crops in Equatorial Guinea, Guinea, Niger and Sudan; cassava in Zimbabwe; millet in 

Malawi, Mali and Congo; maize in Gambia; sorghum in Mali and Gambia). As some 

diagnostic tests are not usable with limited number of observations, and to avoid arbitrary 

data selection, all incomplete series mentioned above are not considered in the analysis. 

As displayed in Figure 4.1, real prices are generally increasing over the study 

period. Cassava prices are generally higher in the Central region (with an average of $488 

per tonne during the period 1966-2002) than in other regions. A peak is observed in the 

early 1990s. In the late 1990s, the highest cassava prices are observed in the East. Maize 

prices are generally higher in the West during the first half of the period and in the East 

during the second half of the period. Regarding millet and sorghum, no regional prices 

stand out, except prices in the Central region, which are higher than in other regions 

around 2000. 
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Figure 4.1. Evolution of mean real producer prices per tonne in international US dollars in SSA 

(1966-2002) 

 

 

Overall in SSA during the period 1966-2002, millet is the most expensive crop with 

a real price of $436 per tonne, and cassava is the least expensive with a unit real price of 

$290. Maize and millet price average $413 and $436 per tonne respectively over the 

sample period. 

 

4.4.2.2. Competing crop prices 

Competing crop prices series are obtained from FAOSTAT (2007). As with crop prices, 

the series are transformed into international dollars using the PPP exchange rate. As crop 

mixes differ by communities in Africa, the determination of the main competing crop at 

the national level is based on area harvested. For each crop in each country, the main 

competing crop is the crop with the largest area harvested on average over the study period 

(1961-2002). If the crop with the largest area is the crop considered, then the competing 

crop is the crop with the second largest area harvested. For example, sorghum and millet 

are respectively the first and second main crops harvested in Burkina Faso during the 
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period, so sorghum is the main competing crop for cassava, maize and millet. Millet is the 

main competing crop for sorghum. The competing crops in each country are described in 

Appendix D. 

The evolution of competing crop prices is shown in Figure 4.2. The figure indicates 

that competing crop prices generally followed an upward trend over the sample period. 

However, competing crop prices differ across regions as competing crop prices for all four 

crops are higher in the West than in other regions. This can be explained by the fact that 

most competing crops in the West are cash crops (cocoa and rice), whereas in other 

regions, competing crop prices are mainly food crops. 

Figure 4.2 Evolution of mean real competing crop producer prices per tonne in international US 

dollars in SSA (1966-2002) 

 

 

4.4.2.3. Export crop prices 

Export crops prices are represented by the agricultural export unit value index. The 

FAOSTAT database (2007) provides data on the agricultural export unit value index from 

1961 to 2002. This index represents “changes in the quantity-weighted unit values of 

products traded between countries. The weights are the quantity averages of 1989-1991. 
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The formulas used are of the Laspeyres type” (FAOSTAT, 2007). FAO (2010b) calculates 

the export unit value index at time t (XPIt) as:  

 )100(XPI

oo

ot

t
qp

qp




  

(4.8) 

where at time t, pt is the unit value, qo is the base-period quantity (the mean from the period 

1989-1991), po is the base period unit value (the weighted mean unit value for the period 

1989-1991).  Export values used are expressed in US dollars free on board. 

Export price index series are represented in Figure 4.3. The graph shows a general 

increase of the index until the 1980s, stagnation in the mid-1980s and a slow decease 

thereafter. The highest export price index is observed in the Central region and the lowest 

in the South region. 

Figure 4.3. Evolution of export price index in SSA (1961-2002) 

 
 

4.4.3. War data 

War data are obtained from the Uppsala Conflict Data Program (UCDP) and International 

Peace Research Institute, Oslo‟s (PRIO) armed conflict dataset (Gleditsch et al., 2002). To 

represent the occurrence of a war, a dummy variable is created. This variable takes the 

value 1 when there are at least a thousand battle-related deaths in a country in one year as a 

result of an international or civil war, and zero otherwise. Based on this definition of war, 
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13 countries have experienced wars during the study period (Angola, Burundi, Chad, 

Congo, Congo DR, Mozambique, Nigeria, Rwanda, Sierra Leone, Somali, Sudan, Uganda, 

and Zimbabwe). As shown in Figure 4.4, the longest consecutive period of war occurred in 

Angola from 1974-1994. 

 

Figure 4.4. Occurrence of war with at least a thousand battle-related deaths (1961-2002) 

 
Source: UCDP/PRIO armed conflict dataset (Gleditsch et al., 2002). 
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4.5. Methodology 

The estimation of the crop supply functions follows the same methodology employed to 

estimate the production function. Therefore, as exposed in Section 3.5, the data are treated 

as a panel. Parameter heterogeneity is investigated considering the supply function for SSA 

and at the five SSA regional levels, but also by interacting explanatory variables with 

LFAC dummies. Stationarity of variables is investigated using panel and time series unit 

root tests and the presence of cointegration is investigated when variables are judged I(1). 

Depending on these tests results, the specification is then estimated in levels, first 

differences or using an ECM. For each regression, several diagnostic tests are performed to 

detect the presence of individual and time effects, cross-sectional dependence, serial 

correlation and heteroskedasticity. Based on these tests results, the proper estimator is 

selected to re-estimate each regression. 

 

4.6. Results and discussions 

Crop supply analyses are performed by estimating the LAG model and the MAVG model 

specified in Section 4.3. These two models are estimated for each crop and each climatic 

region following the estimation procedure detailed in Section 3.5. Only final specifications 

(i.e. specification where only the main explanatory variables are kept from the initial 

specifications described in Section 4.3.3.2) are reported in the following sub-sections. 

Also, as for the production function, Maddala and Wu‟s (1999) panel unit root tests are 

performed for all supply function‟s variables in level and in first difference. As detailed in 

Appendix G, tests reject the null hypothesis of a unit root for most series indicating that at 

least one series is stationary in levels or in first differences. However, without any 

indication regarding which series contains a unit root, no conclusion can be reached and 

therefore the ERS time series unit root test is performed. ERS tests performed on the level 

of variables are detailed in Appendix H and indicate that most series are non-stationary in 

levels. ERS tests on variables in first differences indicate that most variable are I(1). 

Results of these tests are detailed for each crop in the following sections. Additionally, for 

each final specification, Westerlund‟s (2007) panel cointegration test results and diagnostic 

tests results are presented, and the inclusions of individual and time effects are discussed. 
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Regressions results of final specifications based on these tests are detailed for each crop 

and model.  

 

4.6.1. Cassava 

Results for ERS tests on first differenced variables are presented in Table 4.1. The table 

reports the estimated values for α0 obtained from equation (3.11), the level of significance, 

which is indicated using asterisks, and the numbers of lags included in the estimation of 

equation (3.11), which is indicated in parenthesis. Tests statistics for ΔlnA, ΔT, ΔP are 

replicated in Table 4.1 for information only but results are not discussed here as these 

variables are used in the production function analysis and tests results are already 

examined in Section 3.6. All prices series appear stationary in first difference, except for 

the export price index in CAR and Madagascar, where the ERS test fails to reject the null 

hypothesis of a unit root. For these series, visual analyses are performed as test may suffer 

from low power and non-stationarity in first difference is questionable. Visual inspections 

indicate that the series are I(1).  
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Table 4.1. ERS unit root test results for cassava production function variables 

 Countries ΔlnA ΔlnPC ΔlnPS ΔXPI ΔT ΔP 
S

u
d

a
n

o
-S

a
h

e
l 

Burkina Faso -7.06*** (2) -6.310*** (1) -4.68***  (1) -5.35*** (1) -7.65*** (1) -7.94*** (1) 

Chad -5.26*** (3)   -4.84*** (1) -10.53*** (1) -6.99*** (1) 

Gambia -4.46*** (1) -3.91***  (1) -6.06***  (1) -6.97*** (1) -8.65*** (1) -6.08*** (1) 

Mali -2.76     (1) -4.45***  (1) -5.06***  (1) -4.73*** (1) -6.02*** (2) -6.45*** (1) 

Niger -5.30***  (1)   -6.12*** (1) -8.39*** (1) -6.62*** (1) 

Senegal -4.37***  (1)   -7.15*** (1) -7.34*** (1) -5.15*** (2) 

Sudan -3.93***  (1)   -4.81*** (1) -10.57*** (1) -8.29*** (1) 

W
e
st

 

Benin -6.23***  (1)   -8.49*** (2) -7.03*** (1) -7.11*** (1) 

Côte d'Ivoire -3.40**   (1) -3.51**  (4) -4.28*** (1) -3.87*** (1) -6.28*** (2) -7.45*** (1) 

Ghana -5.60***  (1) -5.71*** (1) -5.50*** (1) -4.27*** (1) -6.14*** (2) -5.49*** (2) 

Guinea -3.89***  (1)   -5.09*** (1) -6.88*** (1) -7.05*** (1) 

Guinea-Bissau -3.14*    (6)   -7.56*** (1) -9.12*** (1) -7.07*** (1) 

Nigeria -3.57**   (1) -4.19*** (1) -5.42*** (1) -4.96*** (1) -9.05*** (1) -6.59*** (1) 

Sierra Leone -5.25***  (1)   -4.59*** (1) -6.43*** (1) -6.02*** (1) 

Togo -4.92***  (1) -6.26*** (2) -6.13*** (2) -6.04*** (2) -7.00*** (1) -6.18*** (1) 

C
e
n

tr
a

l 

Cameroon -3.48**   (1) -5.55*** (1) -5.21*** (1) -3.96*** (1) -9.21*** (1) -4.97*** (1) 

CAR -2.92*     (1)   -2.39     (2) -8.48*** (1) -4.29*** (1) 

Congo -7.08***  (1) -4.72*** (1) -4.46*** (1) -4.12*** (1) -6.77*** (1) -1.46     (4) 

Congo, DR -3.35**   (1)   -3.97*** (1) -8.93*** (1) -4.36*** (1) 

Gabon -3.10*    (1)   -4.91*** (1) -6.43*** (1) -5.36*** (2) 

E
a

st
 

Burundi -5.48*** (1) -5.21*** (1) -6.79*** (3) -6.05*** (1) -9.35*** (1) -4.31*** (1) 

Kenya -7.97*** (1) -3.77** (1) -5.55*** (1) -5.83*** (1) -10.04*** (1) -5.45*** (1) 

Madagascar -4.57*** (1) -4.12*** (1) -5.38*** (1) -2.22     (1) -6.37*** (1) -3.96*** (1) 

Rwanda -3.49**  (2) -5.14*** (1) -4.38*** (1) -6.46*** (1) -8.98*** (1) -5.42*** (1) 

Uganda -5.08*** (1)   -4.89*** (1) -9.16*** (1) -5.83*** (1) 

S
o

u
th

 

Angola -4.48*** (1)   -5.66*** (1) -7.07*** (1) -6.82*** (1) 

Malawi -2.77     (1) -4.75*** (1) -4.46*** (1) -4.79*** (1) -7.01*** (1) -6.81*** (1) 

Mozambique -4.34*** (1) -5.28*** (1) -4.60*** (1) -6.71*** (1) -5.88*** (1) -7.76*** (1) 

Tanzania -4.07*** (1)   -5.65*** (1) -6.79*** (2) -5.10*** (1) 

Zimbabwe -3.29**  (1)   -7.03*** (1) -6.48*** (1) -1.94     (5) 

Notes: values in parenthesis indicate the number of lags of the dependent variable considered (see Section 
3.5.3.2 for details regarding the determination of the lag length); ***, ** and * denote significance at the 1%, 

5% and 10% level respectively; Tests statistics are omitted for series with a limited number of observations, 

which are not included in regressions. 

 

4.6.1.1. LAG model 

As detailed in Section 4.3.3, the LAG model includes one lag of prices and weather 

variables to account for the impact of previous year events on acreage supply decisions 

made by farmers. Based on unit root test results, the model should be estimated using first 

differences as the series are I(1) except when a long-run relationship between the variables 

exists. Westerlund‟s (2007) panel cointegration test is therefore performed for each 

regional regression. The tests statistics reported in Table 4.2 indicate that the null 

hypothesis of no cointegration is only rejected in the final regression for the East region. 
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As a result, supply functions are estimated in first differences for all regions, except the 

East, where an ECM is estimated. Also reported in Table 4.2, Arelano and Bond‟s (1991) 

cross-sectional independence test statistics indicate the presence of cross-sectional 

dependence in the Central, East and South final regressions. The serial correlation test 

statistics shows that there is autocorrelation only in the East regression. Alternatively, 

homoskedasticity test statistics indicate the presence of heteroskedasticity in all final 

specifications. In order to address the issues of cross-sectional dependence, autocorrelation 

and heteroskedasticity and for consistency across regressions, the xtscc estimator is used 

to estimate all cassava LAG model regressions. Test statistics on joint significance of time 

and group effects are not reported in Table 4.2, but indicate that times dummies are only 

significant in the Central and East regressions and fixed effects are significant in the East 

regression. 

Table 4.2. LAG model diagnostic tests statistics for final cassava specifications 

H0 SSA 
Sudano-

Sahel 
West Central East South 

No cointegration -11.405 -4.723 -8.372 -5.477 -7.802** -3.376 

Cross-sectional independence -0.082 19.830 39.240* -3.705*** -3.866*** 16.715* 

No autocorrelation of order 1 -1.052 -0.863 0.581 -0.046 -1.776* 1.140 

Homoskedasticity 16,678*** 895*** 202*** 60*** 129*** 361*** 

Note: ***, ** and * denote significance at the 1%, 5% and 10% level respectively. 

 

Final regression results for the cassava LAG supply function are presented in Table 

4.3. Short-run responses based on coefficients for first-differenced variables are detailed in 

the top section of the table. In the second section, the long-run equation estimated for the 

cointegration models is displayed. Finally, general information relative to the long-run 

estimations is presented in the bottom section of the table. Fixed effects and time dummies 

indications apply to both short and long-run equations.   



181 

 

 

 

Table 4.3. Cassava LAG model regressions using the xtscc estimator: dependent variable ΔlnA 

 
SSA Sudano-Sahel West Central East South 

ΔXPIt-1 -0.000267 -0.00316 0.000203 -2.95e-05 0.000670* 0.000153 

 
(0.000343) -0.0021 (0.000379) (0.000117) (0.000271) (0.000224) 

ΔTt-1 0.0290 0.0504 0.0563** -0.0135 -0.0143 0.00557 

 
(0.0228) -0.0852 (0.0223) (0.0367) (0.0688) (0.0149) 

ΔPt-1 5.05e-05** 0.000138* 1.21e-05 2.87e-05 0.000452** -2.37e-05 

 
(2.03e-05) -6.72e-05 (2.50e-05) (4.04e-05) (0.000127) (3.20e-05) 

Δ(XPI × LFAC)t-1 0.000584 0.00395 
  

-2.38e-05 
 

 
(0.000409) -0.00236 

  
(0.000338) 

 
Δ(T × LFAC)t-1 -0.0524* -0.0961 

  
0.0328 

 

 
(0.0270) -0.102 

  
(0.0754) 

 
Δ(P × LFAC)t-1 -0.000113** -0.000336* 

  
-0.000365** 

 

 
(5.45e-05) -0.000167 

  
(0.000124) 

 
ECTt-1     

-0.291** 
 

     
(0.0696) 

 
Constant 0.0123* -0.0132 0.0317*** 0.0454 0.120** 0.0169 

 
(0.00611) -0.0208 (0.00652) (0.0231) (0.0261) (0.00853) 

Long-run equation 
      

XPit-1     
0.000493 

 

     
(0.000421) 

 
Tt-1     

-0.223 
 

     
(0.137) 

 
Pt-1     

0.000315 
 

     
(0.000154) 

 
(XPI × LFAC)t-1     

0.00157 
 

     
(0.000755) 

 
(T × LFAC)t-1     

0.538** 
 

     
(0.125) 

 
(P × LFAC)t-1     

-0.000316 
 

     
(0.000171) 

 
Observations 1,178 280 298 200 200 200 

Number of groups 30 7 8 5 5 5 

R
2
 0.006 0.053 0.022 0.270 0.393 0.006 

F 4.195*** 1.707 2.292 1.467*** 494.8*** 0.689*** 

Time dummies no No no yes yes no 

Fixed effect no No no no yes no 

Notes: standard errors in parentheses; ***, ** and * denote significance at the 1%, 5% and 10% level 

respectively; the constant is included in the long-run specification but is not reported in the table. 

 

As noted previously, an ECM is estimated in the East region. The coefficient of the 

error correction term, ECTt-1, for the East regression is significant supporting the 

cointegration test results presented in Table 4.2. For all other regions, only short-run 

regressions are estimated. Extreme events control variables considered in the LAG general 
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model to account for losses in acreages between planting and harvesting were all 

insignificant and removed from final specifications. 

In the initial regression, cassava prices and competing crop prices did not 

significantly influence acreage cropping decisions. As the number of countries for which 

price data are available is limited, it is not possible to draw any firm conclusions regarding 

crop price effects. However, as cassava is mainly cultivated for domestic consumption in 

SSA, it is reasonable to assume that the price of cassava does not influence cropping 

decision in this region. These insignificant price variables are therefore excluded in final 

specifications, which allows regressions using larger samples. The export crops price index 

coefficient is significant in the East regression only. In this region, an increase in export 

crop prices by 10 percentage points in the previous year leads to a 0.7% increase in cassava 

acreage harvested in the current year. In this region, export crops appear to have a 

complementary effect on cassava acreage. 

Previous year temperature has a significant impact on current year planting 

decisions in the West region. A 1ºC increase in average temperature last year causes a 

5.6% increase in cassava acreage planted this year. This temperature effect seems 

contradictory to agronomic theory, according to which, high temperature has a detrimental 

effect on crops and thus should lead to reduced area planted the following year. However, 

production function estimated in the previous chapter showed no significant effect of 

temperature increase on cassava yields but some detrimental effects on yields of the three 

other main crops. According to these findings that cassava is less sensitive to temperature 

changes than the three other crops, the positive impact of temperature on cassava acreage 

in the West regression would be explained by a change in farmers‟ preferences in favor of 

cassava as temperature increase. Alternatively, as heat stress is damaging to plants (Winch, 

2006) and the lack of temperature effect on yield could be due to data limitations, the 

positive impact of temperature on cassava acreage in the West could be explained by a 

mechanism of yield loss compensation as temperature increase affect yields. A contrary 

temperature effect on area planted is observed in SSA LFAC countries. This result indicate 

that in LFAC countries, temperature increases lead farmers to decrease cassava area. This 

result is contrary to the results for other regions but could be explained by a switch of 

farmers to crops having a higher heat tolerance level, such as millet. 
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Previous year precipitation has a positive impact on cassava cropping decisions in 

non-LFAC countries in SSA, Sudano-Sahel and East. As regional yield regressions 

estimated in Section 3.6.1, show a positive precipitation effect on cassava, this result 

indicates that farmers‟ preference for cassava increase as precipitation (and yield) increase 

(maybe instead of other crops). However, previous year precipitation causes decreases in 

cassava acreage in LFAC countries in SSA and Sudano-Sahel. For example, in SSA, a 

100mm increase in precipitation causes a 0.5% acreage increase in non LFAC countries 

and a 0.6% acreage decrease in LFAC countries. In Sudano-Sahel, a similar precipitation 

increase causes a 1.38% area increase in non-LFAC countries and 1.98% area decrease in 

LFAC countries. These results indicate that farmers from non-LFAC countries extend 

cassava acreages as conditions become more favorable for this crop (and maybe decrease 

cultivated area of other plants). In this case, farmers from LFAC countries reduce cassava 

acreage, maybe to favour other crops or activities as their cassava production needs are 

fulfilled on less acreage thanks to increased yields.  

As indicated at the bottom of Table 4.3, F-tests on the joint significance of the set 

of explanatory variables indicate that the Sudano-Sahel and West short-run regressions are 

not jointly significant. Additionally, R
2

 values are very low, except in the Central and East 

regressions, where 27% and 39% of cassava acreage responses are explained by the model. 

However, as none of the explanatory variable is significant in the Central regression, only 

results from the East regression are satisfactory. 

 

4.6.1.2. MAVG model 

The MAVG model includes averages for prices and weather variables to account for the 

impact of persistent changes on acreage planting decisions. As indicated by the unit root 

test results, average regressions should be estimated using first differences for all series. 

The presence of a long-run relationship is determined using Westerlund‟s (2007) panel 

cointegration test. Test statistics reported in Table 4.4 indicate that cointegration is present 

in the SSA final regression and in Sudano-Sahel and East regional regressions. Cross-

sectional independence test statistics indicate the presence of cross-sectional dependence in 

the Central regional regression. First order autocorrelation is present in the East regression 

only. The null hypothesis of homoskedasticity is rejected in all regressions indicating the 
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presence of heteroskedasticity. The xtscc estimator is therefore used to estimate all 

regressions. Tests on joint significance of fixed effects and time dummies indicate the 

significance of fixed effects in SSA, Sudano-Sahel and East regressions and times 

dummies in SSA and Central regressions only. As for the LAG model, tests on 

significance of fixed effects and time effects are not reported in Table 4.4. 

Table 4.4. MAVG model diagnostic tests statistics for final cassava specifications 

H0 SSA 
Sudano-

Sahel 
West Central East South 

No cointegration -22.372*** -10.147*** -8.444 -6.918 -8.938*** -5.911 

Cross-sectional independence 2.919*** 28.858 37.79 -3.748*** 10.498 15.476 

No autocorrelation of order 1 -1.07 -0.868 0.581 -0.046 -1.928* 1.140 

Homoskedasticity 8,154*** 3,311*** 291*** 69*** 1,538*** 535*** 

Note: ***, ** and * denote significance at the 1%, 5% and 10% level respectively. 

 

Regression results for the cassava average supply function are reported in Table 

4.5. Based on cointegration tests results, ECMs are estimated for SSA, Sudano-Sahel and 

East regions. ECTt-1 coefficients obtained are all significant and support the existence of an 

adjustment toward a long-run equilibrium. The fastest adjustment is observed in the East 

region where ECTt-1 is equal to -0.203. The difference between cassava area harvested and 

area planted is controlled for by extreme event dummies. In the Central region, area 

harvested losses are explained by droughts. 

Cassava prices and competing crop prices over the past five years do not have a 

significant effect on current cassava area and are therefore excluded from final 

specifications. Additionally, the export crop prices index does not have a significant effect 

on cassava acreage response except in LFAC countries in the SSA regression, where 

export crops price increases cause an increase in cassava area. This result indicates a 

complementary effect between export crops and cassava supply in LFAC countries. 

Alternatively, the increase in export crop prices risk over the previous five years is 

associated with an increase in current year cassava acreage in the West region. This result 

indicates a change in farmers‟ preference from export crops toward cassava as export crop 

riskiness increases. 

Temperature has a significant positive impact on cassava acreage in the West. This 

result is more important than the temperature effect estimated with the LAG model for this 

region. For instance, the MAVG model indicates that a 1ºC increase in past ten-year 
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average temperature causes a 36.7% increase in cassava area cultivated in the West region, 

whereas the LAG model indicates that a 1ºC increase in last year temperature causes a 

5.6% increase in cassava area only. This result indicates that a persistent change in 

temperature is more influential on area planted than previous year changes in temperature.  

Table 4.5. Cassava MAVG model regressions using the xtscc estimator: dependent variable ΔlnA 

 
SSA Sudano-Sahel West Central East South 

IPΔX  -0.000686 -0.00146 -0.00034 -0.000640 0.000765 -3.82e-05 

 
(0.000759) (0.00234) (0.00107) (0.000499) (0.000897) (0.000432) 

IPΔX
~

   
0.00212* 

   

   
(0.00103) 

   
TΔ  -0.00753 -0.0764 0.367* -0.713* -0.110 0.158 

 
(0.191) (0.345) (0.182) (0.318) (0.240) (0.169) 

PΔ  -9.89e-06 0.000982* 0.000238 0.000580 -0.000263 -0.000363 

 
(0.000212) (0.000418) (0.00028) (0.000308) (0.000517) (0.000417) 

PΔ
~

 -0.000799*** 
     

 
(0.000242) 

     
ΔDrought  

   
-0.0765* 

  

    
(0.0342) 

  
LFAC)IPΔ(X   0.00315*** 

     

 
(0.000990) 

     
LFAC)TΔ(   -0.0929 

     

 
(0.289) 

     
LFAC)PΔ(   0.000213 

     

 
(0.000406) 

     
LFAC)PΔ( 

~
 0.00139* 

     

 
(0.000724) 

     
ECTt-1 -0.115*** -0.141* 

  
-0.203* 

 

 
(0.0394) (0.0707) 

  
(0.0802) 

 
Constant 0.0714*** -0.0173 0.0304*** 0.0125 0.0220 0.0154 

 
(0.00835) (0.0147) (0.00863) (0.0285) (0.0106) (0.0102) 

(continued) 
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Table 4.5. Cassava MAVG model regressions using the xtscc estimator: dependent variable ΔlnA 

(continued) 

 
SSA Sudano-Sahel West Central East South 

Long-run equation 
     

IPX  0.000309 0.00104 
  

0.00121* 
 

 
(0.000700) (0.00213) 

  
(0.000516) 

 
T  -0.276** -0.587** 

  
0.435* 

 

 
(0.124) (0.219) 

  
(0.166) 

 
P  0.000803*** 0.00401*** 

  
-0.00124 

 

 
(0.000222) (0.000600) 

  
(0.000997) 

 

P
~

 -0.00200*** 
     

 
(0.000473) 

     
LFACIPX   0.00399*** 

     

 
(0.00101) 

     
LFACT   0.674** 

     

 
(0.267) 

     
LFACP   0.00553*** 

     

 
(0.00135) 

     

LFACP 
~

 0.00405** 
     

 
(0.00192) 

     
Observations 1,062 252 270 180 180 180 

Number of groups 30 7 8 5 5 5 

R
2
 0.109 0.0794 0.029 0.338 0.107 0.013 

F 21,357*** 3.009 3.447* 5.535* 1.905 1.735 

Time dummies yes no no yes no no 

Fixed effects yes yes no no yes no 

Notes: standard errors in parentheses; ***, ** and * denote significance at the 1%, 5% and 10% level 
respectively; the constant is included in the long-run specification but is not reported in the table. 

 

Alternatively, the MAVG model estimation results indicate a strong negative 

impact of temperature on cassava acreage in the Central regression. This result indicates 

that, as climate warms, preference changes toward other crops or activities in the Central 

region. These diverging results could be explained by the fact that the Central region has 

the preferred climate to grow cassava, so temperature increases entail adjustment of 

planted areas toward other crops or activities in this region, whereas temperature increases 

in the West region entail adjustment of cassava planting in favour of cassava. 

Average precipitation over the previous 10 years explains farmer cassava area 

decisions in Sudano-Sahel only. In this region, a 100mm increase in precipitation over the 

last decade causes a 9.8% increase in cassava area. Alternatively, precipitation risk has a 

negative effect in non-LFAC countries in SSA but a positive effect in LFAC countries. For 
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example, a one standard deviation increase in precipitation variability in the previous 10 

years leads to a 0.08% decrease in cassava area in non-LFAC countries and a 0.05% 

increase in LFAC countries. This result could be explained by higher risk aversion of 

farmers where agricultural conditions are less favorable (in LFAC countries). In these 

countries, farmers will prefer cassava, which is drought resistant and better able to cope 

with precipitation changes than other crops. Alternatively, farmers from non-LFAC 

decrease cassava area as rainfall variability increases probably because they have better 

coping means and can favor other crops.  

F-tests on the joint significance of the set of explanatory variables indicate that the 

Sudano-Sahel, East and South short-run regressions are not well specified. R
2

 figures are 

generally very low, except in the Central regression where it indicates that 34% of cassava 

acreage is explained by the model. 

   

4.6.2. Maize 

ERS unit root test statistics applied to supply function variables in first difference are 

detailed in Table 4.6. As for cassava, ERS test results for ΔlnA, ΔT and ΔP have already 

been discussed in Section 3.6.2. The test results are reported for information only. 

Additionally, as export crops price index series are not crop specific, ERS test statistics of 

ΔXPI for most countries are already discussed for cassava. ERS tests statistics indicate that 

all price series are stationary in first difference, except ΔlnPS in Zimbabwe and ΔXPI in 

Mauritania. Visual inspections of these two series indicate a slight increase in variance of 

ΔlnPS in Zimbabwe toward the end of the study period but these series are judged to be 

I(1).  
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Table 4.6. ERS unit root test results for maize production function variables 

 Countries ΔlnA ΔlnPC ΔlnPS ΔXPI ΔT ΔP 
S

u
d

a
n

o
-S

a
h

e
l 

Burkina Faso -7.15*** (1) -4.47*** (1) -4.68*** (1) -5.35*** (1) -7.42*** (1) -7.23*** (1) 

Chad -4.90*** (1)   -4.84*** (1) -10.51***(1) -7.28*** (1) 

Gambia -5.48*** (1)   -6.97*** (1) -8.66*** (1) -6.09*** (1) 

Mali -5.58*** (1) -5.06*** (1) -5.06*** (1) -4.73*** (1) -7.22*** (1) -6.36*** (1) 

Mauritania -5.66*** (1)   -1.83     (2) -6.94*** (1) -4.78*** (1) 

Niger -3.53** (1)   -6.12*** (1) -8.24*** (1) -6.57*** (1) 

Senegal -4.50*** (1)   -7.15*** (1) -7.34*** (1) -5.12*** (2) 

Sudan -6.40*** (1)   -4.81*** (1) -11.96***(1) -8.22*** (1) 

W
e
st

 

Benin -6.65*** (1)   -8.49*** (2) -7.02*** (1) -7.18*** (1) 

Côte d'Ivoire -4.28*** (1) -4.40*** (1) -4.28*** (1) -3.87*** (1) -6.23*** (2) -7.33*** (1) 

Ghana -5.41*** (1) -6.28*** (1) -5.50*** (1) -4.27*** (1) -7.89*** (1) -7.10*** (1) 

Guinea -3.78*** (1)   -5.09*** (1) -6.97*** (1) -6.69*** (1) 

Guinea-Bissau -3.80*** (1)   -7.56*** (1) -8.69*** (1) -7.48*** (1) 

Nigeria -2.22    (2) -6.02*** (1) -5.42*** (1) -4.96*** (1) -9.06*** (1) -6.55*** (1) 

Sierra Leone -3.87*** (1)   -4.59*** (1) -6.20*** (1) -5.26*** (1) 

Togo -5.27*** (1) -6.13*** (2) -6.27*** (1) -6.04*** (2) -6.99*** (1) -6.20*** (1) 

C
e
n

tr
a

l 

Cameroon -4.00*** (1) -5.21*** (1) -5.26*** (3) -3.96*** (1) -9.22*** (1) -4.94*** (1) 

CAR -4.85*** (1)   -2.39     (2) -8.55*** (1) -4.30*** (1) 

Congo -3.06*   (1) -5.02*** (1) -4.72*** (1) -4.12*** (1) -6.93*** (1) -1.66     (6) 

Congo DR -5.88*** (1)   -3.97*** (1) -8.71*** (1) -4.20*** (1) 

Gabon -4.17*** (1)   -4.91*** (1) -6.29*** (1) -5.94*** (1) 

E
a

st
 

Burundi -4.29*** (1) -4.65*** (1) -6.79*** (3) -6.05*** (1) -9.45*** (1) -3.98*** (1) 

Kenya -5.63*** (1) -5.55*** (1) -5.21*** (1) -5.83*** (1) -9.98*** (1) -5.57*** (1) 

Madagascar -2.21    (2) -4.41*** (1) -5.38*** (1) -2.22    (1) -6.37*** (1) -3.97*** (1) 

Rwanda -2.78    (1) -4.73*** (3) -4.38*** (1) -6.46*** (1) -9.05*** (1) -5.09*** (1) 

Uganda -4.68*** (1)   -4.89*** (1) -9.81*** (1) -6.53*** (1) 

S
o

u
th

 

Angola -5.79*** (2)   -5.66*** (1) -6.99*** (1) -6.78*** (1) 

Botswana -6.94*** (1)   -5.30*** (1) -6.23*** (1) -6.25*** (1) 

Lesotho -6.67*** (1)   -3.62** (1) -6.52*** (1) -4.19*** (1) 

Malawi -7.55*** (1) -4.46*** (1) -3.93*** (1) -4.79*** (1) -7.28*** (1) -5.79*** (2) 

Mozambique -5.02*** (1) -4.60*** (1) -5.28*** (1) -6.71*** (1) -5.98*** (1) -7.52*** (1) 

Namibia -6.27*** (1)   -6.59*** (1) -5.39*** (1) -6.68*** (1) 

Swaziland -5.51*** (1)   -5.25*** (1) -7.10*** (1) -7.96*** (1) 

Tanzania -4.20*** (2)   -5.65*** (1) -6.74*** (2) -5.09*** (1) 

Zimbabwe -5.15*** (1) -4.48*** (3) -2.10 (2) -7.03*** (1) -6.45*** (1) -6.07*** (1) 

Notes: values in parenthesis indicate the number of lags of the dependent variable considered (see Section 

3.5.3.2 for details regarding the determination of the lag length); ***, ** and * denote significance at the 1%, 

5% and 10% level respectively; Tests statistics are omitted for series with a limited number of observations, 

which are not included in regressions. 

 

4.6.2.1. LAG model 

Following unit root test conclusions, the maize supply functions based on the LAG model 

are estimated using variables in first differences. Diagnostic test statistics on final 

specifications, using first differences, are presented in Table 4.7. Westerlund‟s (2007) 
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panel cointegration test statistics indicate the presence of cointegration in SSA and South 

regressions. Cross-sectional independence test results show cross-sectional dependence in 

the East and South regressions only. The null hypothesis of no first order serial correlation 

is rejected in SSA, Sudano-Sahel and East regressions. Homoskedasticity test statistics 

indicate the presence of heteroskedasticity in all final regressions. Based on these results, 

the xtscc estimator, which addresses cross-sectional dependence, autocorrelation and 

heteroskedasticity, is used for all estimations. Tests on significance of fixed effects and 

time dummies are not reported in Table 4.7 but indicate the significance of fixed effects in 

the East and South regression and the significance of times dummies in SSA and East 

regressions. 

 

Table 4.7. LAG model diagnostic tests statistics for final maize specifications 

H0 SSA 
Sudano-

Sahel 
West Central East South 

No cointegration -17.716*** -7.672 -4.603 -5.750 -10.172*** -11.298* 

Cross-sectional independence 0.387 36.933 24.815 5.410 -2.718*** 48.112* 

No autocorrelation of order 1 -3.340*** -4.427*** -0.189 1.179 -1.772* -1.046 

Homoskedasticity 8,093*** 219*** 243*** 1,857*** 20*** 2,979*** 

Note: ***, ** and * denote significance at the 1%, 5% and 10% level respectively. 
 

Maize LAG supply function estimates are reported in Table 4.8. Based on 

cointegration test results, ECMs are estimated for SSA, East and South regions. ECTt-1 

coefficients are negative and significant, which supports panel cointegration test results. 

The fastest return to long-term equilibrium is observed in the East where the ECTt-1 

coefficients is equal to -0.57, indicating that about half of the disequilibrium is corrected 

each year. For the SSA as a whole, the return to equilibrium takes about four years. 

Extreme events dummies included to account for differences between planted and 

harvested areas are insignificant, and thus removed from the final specification, except in 

SSA and South where the drought dummy is significant. In SSA, a drought causes a 8.6% 

loss in maize acreage harvested. In the South region, droughts cause greater crop failures: 

droughts decrease maize acreage by 4.5 % in non-LFAC countries and 76.5% in LFAC 

countries. 
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Table 4.8. Maize LAG model regressions using the xtscc estimator: dependent variable ΔlnA 

 
SSA Sudano-Sahel West Central East South 

ΔXPIt-1 0.000402** 0.000900 -0.000293 0.000213 0.000228 0.000174 

 
(0.000150) (0.000772) (0.000173) (0.000236) (0.000274) (0.000156) 

ΔTt-1 0.0795** 0.151** -0.00257 -0.00602 -0.0902 0.0660*** 

 
(0.0323) (0.0606) (0.0266) (0.0396) (0.0891) (0.0173) 

ΔPt-1 -1.62e-05 -0.000216** 2.91e-05 0.000122* -0.000108 5.47e-05 

 
(2.92e-05) (7.08e-05) (4.16e-05) (5.69e-05) (0.000113) (4.40e-05) 

ΔDrought -0.0861*** 
    

-0.0457** 

 
(0.0237) 

    
(0.0191) 

Δ(XPI × LFAC) t-1      
0.00185 

      
(0.00246) 

Δ(T × LFAC) t-1      
0.0251 

      
(0.0814) 

Δ(P × LFAC) t-1      
-0.000322 

      
(0.000469) 

Δ(Drought × LFAC) t-1      
-0.720*** 

      
(0.0935) 

ECTt-1 -0.258*** 
   

-0.570** -0.425*** 

 
(0.0293) 

   
(0.145) (0.0509) 

Constant 0.0913*** 0.0281 0.0217** 0.0214 0.167* 0.0131 

 
(0.0251) (0.0185) (0.00777) (0.0124) (0.0676) (0.0157) 

Long-run equation 
      

XPIt-1 -0.000548 
   

-0.000926 0.00108*** 

 
(0.000467) 

   
(0.000470) (0.000278) 

Tt-1 0.320*** 
   

0.165 0.236*** 

 
(0.0945) 

   
(0.0830) (0.0363) 

Pt-1 -0.00143*** 
   

-8.04e-05 8.67e-05 

 
(0.000281) 

   
(0.000137) (0.000142) 

Drought -0.107*** 
    

-0.0594 

 
(0.0328) 

    
(0.0374) 

(XPI × LFAC) t-1      
0.00383 

      
(0.00286) 

(T × LFAC) t-1      
-0.0460 

      
(0.146) 

(P × LFAC) t-1      
0.00123 

      
(0.000683) 

(Drought × LFAC) t-1      
-0.274 

      
(0.322) 

Observations 1400 320 320 200 200 360 

Number of groups 35 8 8 5 5 9 

R
2
 0.187 0.064 0.005 0.018 0.446 0.260 

F 196*** 4.794*** 1.755*** 2.351*** 15.99*** 14.38*** 

Time dummies yes no no no yes no 

Fixed effects yes no no no yes yes 
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Notes: standard errors in parentheses; ***, ** and * denote significance at the 1%, 5% and 10% level 

respectively; the constant is included in the long-run specification but is not reported in the table. 

 

Own crop prices and competing crop prices are excluded from final specifications 

as they were insignificant and restricted the sample. Export crop prices from the previous 

year are significant in SSA, indicating a complementarity between maize and export crops. 

Export crop prices are insignificant in all regional regressions. 

Previous year temperature has a positive effect on maize area in SSA, Sudano-

Sahel and South regions. Maize production function estimates in Section 3.6.2 did not 

reveal significant detrimental effects of temperature on maize yields in Sudano-Sahel but 

did in the South region and in SSA as a whole. Therefore, the positive effect of 

temperature on maize area indicates that farmers increase areas allocated to maize (maybe 

instead of other crops) if temperature increases in order to compensate for yield losses and 

obtain the desired quantity.  

Maize harvested area is negatively affected by precipitation in the previous year in 

Sudano-Sahel. These results indicate that farmers decrease the area allocated to maize as 

precipitation increases, and increase maize area as rainfall increases to compensate yield 

loss. This result is consistent with the finding that maize yields are positively correlated 

with precipitation (see Section 3.6.2.1) under the assumption that farmers aim to obtain a 

specific quantity of maize necessary to feed the household but would not overproduce if 

needs are fulfilled. Conversely, maize area is positively affected by last year precipitation 

in the Central region. Following yield estimates from Section 3.6.2.1, precipitation has no 

influence on maize yields in this region. However, the yield regressions showed a negative 

effect of excessive precipitation and flood on maize yield for SSA as a whole. Based on 

these results, and given that the Central region is characterised by a high level of annual 

precipitation, the results of the LAG indicate that, farmers of the Central region would 

react similarly to those in Sudano-Sahel.  

 

4.6.2.2. MAVG model 

As for the LAG model, the supply function based on the MAVG model is estimated using 

first-differenced variables to account for non-stationarity. As detailed in Table 4.9, 

cointegration test statistics show that long-run relationships exist in final regressions for 
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SSA, Sudano-Sahel, East and South. The null hypothesis of cross-sectional independence 

is rejected in the Sudano-Sahel regression only. Autocorrelation tests reveal the presence 

of serial correlation in SSA, Sudano-Sahel and East regressions. Additionally, 

heteroskedasticity is present in all final specifications. As for the previous regressions, the 

xtscc estimator is used address these issues. Joint tests for the significance of fixed 

effects and time dummies indicate that fixed effects should be included in all regressions 

except in West and Central regressions and time dummies should be included in all 

regressions except in West, Central and East regressions. 

Table 4.9. MAVG model diagnostic tests statistics for final maize specifications 

H0 SSA 
Sudano-

Sahel 
West Central East South 

No cointegration -20.866*** -9.918** -5.062 -5.742 -7.874*** -13.906*** 

Cross-sectional independence 0.830 -3.959*** 17.327 4.873 5.939 33.676 

No autocorrelation of order 1 -3.340*** -2.993*** -0.189 1.179 -1.905* -1.046 

Homoskedasticity 5,966*** 129*** 282*** 1,091*** 56*** 1,565*** 

Note: ***, ** and * denote significance at the 1%, 5% and 10% level respectively. 

 

Results for maize supply functions estimates using price and weather averages are 

reported in Table 4.10. ECMs are estimated for all regressions except for West and Central 

regressions. ECTt-1 coefficients are negative and significant. The adjustment pace in SSA 

is of about four years and of less than two years in the South. Extreme events control 

variables have similar effects to those obtained in the LAG model in SSA and South 

regressions. However, unlike in the LAG model floods cause crop failures in the West in 

the MAVG model. 

Another similarity with the LAG model is that crop prices and competing crop 

prices are insignificant in the MAVG model. Alternatively, the five-year average of export 

crop prices has a significant negative effect on maize area in SSA and Central regressions. 

This result indicates substitution between export crops and maize in these regions. No 

export crop price parameter heterogeneity is observed between non-LFAC and LFAC 

countries in these two regions. Export prices risk in the previous five years has a positive 

effect on maize area in the West region, also showing substitution between export crops 

and maize.  

Ten-year average temperature has a positive effect in the South region and in 

LFAC countries in the East region. As for the LAG model, this area adjustment could be 
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explained by area increases in order to compensate maize yield losses due to increased 

temperatures (as observed in Section 3.6.2 for SSA and South). Alternatively, the MAVG 

model establishes a negative impact of temperature on maize areas in the Central 

regression. This result indicates that farmers‟ preference for this crop decrease as 

temperature increase and vice versa.  

Table 4.10. Maize MAVG model regressions using the xtscc estimator: dependent variable ΔlnA 

 
SSA Sudano-Sahel West Central East South 

IPΔX  -0.000971** 0.00341 -0.00104 -0.00185*** -0.000808 0.000283 

 
(0.000416) (0.00281) (0.000603) (0.000373) (0.000645) (0.000593) 

IPΔX
~

   
0.00229* 

   

   
(0.00103) 

   
TΔ  -0.0218 0.332 0.0228 -0.314* -0.415 0.539** 

 
(0.164) (0.604) (0.164) (0.126) (0.317) (0.176) 

TΔ
~

  
1.041** 

    

  
(0.428) 

    
PΔ  -0.000769*** -0.00183 -0.000342 -1.98e-06 -0.000994 0.000222 

 
(0.000210) (0.00104) (0.000226) (0.000623) (0.000674) (0.000477) 

PΔ
~

      
-0.00119 

      
(0.000738) 

ΔFlood 
  

-0.0562*** 
   

   
(0.00934) 

   
ΔDrought -0.0285* 

    
-0.0557** 

 
(0.0146) 

    
(0.0199) 

LFAC)IPΔ(X   0.00155 
   

0.00211 0.0112 

 
(0.00199) 

   
(0.00133) (0.0113) 

LFAC)TΔ(   -0.0257 
   

1.052* -0.679 

 
(0.397) 

   
(0.404) (1.055) 

LFAC)PΔ(   0.000753 
   

0.000429 0.00578 

 
(0.000832) 

   
(0.000941) (0.00537) 

LFAC)PΔ( 
~

      
-0.00953* 

      
(0.00458) 

Δ(Drought × LFAC) -0.124** 
    

-0.618*** 

 
(0.0495) 

    
(0.0720) 

ECTt-1 -0.262*** -0.310*** 
  

-0.302*** -0.589*** 

 
(0.0333) (0.0453) 

  
(0.0556) (0.0656) 

Constant 0.0943*** 0.00361 0.0214** 0.0223 0.00655 0.00321 

 
(0.0116) (0.0783) (0.00865) (0.0128) (0.00953) (0.00930) 

(continued) 
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Table 4.10. Maize MAVG model regressions using the xtscc estimator: dependent variable ΔlnA 

(continued) 

 
SSA Sudano-Sahel West Central East South 

Long-run equation 
      

IPX  -0.000710 0.00271 
  

-0.00202*** 0.00114*** 

 
(0.000422) (0.00201) 

  
(0.000290) (0.000199) 

T  0.278*** 0.978*** 
  

0.648*** 0.500*** 

 
(0.0834) (0.181) 

  
(0.124) (0.0699) 

T
~

  
2.149** 

    

  
(0.701) 

    
P  -0.00158*** -0.00291*** 

  
-0.00115* 0.000368 

 
(0.000251) (0.000607) 

  
(0.000521) (0.000667) 

P
~

      
-0.000497 

      
(0.000564) 

Drought -0.109*** 
    

-0.0860** 

 
(0.0308) 

    
(0.0273) 

LFACIPX   0.000810 
   

0.00307*** -0.00224 

 
(0.000500) 

   
(0.000327) (0.00241) 

LFACT   0.201* 
   

-0.507** 0.381 

 
(0.111) 

   
(0.140) (0.310) 

LFACP   0.00137** 
   

0.000795 0.00441* 

 
(0.000612) 

   
(0.000803) (0.00214) 

LFACP 
~

      
-0.00295 

      
(0.00219) 

Drought × LFAC 0.0251 
    

-0.187 

 
(0.130) 

    
(0.121) 

Observations 1,260 288 288 180 180 324 

Number of groups 35 8 8 5 5 9 

R
2
 0.187 0.328 0.026 0.036 0.202 0.361 

F 438.1*** 57.10*** 17.13*** 10.52*** 6.269** 37.83*** 

Time dummies yes yes no no no no 

Fixed effects yes yes no no yes yes 

Notes: standard errors in parentheses; ***, ** and * denote significance at the 1%, 5% and 10% level 

respectively; the constant is included in the long-run specification but is not reported in the table. 

 

Average precipitation has a negative and significant effect on maize area supply in 

the SSA regression only. This result indicates that, as for temperature, maize area is 

adjusted to compensate for yield losses in response to declining precipitation (see Section 

3.6.2). The average precipitation coefficient is insignificant in all regional regressions. In 

the South region, precipitation variability has a negative and significant effect on maize 
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area in LFAC countries only. This result is consistent with maize preference for steady 

rainfalls and indicates a switch from maize to other crops more suited to variable rainfall.  

 

4.6.3. Millet 

ERS unit root test results for first-differenced variables in the millet supply function are 

reported in Table 4.11. The null hypothesis of a unit root is rejected for all series, expect 

for ΔlnPC in Kenya but this series is judged stationary based on a visual inspection. 

Table 4.11. ERS unit root test results for millet production function variables 

 Countries ΔlnA ΔlnPC ΔlnPS ΔXPI ΔT ΔP 

S
u

d
a

n
o
-S

a
h

e
l 

Burkina Faso -4.28*** (1) -4.57*** (1) -4.68*** (1) -5.35*** (1) -7.39***  (1) -7.18*** (1) 

Chad -4.21*** (3)   -4.84*** (1) -10.61*** (1) -7.24*** (1) 

Gambia -4.53*** (1) -4.53*** (1) -6.06*** (1) -6.97*** (1) -8.65***  (1) -6.08*** (1) 

Mali -4.86*** (1)   -4.73*** (1) -7.23***  (1) -6.30*** (1) 

Mauritania -3.95*** (1)   -1.83     (2) -6.98***  (1) -4.82*** (1) 

Niger -5.04*** (1)   -6.12*** (1) -7.78***  (1) -6.33*** (1) 

Senegal -5.97*** (2)   -7.15*** (1) -7.31***  (1) -5.07*** (2) 

Sudan -8.49*** (1)   -4.81*** (1) -11.67*** (1) -6.70*** (1) 

W
e
st

 

Benin -6.63*** (1)   -8.49*** (2) -7.94***  (1) -7.10*** (1) 

Côte d'Ivoire -5.02*** (1) -3.81*** (1) -4.28*** (1) -3.87*** (1) -6.30***   (2) -6.83*** (1) 

Ghana -7.22*** (1) -7.12*** (1) -5.50*** (1) -4.27*** (1) -7.85***  (1) -7.16*** (1) 

Guinea -2.42     (1)   -5.09*** (1) -7.20***  (1) -6.42*** (1) 

Guinea-Bissau -4.44*** (1)   -7.56*** (1) -8.72***  (1) -7.49*** (1) 

Nigeria -4.39*** (1) -5.50*** (1) -5.42*** (1) -4.96*** (1) -9.05***  (1) -6.52*** (1) 

Sierra Leone -5.21*** (1)   -4.59*** (1) -6.45***  (1) -5.72*** (1) 

Togo -5.60*** (1) -6.27*** (1) -6.13*** (2) -6.04*** (2) -7.07***  (1) -6.29*** (1) 

C
e
n

tr
a

l Cameroon -7.36*** (1) -4.55*** (1) -5.21*** (1) -3.96*** (1) -9.27***  (1) -5.72*** (1) 

CAR -4.55*** (1)   -2.39     (2) -9.05***  (1) -7.50*** (1) 

Congo DR -5.78*** (1)   -3.97*** (1) -8.83***  (1) -4.92*** (1) 

E
a

st
 

Burundi -5.57*** (1) -4.58*** (1) -6.79*** (3) -6.05*** (1) -9.51***  (1) -3.82*** (1) 

Kenya -4.79*** (3) -1.53     (3) -5.55*** (1) -5.83*** (1) -10.21*** (1) -5.58*** (1) 

Rwanda -3.97*** (1) -5.58*** (1) -4.38*** (1) -6.46*** (1) -9.04***  (1) -5.13*** (1) 

Uganda -4.36*** (1)   -4.89*** (1) -9.54***  (1) -6.50*** (1) 

S
o
u

th
 

Angola -6.59*** (1)   -5.66*** (1) -6.68***  (1) -6.65*** (1) 

Botswana -5.21*** (1)   -5.30*** (1) -6.24***  (1) -6.90*** (1) 

Malawi -3.92*** (1)   -4.79*** (1) -7.55***  (1) -7.35*** (1) 

Mozambique -4.67*** (1) -3.56** (1) -5.28*** (1) -6.71*** (1) -6.07***  (1) -7.22*** (1) 

Namibia -3.86*** (1)   -6.59*** (1) -5.00***  (1) -3.23**  (2) 

Tanzania -4.46*** (1)   -5.65*** (1) -6.80***  (2) -5.09*** (1) 

Zimbabwe -4.69*** (1) -2.10   (2) -4.48*** (3) -7.03*** (1) -6.44***  (1) -6.08*** (1) 

Notes: values in parenthesis indicate the number of lags of the dependent variable considered (see Section 

3.5.3.2 for details regarding the determination of the lag length); ***, ** and * denote significance at the 1%, 

5% and 10% level respectively; Tests statistics are omitted for series with a limited number of observations, 

which are not included in regressions. 
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4.6.3.1. LAG model 

Following unit root test conclusions, millet supply functions based on the LAG model are 

estimated using first-differenced variables. Panel cointegration test results, detailed in 

Table 4.12, indicate the presence of long-run relationship for the Central regression. Table 

4.12 also indicates that there is cross-sectional dependence in SSA and West regressions. 

Also, the null hypothesis of no first order serial correlation is rejected in SSA and South 

regressions and the null hypothesis of homoskedasticity is rejected in all final regressions. 

Consequently, the xtscc estimator is used to estimate all regressions. Results from the 

usual fixed effects and time dummies test result in the exclusion of fixed effect in all 

regressions except the Central regression and inclusions of time dummies only in the SSA 

regression. 

Table 4.12. LAG model diagnostic tests statistics for final millet specifications 

H0 SSA 
Sudano-

Sahel 
West Central East South 

No cointegration -12.983 -3.826 -7.687 -6.59*** -5.755 -5.885 

Cross-sectional independence -1.794* 3.038 38.837* 2.131 10.636 22.925 

No autocorrelation of order 1 -2.845*** -1.057 0.316 -0.767 -1.403 -1.918* 

Homoskedasticity 3,963*** 10** 996*** 41*** 355*** 858*** 

Note: ***, ** and * denote significance at the 1%, 5% and 10% level respectively. 

 

Regression results for millet supply functions based on the LAG model are reported 

in Table 4.13. All regressions are estimated in first difference except the Central regression 

for which the panel cointegration test indicates the presence of a long-run relationship. 

However, the ECTt-1 coefficient estimated is not significant. Additionally, none of the 

explanatory variables are insignificant in either the short or long-run equations. 

Export crop prices from the previous year have an insignificant effect millet area in 

all regressions. The price coefficient is positive and significant in the Sudano-Sahel 

regression only. In this region, an increase in last year millet real price by one international 

dollar causes a 0.09% increase in this year millet area. This price elasticity is small but in 

line with other estimated African food price elasticities (see, for example Rahji et al., 

2008). Price asymmetry and competing crop prices variables are significant and therefore 

excluded from the final specification.  
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Table 4.13. Millet LAG model regressions using the xtscc estimator: dependent variable ΔlnA 

 
SSA Sudano-Sahel West Central East South 

ΔlnPCt-1  
0.0883* 

    

  
(0.0331) 

    
ΔXPIt-1 1.53e-06 -0.000722 0.000198 0.000501 -0.000118 -0.000121 

 
(0.000170) (0.000494) (0.000426) (0.000713) (0.000417) (0.000296) 

ΔTt-1 0.0744* 0.0874 0.00693 0.0345 -0.0578 0.165*** 

 
(0.0380) (0.0487) (0.0439) (0.0361) (0.0603) (0.0428) 

ΔPt-1 -9.85e-06 -0.000110 1.16e-05 0.000405 6.52e-05 0.000112 

 
(3.18e-05) (8.42e-05) (3.85e-05) (0.000241) (9.11e-05) (0.000113) 

ECTt-1    
-0.233 

  

    
(0.0876) 

  
Constant 0.0734** 0.0216 0.0125 -0.00453 0.00357 0.0203 

 
(0.0292) (0.0140) (0.0126) (0.0178) (0.0163) (0.0205) 

Long-run equation 
      

XPIt-1    
0.000658 

  

    
(0.000418) 

  
Tt-1    

0.0288 
  

    
(0.102) 

  
Pt-1    

0.000375 
  

    
(0.000409) 

  
Observations 1,184 146 320 120 160 264 

Number of groups 30 5  8 3 4 7 

R
2
 0.058 0.105 0.001 0.149 0.012 0.055 

F 21.23*** 5.505 0.177*** 2.278 0.669 5.648 

Time dummies yes no no no no no 

Fixed effects no no no yes no no 

Notes: standard errors in parentheses; ***, ** and * denote significance at the 1%, 5% and 10% level 

respectively; the constant is included in the long-run specification but is not reported in the table. 

 

Previous year temperature changes have a positive impact on millet area in SSA 

and South regressions. For example, a 1ºC increase in last year temperature causes a 7.44% 

increase in millet area in SSA and a 16.5% increase in the South region. Chapter 3 

established a significant negative temperature impact on millet yields in these regions. 

Consequently, similarly to other supply responses, the positive effect of temperature can be 

explained by a mechanism of yield loss compensation, where farmers increase the area 

allocated to crop with yield losses in order to satisfy food consumption needs. Precipitation 

impact on yields in all regressions is insignificant and shows that rainfall is not a 

significant determinant in millet planting decision. This result could be due to insufficient 

variation in precipitation during the study period to affect millet planting. Alternatively, 

the lack of precipitation effect can reflect a preference for millet unconditional to rainfall 
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as it is a drought resistant crop and has other qualities (it can be grown in poor soil with 

little nutrient and can be stored easily). 

 

4.6.3.2. MAVG model 

As for the LAG model, the millet supply function based on the MAVG model is estimated 

using variables in first differences. As reported in Table 4.14, panel cointegration test 

statistics indicate the presence of long-run relationship in all regressions, except in the 

Sudano-Sahel regression. Cross-sectional independence test results indicate the presence of 

cross-sectional dependence in SSA and West regressions only. The null hypothesis of first 

order serial correlation is rejected in the SSA regression. The null hypothesis of 

homoskedasticity is rejected in all regressions. Based on these results, the xtscc 

estimator is used to estimate millet average supply functions. Additionally, fixed effects 

are considered in all regressions and time dummies are included in the SSA and West 

regressions. 

Table 4.14. MAVG model diagnostic tests statistics for final millet specifications 

H0 SSA 
Sudano-

Sahel 
West Central East South 

No cointegration -18.46*** -7.316 -10.214*** -7.104*** -6.793** -9.358*** 

Cross-sectional independence -2.596*** 28.391 -4.168*** 0.925 8.984 22.333 

No autocorrelation of order 1 -1.799* -1.057 1.049 -0.767 -0.859 -1.513 

Homoskedasticity 1,121*** 499*** 34*** 36*** 221*** 187*** 

Note: ***, ** and * denote significance at the 1%, 5% and 10% level respectively. 

 

Regression results for the millet MAVG model are presented in Table 4.15. 

Following panel cointegration tests, ECMs are estimated for all regions except Sudano-

Sahel. However, despite results from the cointegration test, estimated Central and South 

ECTt-1 coefficients are not significant. Additionally, all explanatory variables in long-run 

equations are insignificant. These models are therefore not properly specified. 

Drought and war variables did not have significant effects on millet area, indicating 

that these events have not significantly affected harvested areas during the sample period. 

On the other hand, flood had a significant negative impact on yields in the West region. 

Average millet prices and competing crop prices are excluded from final 

specifications as they are insignificant in all regressions. However, the coefficient on the 
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average export crops price index is positive and significant in the West region, which 

indicates complementarity between millet and export crops. 

As with the LAG model, past temperature is found to have a positive impact on 

millet area but the effect is only significant in the South region in the MAVG model. In 

this case, a 1ºC increase in the ten-year average temperature results in a 71.6% increase in 

millet area. Temperature variability coefficient is positive in the South region but negative 

in the West regression. For example, a one standard deviation increase in temperature 

variability over the past 10 years causes an 89.4% increase in millet area in the South 

region and a 182% decrease in the West region. These coefficients indicate millet area 

substitution with other crops in the West as temperature becomes more erratic but millet 

area increases in the South to compensate production losses. 

Table 4.15. Millet MAVG model regressions using the xtscc estimator: dependent variable ΔlnA 

 
SSA Sudano-Sahel West Central East South 

IPΔX  0.000186 -0.00135 0.00198* 0.000914 -0.00101 -0.00151 

 
(0.000561) (0.00142) (0.000909) (0.000957) (0.000784) (0.000905) 

TΔ  0.375 0.651 -0.372 0.0888 -0.117 0.716** 

 
(0.252) (0.405) (0.499) (0.453) (0.410) (0.286) 

TΔ
~

   
-1.820*** 

  
0.894** 

   
(0.404) 

  
(0.336) 

PΔ  -0.000173 -0.00193* 2.14e-05 0.000387 0.000398 5.65e-05 

 
(0.000312) (0.000960) (0.000610) (0.00119) (0.000737) (0.000665) 

ΔFlood 
  

-0.0800*** 
   

   
(0.0213) 

   
LFAC)IPΔ(X   

    
0.00271 

 

     
(0.00140) 

 
LFAC)TΔ(   

    
-1.326 

 

     
(0.662) 

 
LFAC)PΔ(   

    
-0.00309* 

 

     
(0.00117) 

 
ECTt-1 -0.208*** 

 
-0.202*** -0.270 -0.281* -0.209 

 
(0.0549) 

 
(0.0393) (0.105) (0.0960) (0.128) 

Constant 0.0973*** -0.00453 0.0471 -0.00200 0.0135 0.00532 

 
(0.0104) (0.0146) (0.0259) (0.0223) (0.0153) (0.0232) 

(continued) 
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Table 4.15. Millet MAVG model regressions using the xtscc estimator: dependent variable ΔlnA 

 
SSA Sudano-Sahel West Central East South 

Long-run equation 
      

IPX  0.000419 
 

0.00399*** 0.000424 -0.00207** -0.00126 

 
(0.000296) 

 
(0.00111) (0.000715) (0.000359) (0.000802) 

T  0.301 
 

0.584 0.220 -0.0368 0.104 

 
(0.182) 

 
(0.343) (0.336) (0.123) (0.139) 

T
~

   
-2.124*** 

  
0.191 

   
(0.563) 

  
(0.383) 

P  -0.000749 
 

-0.00233*** 0.000851 6.39e-05 -0.00251 

 
(0.000441) 

 
(0.000482) (0.00113) (0.000831) (0.00131) 

Flood 
  

-0.250* 
   

   
(0.108) 

   

LFACIPX       
0.00141 

 

     
(0.00106) 

 

LFACT       
-0.127 

 

     
(0.272) 

 

LFACP       
-0.00160 

 

     
(0.00128) 

 
Observations 1,068 288 288 108 144 240 

Number of groups 30 8 8 3 4 7 

R
2
 0.147 0.040 0.288 0.132 0.165 0.130 

F 2,603*** 2.536*** 36.81*** 1.932 4.140 6.562** 

Time dummies yes no yes no no no 

Fixed effects yes no yes yes yes yes 

Notes: standard errors in parentheses; ***, ** and * denote significance at the 1%, 5% and 10% level 
respectively; the constant is included in the long-run specification but is not reported in the table. 

 

 

As opposed to the precipitation effect estimated using the LAG model, the MAVG 

model indicates that long-term average precipitation changes negatively influence millet 

area in Sudano-Sahel and in LFAC countries in the East. For example, a 100mm decrease 

in average precipitation causes a 19.3% increase in millet area in Sudano-Sahel and a 31% 

increase in the East LFAC countries. These results indicate the same compensation 

mechanism observed for temperature, where farmers cultivate a greater area to compensate 

for yield losses due to precipitation decreases.  

 

4.6.4. Sorghum 

ERS unit root test statistics for sorghum supply function variables are presented in Table 

4.16. The null hypothesis of a unit root is rejected for most price series, except ΔlnPC in 
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Kenya and Zimbabwe. As maize it the competing crop of sorghum in Zimbabwe, the same 

remarks made for ΔlnPC in the maize results section applies here (i.e. the series is I(1)). 

The visual inspection of ΔlnPC in Kenya reveals that the series is stationary in first 

difference. Therefore, all series entering the sorghum supply function are judged to be I(1). 

Table 4.16. ERS unit root test results for sorghum production function variables 

 Countries ΔlnA ΔlnPC ΔlnPS ΔXPI ΔT ΔP 

S
u

d
a
n

o
-S

a
h

e
l 

Burkina Faso -6.17*** (1) -4.68*** (1) -4.57***  (1) -5.35*** (1) -7.40***   (1) -7.16*** (1) 

Chad -5.45*** (1)   -4.84*** (1) -10.69*** (1) -7.28*** (1) 

Gambia -6.11*** (1)   -6.97*** (1) -8.65***   (1) -6.09*** (1) 

Mali -5.02*** (1)   -4.73*** (1) -7.21***   (1) -6.29*** (1) 

Mauritania -4.90*** (1)   -1.83     (2) -6.84***   (1) -4.86*** (1) 

Niger -5.47*** (1)   -6.12*** (1) -7.72***   (1) -6.42*** (1) 

Senegal -6.45*** (2)   -7.15*** (1) -7.36***   (1) -5.00*** (2) 

Sudan -8.39*** (1)   -4.81*** (1) -11.63*** (1) -6.64*** (1) 

W
e
st

 

Benin -5.43*** (3)   -8.49*** (2) -7.36***  (1) -7.14*** (1) 

Côte d'Ivoire -4.00*** (1) -6.99*** (1) -4.28*** (1) -3.87*** (1) -6.34***  (2) -6.74*** (1) 

Ghana -6.36*** (2) -4.71*** (1) -5.50*** (1) -4.27*** (1) -7.86***  (1) -7.15*** (1) 

Guinea -4.04*** (1)   -5.09*** (1) -6.89***  (1) -5.74*** (1) 

Guinea-Bissau -3.89*** (1)   -7.56*** (1) -8.80***  (1) -7.46*** (1) 

Nigeria -4.85*** (1) -5.42*** (1) -5.50*** (1) -4.96*** (1) -9.05***  (1) -6.52*** (1) 

Sierra Leone -3.99*** (1)   -4.59*** (1) -6.45***  (1) -5.73*** (1) 

Togo -1.49    (8) -5.32*** (2) -6.13*** (2) -6.04*** (2) -7.05***  (1) -6.28*** (1) 

C
e
n

tr
a

l Cameroon -7.71*** (1) -5.26*** (3) -5.21*** (1) -3.96*** (1) -9.29***  (1) -5.09*** (1) 

CAR -4.57*** (1)   -2.39     (2) -9.29***  (1) -7.00*** (1) 

Congo DR -5.06*** (1)   -3.97*** (1) -9.01***  (1) -5.15*** (1) 

E
a

st
 

Burundi -4.61*** (1) -6.71*** (1) -6.79*** (3) -6.05*** (1) -9.46***  (1) -3.90*** (1) 

Kenya -5.51*** (1) -1.99     (3) -5.55*** (1) -5.83*** (1) -9.93***  (1) -5.61*** (1) 

Rwanda -3.80*** (1) -5.30*** (1) -4.38*** (1) -6.46*** (1) -9.05***  (1) -5.11*** (1) 

Uganda -4.16*** (2)   -4.89*** (1) -9.57***  (1) -7.06*** (1) 

S
o
u

th
 

Botswana -6.66*** (1)   -5.30*** (1) -6.22***  (1) -6.43*** (1) 

Lesotho -7.58*** (1)   -3.62**  (1) -6.51***  (1) -4.15*** (1) 

Malawi -4.31*** (1) -4.14*** (3) -4.46*** (1) -4.79*** (1) -7.13***  (1) -6.89*** (1) 

Mozambique -5.48*** (1) -3.64**  (1) -5.28*** (1) -6.71*** (1) -5.88***  (1) -7.74*** (1) 

Namibia -6.46
***

 (1)   -6.59
***

 (1) -5.34
***

  (1) -6.49
***

 (1) 

Swaziland -5.29*** (1)   -5.25*** (1) -7.04***  (1) -8.05*** (1) 

Tanzania -5.14*** (1)   -5.65*** (1) -6.78***  (2) -5.09*** (1) 

Zimbabwe -5.47*** (1) -2.05   (3) -4.48*** (3) -7.03*** (1) -6.41***  (1) -1.36     (4) 

Notes: values in parenthesis indicate the number of lags of the dependent variable considered (see Section 

3.5.3.2 for details regarding the determination of the lag length); ***, ** and * denote significance at the 1%, 

5% and 10% level respectively; Tests statistics are omitted for series with a limited number of observations, 

which are not included in regressions. 

 

4.6.4.1. LAG model 

Following unit root test conclusions, LAG model regressions are estimated using first-

differenced series. Tests statistics reported in Table 4.17 indicate that cointegration is 
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present in the SSA, Sudano-Sahel and South final regressions, cross-sectional dependence 

and autocorrelation is present in all regressions except in West and Central final 

regressions and heteroskedasticity is present in final regressions except in the East 

regression. Therefore, the xtscc estimator is used to estimate all regressions. Fixed 

effects and time dummies are included in the SSA, Sudano-Sahel and South regressions.  

Table 4.17. LAG model diagnostic tests statistics for final sorghum specifications 

H0 SSA 
Sudano-

Sahel 
West Central East South 

No cointegration -16.822** -8.245* -6.295 -4.962 -6.169 -9.573*** 

Cross-sectional independence -2.153** -4.545*** 32.345 4.341 19.181*** -4.194*** 

No autocorrelation of order 1 -3.299*** -1.8700*** -1.616 -1.196 -2.056** -3.225*** 

Homoskedasticity 1081*** 94*** 64*** 51*** 3 238*** 

Note: ***, ** and * denote significance at the 1%, 5% and 10% level respectively. 

 

Regression results of the sorghum LAG supply function specification are reported 

in Table 4.18. Based on panel cointegration results, ECMs are estimated for the SSA, 

Sudano-Sahel and South regressions. Estimated ECTt-1 coefficients are all negative and 

significant supporting cointegration test results. ECTt-1 coefficients values indicate almost 

similar adjustment paces with a return to equilibrium taking nearly 4 years in the three 

regions. 

Extreme events control variables are removed from all regression as they are all 

insignificant, except for drought in SSA and West regressions. In these regions, droughts 

decrease in sorghum area harvested. Sorghum price and competing crop price variables 

were insignificant and therefore excluded from final specifications. The coefficient on the 

export crop price index is negative and significant in the East regression. This result 

indicates a substitution effect between sorghum and export crops in this region. 

Temperature increases have a significant and positive impact on sorghum area in 

SSA, Sudano-Sahel and West regressions. LFAC interactions indicate a negative effect in 

LFAC countries in Sudano-Sahel. For example, in this region, a 1ºC increase in last year 

temperature causes a 12.1% increase in sorghum area in non-LFAC countries and a 0.1% 

decrease in LFAC countries. These results indicate that non-LFAC farmers compensate 

sorghum yields losses due to increasing temperature, by increasing sorghum area. 

However, LFAC farmers switch to other activities or less heat-sensitive crops, such as 

cassava. 
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Table 4.18. Sorghum LAG model regressions using the xtscc estimator: dependent variable ΔlnA 

 
SSA Sudano-Sahel West Central East South 

ΔXPIt-1 0.000213 0.000492 6.56e-05 0.000550 -0.000599* -3.53e-05 

 
(0.000215) (0.000466) (0.000249) (0.000789) (0.000213) (0.000913) 

ΔTt-1 0.0421* 0.121** 0.0584* -0.0266 0.0238 0.0991 

 
(0.0208) (0.0362) (0.0277) (0.0727) (0.0249) (0.0699) 

ΔPt-1 -1.25e-06 -8.89e-06 -3.01e-05 9.59e-05 8.15e-05 0.000239* 

 
(3.55e-05) (6.34e-05) (4.00e-05) (0.000160) (9.49e-05) (0.000122) 

ΔDrought -0.0540** 
 

-0.0363** 
   

 
(0.0202) 

 
(0.0151) 

   
Δ(XPI × LFAC)t-1 -0.00100** -0.000931 

    

 
(0.000422) (0.000707) 

    
Δ(T × LFAC)t-1 -0.0173 -0.122*** 

    

 
(0.0249) (0.0338) 

    
Δ(P × LFAC)t-1 -8.38e-05 -1.61e-05 

    

 
(0.000136) (0.000145) 

    
Δ(Drought × LFAC) -0.0245 

     

 
(0.0557) 

     
ECTt-1 -0.211*** -0.250*** 

   
-0.299*** 

 
(0.0280) (0.0487) 

   
(0.0587) 

Constant 0.0139 0.0796** 0.0212** -0.0117 0.00961 0.181*** 

 
(0.0150) (0.0255) (0.00768) (0.0250) (0.00894) (0.0418) 

Long-run equation 
      

XPIt-1 -0.000126 -0.000344 
   

-0.00408** 

 
(0.000521) (0.000534) 

   
(0.00149) 

Tt-1 0.0129 0.389** 
   

0.144 

 
(0.0657) (0.112) 

   
(0.106) 

Pt-1 -0.000258** 2.35e-06 
   

-0.000189 

 
(0.000124) (0.000149) 

   
(0.000354) 

Drought 0.0387 
     

 
(0.0483) 

     
(XPI × LFAC)t-1 0.00139** 0.000765 

    

 
(0.000546) (0.000618) 

    
(T × LFAC)t-1 0.0974 -0.198

**
 

    

 
(0.0614) (0.0730) 

    
(P × LFAC)t-1 0.000122 0.000374 

    

 
(0.000281) (0.000398) 

    
(Drought × LFAC)  -0.191** 

     

 
(0.0802) 

     
Observations 1,224 320 304 120 160 320 

Number of groups 31 8 8 3 4 8 

R
2
 0.175 0.318 0.023 0.009 0.035 0.343 

F 2,099*** 52.40*** 5.146*** 0.905*** 4.805*** 26.31*** 

Time dummies yes yes no no no yes 

Fixed effects yes yes no no no yes 
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Notes: standard errors in parentheses; ***, ** and * denote significance at the 1%, 5% and 10% level 

respectively; the constant is included in the long-run specification but is not reported in the table. 

 

Precipitation only influences sorghum cropping decision in the South region only. 

The precipitation coefficient is positive in the South regression indicating that a 100mm 

increase in precipitation last year causes a 0.2% increase in sorghum area. As a positive 

effect of precipitation on sorghum yields has been established for this region in Section 

3.6.4, this result indicates an increase in preference for sorghum as rainfalls increase and a 

substitution toward other crops as precipitations decrease. 

 

4.6.4.2. MAVG model 

Based on unit root test conclusions, sorghum average supply functions are estimated using 

first-differenced variables. As detailed in Table 4.19, cointegration test results indicate the 

presence of long-run relationships in SSA, Sudano-Sahel, West and South regressions. 

Cross-sectional dependence is present in SSA, Sudano-Sahel, East and South regressions. 

First order serial correlation is found in all regressions, except in the West and Central 

regressions. Heteroskedasticity is present in all regressions except in the East. Based on 

these results, the xtscc estimator is selected to estimate sorghum average supply 

functions. Fixed effects are included in SSA, Sudano-Sahel, West and South regressions 

and time dummies are included in the SSA, Sudano-Sahel and South regressions. 

Table 4.19. MAVG model diagnostic tests statistics for final sorghum specifications 

H0 SSA 
Sudano-

Sahel 
West Central East South 

No cointegration -20.562*** -12.313*** -12.364*** -4.785 -4.671 -11.183*** 

Cross-sectional independence -1.839* -4.329*** 28.643 5.488 16.686** -4.051*** 

No autocorrelation of order 1 -3.299*** -1.870* -1.347 -1.196 -2.056** -3.225*** 

Homoskedasticity 1,105*** 103*** 74*** 56*** 6 134*** 

Note: ***, ** and * denote significance at the 1%, 5% and 10% level respectively. 

 

Regression results for the sorghum MAVG supply model are displayed in Table 

4.20. Following results from the cointegration test, ECMs are estimated for all regressions, 

expect for the Central and East regions. ECTt-1 coefficients estimated are all negative and 

significant supporting the existence of a long-run return to equilibrium. 
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Table 4.20. Sorghum MAVG model regressions using the xtscc estimator: dependent variable ΔlnA 

 
SSA Sudano-Sahel West Central East South 

IPΔX  0.000101 0.000477 -0.00139 0.000657 -0.000873 -0.00367 

 
(0.000834) (0.00102) (0.000747) (0.00172) (0.000779) (0.00261) 

TΔ  0.466** 0.365 -0.314* -0.278 0.296 1.262** 

 
(0.197) (0.319) (0.162) (0.649) (0.267) (0.477) 

TΔ
~

  
-0.507* -0.332* 

   

  
(0.255) (0.161) 

   
PΔ  -0.000601** -0.000899 -0.000474 -0.000208 0.000521 0.000460 

 
(0.000263) (0.000525) (0.000340) (0.000938) (0.000701) (0.00144) 

PΔ
~

      
-0.00421** 

      
(0.00169) 

ΔDrought -0.0642*** 
 

-0.0391* 
   

 
(0.0131) 

 
(0.0205) 

   
ECTt-1 -0.235*** -0.322*** -0.191*** 

  
-0.386*** 

 
(0.0270) (0.0524) (0.0507) 

  
(0.0556) 

Constant 0.143*** 0.0912*** 0.0246** -0.00918 0.00319 0.162** 

 
(0.0105) (0.0178) (0.00897) (0.0283) (0.0121) (0.0557) 

Long-run equation 
      

IPX  0.000719 0.000791 0.000779 
  

-0.00393** 

 
(0.000829) (0.000880) (0.00117) 

  
(0.00161) 

T  0.118 0.796*** 0.380* 
  

-0.191 

 
(0.167) (0.171) (0.161) 

  
(0.277) 

T
~

  
-0.424 

    

  
(0.308) 

    
P  -0.00151*** -0.000757* -0.00168** 

  
-0.00229 

 
(0.000491) (0.000346) (0.000640) 

  
(0.00143) 

P
~

      
-0.00263 

      
(0.00153) 

Drought -0.0703** 
 

0.00627 
   

 
(0.0293) 

 
(0.0436) 

   
Observations 1,104 288 276 108 144 288 

Number of groups 31 8 8 3 4 8 

R
2
 0.181 0.337 0.118 0.004 0.011 0.376 

F 4,256*** 73.85*** 8.765*** 0.0957*** 0.750*** 15.20*** 

Time dummies yes yes no no no yes 

Fixed effect yes yes yes no no yes 

Notes: standard errors in parentheses; ***, ** and * denote significance at the 1%, 5% and 10% level 

respectively; the constant is included in the long-run specification but is not reported in the table. 

 

Extreme events control variables are insignificant, except the drought dummy 

which indicates a negative impact of droughts on area harvested the SSA and West. 

Average sorghum prices and competing crop prices are all excluded from final 
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specifications as they are insignificant. The export crops price index is also insignificant in 

all regressions, except in the long-run in the South region. This results is similar to the one 

obtained with the LAG model. 

Average temperature has a positive effect on sorghum area in the SSA and South 

regions. For example, a 1ºC increase in ten-year average temperature causes a 46.6% 

increase in area dedicated to sorghum in SSA and a 126.2% increase in the South. These 

results indicate that sorghum yield losses due to increased temperatures (observed in 

Section 3.6.4) are offset by allocating more land to sorghum to produce the desired 

quantity. Alternatively, a negative effect of temperature is observed in the West region. In 

this region, a 1ºC increase in the ten-year average temperature causes a 33.2% decrease in 

area dedicated to sorghum. This result appears contradictory to the temperature effect 

established by the LAG model but indicates that short-term increases in temperature 

increase crop planting to compensate yields losses but that long-term changes in 

temperature lead farmers to switch to other crops (or activities) altogether. 

Average annual precipitation has a negative effect on sorghum area in SSA. As 

established in Section 3.6.4, precipitation is beneficial to sorghum yields in SSA. 

Therefore, to compensate yield loss as precipitation decrease, farmers, allocate more land 

to this crop. Alternatively, farmers allocate less land to sorghum in response to 

precipitation increases which entail higher yields and enable them to achieve the desired 

quantity of sorghum on less land.  

Temperature variability increases has a negative impact on sorghum area in both 

West and Sudano-Sahel regions, indicating a switch toward crops or activities less 

sensitive to temperature variability. Precipitation variability has a negative effect on 

sorghum area in the South region, indicating a switching strategy toward crops better 

suited to erratic rainfall or toward other activities.  

 

4.7. Conclusion 

Supply function analyses provide interesting insights about farmers cropping decisions. 

The regression analyses suggest that, in general, farmers do not adjust crop area allocations 

in response to prices. These findings may be due to limited availability of price data for 
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individual crops. The analysis revealed a significant price elasticity for millet in Sudano-

Sahel only, which is consistent with the literature on supply responses of food crops to 

prices in Africa. The analysis reveals that farmers respond to export crop prices in a limited 

number of regions. Substitution effects between food crops and export crops are found for 

sorghum in the East and maize in SSA and the Central region. Complementary effects are 

revealed for millet in the West and cassava in the East. The analyses also indicate that 

farmers‟ responses to export crop prices depend on agricultural conditions for cassava and 

sorghum in SSA. For these two crops, farmers from LFAC countries appear more 

responsive to export crop prices than non-LFAC farmers. Additionally, the regression 

results indicate that export crop price variability has a positive impact on cassava and 

maize in the West region suggesting that, as the riskiness of export crop price increases, 

farmers prefer food crops in this region.  

Additionally, the results indicate that farmers in some regions base their supply 

decisions on weather and climate. Specifically, precipitation is found to have a positive 

effect on area cultivated for cassava in SSA, the Sudano-Sahel and the East regions, maize 

in the Central region and sorghum in the South region. While precipitation is usually 

beneficial to crop yields (as established in Chapter 3), these results indicate that, as 

precipitation increases, farmers‟ preference for these crop increase. Alternatively, 

precipitation is found to have a negative effect on area cultivated for maize in SSA and 

Sudano-Sahel, millet in Sudano-Sahel and sorghum in SSA. In these regions, farmers 

reduce maize, millet and sorghum area planted as their productivity increases. 

The analyses also reveal a generally positive effect of temperature on all crops in 

SSA, except cassava. As temperature is found to have a generally negative impact on crops 

yields (see Chapter 3), a temperature increase would entail a decrease in farmers‟ 

preference for cassava, but an increase in cultivate land for the three other crops in order to 

compensate for yield losses. Additionally, the regressions show that precipitation and 

temperature variability rarely have a significant effect on crop cultivation. 

Regressions analyses considering the impact of price and weather events over the 

previous year produce plausible crop supply responses. Slightly better results are obtained 

with moving averages of prices and weather variables. This indicates that farmers‟ land 
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allocation decisions are based more on long-term prices trends and climate than on one-off 

prices changes and weather events. 

The impacts of temperature and precipitation on area cultivated can be combined 

with the corresponding estimated effect on yield obtained in Chapter 3 to gauge the impact 

of weather on production. These impacts are estimated in the following chapter under 

several climate change scenarios.  
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Chapter 5. Climate change impacts  

 

 

5.1. Introduction 

Climate affects many aspects of the environment and human society. As shown in the 

literature review in Chapter 2, a large body of literature seeks to understand how 

climate change might impact agriculture. Rosenzweig and Hillel (Rosenzweig and 

Hillel, 1995; p.1) summarize difficulties associated with such predictions: “the problem 

of predicting the future course of agriculture in a changing world is compounded by 

the fundamental complexity of natural agricultural systems, and of the socioeconomic 

systems governing world food supply and demand”. Predictions in this chapter should 

be interpreted with these caveats in mind. 

This chapter begins by, in Section 5.2, reviewing the different methods 

employed to establish climate change predictions. Building on these climate 

predictions, the production functions estimated in Chapter 3 are used to predict the 

effect of climate change on cassava, maize, millet and sorghum yields. The impact of 

climate change on cultivated area for these crops is also predicted, using the supply 

function estimates from Chapter 4. Yield and cultivated area estimates are then 

combined to estimate the impact of climate change on total crop production. The 

methodology used to obtain predictions is presented in Section 5.3, and the predictions 

results are reported and discussed in Section 5.4. This chapter also discusses, in Section 

5.5, the uncertainties limiting the accuracy of the predictions. Finally, climate policy 

implications of predictions are discusses in Section 5.6.  
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5.2. Climate change predictions 

Predictions of future climate change produced by global climate models (also called 

general circulation models, GCMs) are driven by green house gases (GHGs) 

concentrations in the atmosphere. Assuming different environmental change scenarios, 

which entail different GHG emissions, several climate change predictions are 

produced. 

 

5.2.1. General circulation models 

Based on physics fundamentals, GCMs are built to represent climate states in response 

to GHG concentrations. GCMs either model the atmosphere, called atmospheric GCMs 

(AGCMs) or the ocean, called oceanic GCMs (OGCMs). The combination of those two 

models gives a coupled atmosphere-ocean general circulation model (AOGCM). 

Several AOGCMs are available and differ with respect to structure and resolution. 

McAvaney et al. (2001) and Randall et al. (2007) assess the ability of AOGCMs to 

forecast future climate change as part of the third and fourth Assessment Reports of the 

Intergovernmental Panel on Climate Change (IPCC) respectively. According to these 

reports, AOGCMs are valuable tools to represent climate and produce reliable climate 

change forecasts. 

However, these models have several limitations. One limitation concerns the 

inadequate representation by AOGCMs of El Niño Southern Oscillation (ENSO)
39

 

effects and land cover changes (Hulme et al., 2005). Another source of uncertainty 

concerns predictions at the regional scale. To address this issue, regional climate 

models (RCMs) have been developed to represent climate change at a finer resolution. 

For instance, the RegCM3 climate model (Pal et al., 2007) reproduces observations 

very well over West Africa (Omotosho and Abiodun, 2007) and Africa (Sylla et al., 

2009). However, the availability of predictions by these models is limited by 

computational requirements.  

The choice of AOGCM used for each analysis is mainly guided by data 

availability. Five AOGCMs are suitable for the current study: CSIRO2 (Gordon and 

O‟Farrell, 1997), HadCM3 (Gordon et al., 2000), CGCM2 (Flato and Boer, 2001), 

ECHAM4 (Roeckner et al., 1996) and PCM (Washington et al., 2000) (see Table 5.1 

                                                
39

 This phenomena is defined as “a disruption of the ocean-atmosphere system in the Tropical 

Pacific having important consequences for weather and climate around the globe” (NOAA, 2009; p.1). 
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for complete model descriptions). In addition to providing data at a suitable resolution, 

these models are based on the same climatic data as the historical data used in the 

production and supply functions analyses. For each model, different sets of predictions 

are available, depending on the socio-economic scenario considered (as detailed in the 

next section). 

Table 5.1. Main features of AOGCMs 

Acronym Name Sponsoring institution Reference 

CGCM2 
Canadian Global Climate model 

version 2 
Canadian Center for Climate (CCC) 

(Flato and Boer, 

2001) 

CSIRO2 

Commonwealth Scientific and 

Industrial Research Organisation 

GCM mark 2 

Commonwealth Scientific and 

Industrial Research Organisation 

(CSIRO) 

(Gordon and 

O‟Farrell, 1997) 

ECHAM4 
European Center Hamburg GCM 

version 4 

Max-Plank Institute for Meteorology 

(MPI) 

(Roeckner et al., 

1996) 

HadCM3 
Hadley Centre Coupled model 

version 3 

United Kingdom Meteorological Office 

(UKMO) 

(Gordon et al., 

2000) 

PCM Parallel Climatic model 
National Center for Atmospheric 

Research (NCAR) 

(Washington et 

al., 2000) 

 

The five AOGCMs selected provide a wide range of predictions. A few 

comparative studies assess the performance of these AOGCMs for Africa. Liu et al. 

(2002) and McHugh (2005) determine the accuracy of AOGCMs based on their ability 

to simulate current climate, with the idea that the better the representation of present 

climate, the greater the ability to represent important underlying processes and 

therefore the ability to produce good forecasts. McHugh‟s (2005) comparison of 19 

AOGCMs focuses on rainfall patterns in east Africa. They find that ECHAM4 and 

HadCM3 are among the four most representative models for the region. When 

considering the Sahara region, Liu et al. (2002) find that CSIRO2 and PCM are two of 

the five preferred models (out of the 18 considered) to simulate rainfall and 

temperature. However, according to McAvaney et al. (2001), each AOGCM has its 

own strengths and weaknesses, so none of the models is unequivocally better than 

another. The authors conclude that various models should be used conjointly to obtain a 

wide range of results. Therefore, climate change predictions simulated by the five 

AOGCMs are considered in this analysis. 

 

5.2.2. Scenarios 

Alternative future GHG emissions scenarios are considered and serve as inputs into the 

AOGCMs detailed above. These scenarios can be simplistic with, say, a predicted 1% 
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annual increase in CO2. Alternatively, these scenarios can be more elaborate, such as 

those proposed by the IPCC (2000) in their Special Report on Emissions Scenarios 

(SRES). These scenarios assume different levels for different anthropogenic GHG 

emissions. The driving forces of these emissions are: population growth, economic and 

social development, energy and technology, and agriculture and land-use emissions. 

The four storylines that support the SRES scenarios A1, A2, B1 and B2 sourced from 

IPCC (2000; p.4) are reported in Box 5.1. 

Box 5.1. Storylines of the SRES emissions scenarios 

A1. The A1 storyline and scenario family describe a future world of very rapid economic growth, global 

population that peaks in mid-century and declines thereafter, and the rapid introduction of new and more 
efficient technologies. Major underlying themes are convergence among regions, capacity building and 

increased cultural and social interactions, with a substantial reduction in regional differences in per capita 

income. The A1 scenario family develops into three groups that describe alternative directions of 

technological change in the energy system. The three A1 groups are distinguished by their technological 

emphasis: fossil intensive (A1FI), non-fossil energy sources (A1T), or a balance across all sources (A1B) 

(where balanced is defined as not relying too heavily on one particular energy source, on the assumption 

that similar improvement rates apply to all energy supply and end use technologies). 

 

A2. The A2 storyline and scenario family describe a very heterogeneous world. The underlying theme is 

self-reliance and preservation of local identities. Fertility patterns across regions converge very slowly, 

which results in continuously increasing population. Economic development is primarily regionally 

oriented and per capita economic growth and technological change are more fragmented and slower than 
in other storylines. 

 

B1. The B1 storyline and scenario family describe a convergent world with the same global population, 

that peaks in mid-century and declines thereafter, as in the A1 storyline, but with rapid change in 

economic structures toward a service and information economy, with reductions in material intensity and 

the introduction of clean and resource-efficient technologies. The emphasis is on global solutions to 

economic, social and environmental sustainability, including improved equity, but without additional 

climate initiatives. 

 

B2. The B2 storyline and scenario family describe a world in which the emphasis is on local solutions to 

economic, social and environmental sustainability. It is a world with continuously increasing global 
population, at a rate lower than A2, intermediate levels of economic development, and less rapid and 

more diverse technological change than in the B1 and A1 storylines. While the scenario is also oriented 

towards environmental protection and social equity, it focuses on local and regional levels. 

Source: IPCC (2000; p.4). 

 

Based on these storylines, six scenarios are defined: A1FI, A1T, A1B, A2, B1 

and B2. For the A1 storyline, three scenarios are proposed, which differ with respect to 

assumed technological path. The A1FI hypothesizes fossil-intensive technologies, A1T, 

non-fossil energy sources and A1B, an equal reliance on all fossil and non-fossil energy 

sources. However, of the three A1 scenarios, projected climate data are only available 

for the A1FI scenarios. The main features of the A1FI, A2, B1 and B2 scenarios are 

summarized in Table 5.2.  
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Table 5.2. Main features of SRES scenarios 

Scenarios Economy Population Technology 

A1F1 Rapid growth 
Peaks in mid-century and 

declines thereafter 

Fossil intensive but rapid 

introduction of new and more 

efficient technologies 

A2 
Regional development, slow 

per capita economic growth 
Continuously increasing Slow technological change 

B1 
Rapid move toward a service 

and information economy 

Peaks in mid-century and 

declines thereafter 

Clean and resource-efficient 

technologies 

B2 
Intermediate levels of 

economic development 
Continuously increasing (but 

at a lower rate than A2) 

Lower and more diverse 

technological change than in 
the B1 and A1 storylines 

Source: IPCC (2000). 

 

The main CO2 concentration levels assumptions made by the SRES scenarios 

are reported in Table 5.3 for the year 2050 and 2100. Table 5.3 also report observed 

values for 1990. The largest CO2 concentration level is under the A1FI scenario. The 

lowest CO2 concentrations level is under the B2 scenario in 2050 and under the B1 

scenario in 2100. 

Table 5.3. Predicted SRES CO2 concentration (in ppm)  

Year 
Scenarios 

A1FI A2 B1 B2 

1990 354 354 354 354 

2050 573 536 491 478 

2100 976 857 538 615 

     Source: adapted from Carter (2007). 

  

As noted by the scenario authors, no scenario represents a „best guess‟ scenario, 

and as probabilities are not associated with each scenario, all four should be considered 

equally. The combination of the five AOGCMs and the four scenarios produces 20 

plausible futures, each with an equal likelihood of occurrence (Mitchell, 2007). The 20 

permutations enable one to represent 93% of possible future climate changes estimated 

by the Third Assessment Report of the IPCC (2001b). 

 

5.2.3. Data 

Data for the four climate scenarios under the five AOGCMs are extracted from the 

TYN SC 2.0 dataset (Mitchell et al., 2003), following the unpacking procedure 

provided by Mitchell (2007). The TYN SC 2.0 dataset is provided by the Tyndall 

Centre for Climate Change Research of the University of East Anglia and is available 

at the global level at the 0.5 × 0.5 degree resolution. 
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Based on the five AOGCMs and the five scenarios presented above, 20 future 

climate change scenarios are produced. Monthly variations for the next century are 

obtained by overlaying the decadal climate change averages from the models on top of 

variations for the previous century taken from the weather observations in CRU TS 2.0 

dataset (Mitchell et al., 2003). Additionally, Mitchell (2007) provides a control scenario 

with no long-term climate change (i.e. mean climate remains at the 1961-1990 level). 

However, this control scenario is implausible as, to date, GHG emissions already 

exceed 1961-1990 levels. Climate predictions under the control scenario are therefore 

underestimated compared to current climate. This control scenario is not considered in 

this analysis. 

Weather parameters under the 20 AOGCMs and scenarios permutations are 

constructed following the procedure detailed in Section 3.4.2. To simplify presentation 

of climate change representations, average values for weather parameters are calculated 

over three 30-year periods. Average values over the period 1970 to 1999 represent the 

base period (late-1900s), values over the period 2040 to 2059 represent mid-century 

forecasts (mid-2000s) and values over the period 2070 to 2099 represent end of century 

predictions (late-2000s). 

 

5.2.3.1. Precipitation 

Precipitation predictions averaged SSA countries for the period 2003-2100 are 

presented in Figure 5.1. On average, precipitation is generally lowest under the A1FI 

scenario in the cassava and maize zones (1,281mm and 1,074mm respectively) and 

under the A2 scenario in the millet and sorghum zones (1,010mm and 1,005mm 

respectively).  

The highest precipitation is predicted under the B2 scenario in all crop zones. 

Specifically, precipitation over the 21
st
 century is expected to average 1,293mm in 

cassava zones, 1,085mm in maize zones, 1020mm in millet zones and 1,014mm in 

sorghum zones. However, as can be seen in Figure 5.1, A1FI and A2 precipitation 

predictions are slightly higher than B1 and B2 precipitations under the ECHAM4 

model. Also, precipitation predictions for 2050-2100 markedly diverge across scenarios 

under the CGCM2 model. 

 



215 

 

 

 

F
ig

u
re

 5
.1

. 
P

r
o

je
c
te

d
 p

re
ci

p
it

a
ti

o
n

 (
in

 m
m

) 
b

y
 A

O
G

C
M

 i
n

 S
S

A
 (

2
0
0
3
-2

1
0
0
) 

 

 



216 

 

 

 

On average, the lowest precipitation predictions over the 21
st
 century are 

predicted by the CGCM2 model and the largest are predicted by from the ECHAM4 

model. Under the CGCM2 and ECHAM4 models, average precipitation ranges from 

1,271mm to 1,305mm in the cassava zone, from 1,065mm to 1,104mm in the maize 

zone, from 994mm to 1,043mm in the millet zone, and from 990mm to 1,041mm in the 

sorghum zone over the period 2003-2100. 

Table 5.4. Projected precipitation changes (in mm) compared to the late-1900s by AOGCM in SSA  

GCM Scenario 

Cassava Maize Millet Sorghum 

1,226 in late-1900s 1,034 in late-1900s  963 in late-1900s  960 in late-1900s 

Mid-

2000s 

Late-

2000s 

Mid-

2000s 

Late-

2000s 

Mid-

2000s 

Late-

2000s 

Mid-

2000s 

Late-

2000s 

CGCM2 

A1FI +69 -40 +38 -60 +40 -75 +38 -71 

A2 +78 -26 +49 -44 +52 -55 +50 -52 

B1 +113 +33 +87 +23 +95 +20 +91 +20 

B2 +113 +33 +87 +23 +95 +19 +90 +19 

CSIRO2 

A1FI +100 +12 +72 -3 +83 -3 +76 -7 

A2 +98 +9 +71 -5 +82 -5 +74 -11 

B1 +108 +27 +80 +13 +93 +17 +85 +12 

B2 +94 +6 +68 -5 +78 -4 +69 -11 

ECHAM4 

A1FI +150 +97 +130 +94 +151 +112 +151 +120 

A2 +142 +84 +121 +81 +139 +95 +139 +102 

B1 +138 +67 +118 +64 +135 +74 +134 +78 

B2 +143 +76 +122 +72 +141 +84 +141 +90 

HadCM3 

A1FI +87 -10 +53 -35 +89 +8 +89 +16 

A2 +97 +8 +61 -23 +90 +9 +87 +13 

B1 +101 +18 +65 -7 +91 +14 +87 +15 

B2 +124 +49 +80 +12 +109 +39 +106 +41 

PCM 

A1FI +132 +66 +106 +53 +111 +45 +101 +35 

A2 +128 +59 +102 +47 +109 +42 +100 +33 

B1 +135 +61 +104 +44 +111 +41 +103 +36 

B2 +139 +69 +106 +49 +113 +45 +104 +38 

 

Precipitation changes in SSA compared to the late-1900s are presented in Table 

5.4. Changes at the regional level are presented in Appendix I. Across all AOGCMs 

and scenarios, the lowest precipitation changes compared to the late-1900s are 

predicted under the CGCM2-A1FI scenario for all crops. This scenario predicts, in the 

cassava, maize, millet and sorghum zone, respectively, 69mm, 38mm, 40mm, and 

38mm increases in the mid-2000s, and a 40mm, 60mm, 75mm and 71mm declines by 

the late-2000s. The greatest precipitation changes are predicted under the ECHAM4-

A1FI scenario where, in the mid-2000s and late-2000s respectively, precipitation 

changes are +150mm and +97mm in the cassava zone, +130mm and +94mm in the 
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maize zone, +151mm and +112mm in the millet zone and +151mm +120mm in the 

sorghum zone.  

 

5.2.3.2. SPI, droughts and floods 

Average SPI values indicate that precipitation in the millet and sorghum zones during 

the 21
st
 century is predicted to be lower than during the 20

th
 century (1901-2002) under 

all scenarios. Alternatively, in the cassava zone, the SPI is predicted to be negative only 

in the A1FI and A2 scenarios. In the maize zone, the SPI is on average null in the B2 

scenario, indicating that predicted precipitation is similar to observed precipitation in 

the 20
th
 century on average. In general, the lowest SPIs are observed under the A1FI 

scenario and the largest under the B2 scenario. Comparing predictions across 

AOGCMs, the largest negative SPIs are predicted using the CGCM2 model and the 

largest positive SPIs are predicted using the ECHAM4 model. 

Predicted changes in SPI compared to the late-2000s are presented in Table 5.5. 

As for precipitations, the largest decrease in SPI in the late-2000s compared to the late-

1900s, is predicted under the CGCM2-A1FI scenario for all crops and the largest SPI 

increases are predicted under the ECHAM4-A1FI scenario for all crops, except in the 

millet zone, where the largest SPI increases are predicted under both ECHAM4-A1FI 

and ECHAM4-A2 scenarios. 
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Table 5.5. Projected SPI changes (in standard deviation from the median) compared to the late-

1900s by AOGCM in SSA 

GCM Scenario 

Cassava Maize Millet Sorghum 

-0.3 in late-1900s -0.3 in late-1900s  -0.4 in late-1900s  -0.4 in late-1900s 

Mid-

2000s 

Late-

2000s 

Mid-

2000s 

Late-

2000s 

Mid-

2000s 

Late-

2000s 

Mid-

2000s 

Late-

2000s 

CGCM2 

A1FI +0.3 -0.4 +0.1 -0.6 +0.2 -0.7 +0.2 -0.7 

A2 +0.3 -0.3 +0.2 -0.4 +0.3 -0.5 +0.3 -0.5 

B1 +0.6 +0.2 +0.5 +0.1 +0.6 +0.1 +0.6 +0.1 

B2 +0.6 +0.1 +0.5 +0.1 +0.6 +0.1 +0.6 +0.1 

CSIRO2 

A1FI +0.5 +0.1 +0.4 -0.1 +0.5 -0.1 +0.4 -0.1 

A2 +0.5 +0.1 +0.4 -0.1 +0.5 -0.1 +0.4 -0.2 

B1 +0.6 +0.2 +0.5 +0.1 +0.6 +0.1 +0.5 0 

B2 +0.5 0 +0.4 -0.1 +0.5 -0.1 +0.4 -0.1 

ECHAM4 

A1FI +0.9 +0.7 +0.8 +0.7 +1.0 +0.7 +1.0 +0.8 

A2 +0.8 +0.6 +0.8 +0.5 +0.9 +0.7 +0.9 +0.7 

B1 +0.8 +0.5 +0.7 +0.4 +0.9 +0.5 +0.9 +0.5 

B2 +0.8 +0.5 +0.8 +0.5 +0.9 +0.6 +0.9 +0.6 

HadCM3 

A1FI +0.5 0 +0.4 -0.2 +0.6 +0.1 +0.6 +0.1 

A2 +0.6 +0.1 +0.4 -0.1 +0.6 0 +0.6 +0.1 

B1 +0.5 +0.1 +0.4 0 +0.6 +0.1 +0.5 +0.1 

B2 +0.7 +0.3 +0.5 +0.1 +0.7 +0.2 +0.7 +0.3 

PCM 

A1FI +0.7 +0.4 +0.6 +0.3 +0.7 +0.3 +0.6 +0.2 

A2 +0.7 +0.3 +0.6 +0.3 +0.7 +0.3 +0.6 +0.2 

B1 +0.7 +0.4 +0.7 +0.3 +0.7 +0.3 +0.7 +0.3 

B2 +0.8 +0.4 +0.7 +0.4 +0.8 +0.4 +0.7 +0.3 

 

Predicted changes in drought occurrence are presented in Table 5.6. Averaging 

across all AOGCMs and scenarios combinations, droughts are predicted to occur 17% 

of the time in the cassava zone, 19% in the maize and sorghum zones and 20% in the 

millet zone over the period 2003-2100.  

Compared to the late-1900s, droughts are generally expected to decrease in the 

mid-2000s, but drought occurrence incidence increases under the CSIRO2 and 

HadCM3 model in the late-2000s. As indicated on Table 5.6, the largest drought 

occurrence decrease in the late-2000s is predicted under the PCM-B1 and PCM-B2 

scenarios (-9 percentage points) in the cassava zone, PCM-B1, PCM-B2 and 

ECHAM4-B1 scenarios (-5 percentage points) in the maize zone, PCM-B2 and 

ECHAM4-B1 scenarios (-7 percentage points) in the millet zone and ECHAM4-B1 

scenario (-7 percentage points) in the sorghum zone. Alternatively, the largest drought 

occurrence increases in the late-2000s are predicted under the CGCM2-A1FI scenario 

for all crops with +21 percentage points, +27 percentage points, +29 percentage points 

and +30 percentage points in the cassava, maize, millet and sorghum zone respectively. 
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Table 5.6. Projected drought changes (in percentage points) compared to the late-1900s by 

AOGCM in SSA 

GCM Scenario 

Cassava Maize Millet Sorghum 

25% in late-1900s 24% in late-1900s  27% in late-1900s  26% in late-1900s  

Mid-

2000s 

Late-

2000s 

Mid-

2000s 

Late-

2000s 

Mid-

2000s 

Late-

2000s 

Mid-

2000s 

Late-

2000s 

CGCM2 

A1FI -7 +21 -4 +27 -5 +29 -5 +30 

A2 -10 +15 -6 +21 -8 +24 -7 +25 

B1 -17 -3 -16 -3 -18 -2 -17 -3 

B2 -16 -3 -14 -1 -16 -2 -15 -2 

CSIRO2 

A1FI -20 +7 -16 +15 -17 +19 -17 +18 

A2 -19 +12 -14 +19 -16 +23 -15 +22 

B1 -20 +3 -16 +8 -18 +7 -17 +9 

B2 -18 +9 -15 +13 -18 +15 -17 +16 

ECHAM4 

A1FI -18 -3 -16 -1 -20 -2 -19 -3 

A2 -20 -4 -17 -2 -20 -5 -2 -5 

B1 -18 -4 -16 -5 -20 -7 -2 -7 

B2 -17 -3 -16 -3 -19 -4 -2 -4 

HadCM3 

A1FI -9 +8 -5 +15 -11 +12 -12 +8 

A2 -14 +2 -9 +13 -14 +8 -14 +7 

B1 -15 -3 -11 +8 -18 +4 -17 +1 

B2 -15 -4 -10 +8 -15 +3 -16 0 

PCM 

A1FI -20 -6 -17 -2 -20 -1 -18 0 

A2 -20 -6 -18 -3 -20 -2 -18 -2 

B1 -20 -9 -18 -5 -21 -6 -19 -5 

B2 -20 -9 -18 -5 -21 -7 -19 -5 

 

Floods occurrence rates are predicted to average 17% in the cassava zone and 

16% in the three other crops zones. The A1FI scenario produces the most frequent 

drought and flood occurrences, and the B1 scenario the least drought and flood 

occurrences. 

Predicted changes in flood occurrence, measured in percentage points, are 

presented in Table 5.7. Compared to the late-1900s, flood occurrences in the late-2000s 

are predicted to decrease by up to 2 percentage points, 3 percentage points and 2 

percentage points in the cassava, maize and sorghum zones respectively under the 

CGCM2-A2 scenario and 3 percentage points under both CGCM2-A1FI and CGCM2-

A2 scenarios in the millet zone. Conversely, flood occurrences in the late-2000s are 

predicted to increase by up to 40 percentage points, 37 percentage points, 42 percentage 

points and 44 percentage points under the ECHAM4-A1FI scenario in the cassava, 

maize millet and sorghum zones respectively. 
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Table 5.7. Projected flood changes (in percentage points) compared to the late-1900s by AOGCM 

in SSA 

GCM Scenario 

Cassava Maize Millet Sorghum 

5% in late-1900s 6% in late-1900s  4% in late-1900s  5% in late-1900s 

Mid-

2000s 

Late-

2000s 

Mid-

2000s 

Late-

2000s 

Mid-

2000s 

Late-

2000s 

Mid-

2000s 

Late-

2000s 

CGCM2 

A1FI +4 -1 +4 -2 +3 -3 +4 -1 

A2 +4 -2 +4 -3 +4 -3 +4 -2 

B1 +12 +2 +11 +2 +14 +2 +11 +2 

B2 +13 +3 +12 +2 +14 +1 +12 +3 

CSIRO2 

A1FI +15 +16 +8 +8 +9 +11 +11 +12 

A2 +17 +20 +9 +11 +10 +15 +12 +15 

B1 +14 +15 +9 +9 +10 +13 +9 +9 

B2 +9 +7 +7 +5 +8 +7 +8 +5 

ECHAM4 

A1FI +37 +40 +32 +37 +38 +42 +36 +44 

A2 +34 +37 +30 +31 +36 +37 +34 +35 

B1 +27 +25 +26 +23 +33 +26 +3 +27 

B2 +28 +29 +30 +27 +35 +30 +33 +31 

HadCM3 

A1FI +22 +22 +17 +17 +23 +25 +2 +19 

A2 +23 +20 +16 +11 +22 +14 +2 +13 

B1 +23 +9 +16 +3 +24 +10 +22 +7 

B2 +26 +15 +18 +7 +26 +12 +25 +9 

PCM 

A1FI +20 +14 +23 +15 +25 +15 +22 +10 

A2 +17 +12 +20 +12 +21 +13 +20 +8 

B1 +20 +9 +20 +8 +22 +11 +21 +8 

B2 +22 +14 +22 +12 +25 +13 +24 +11 

 

5.2.3.3. Temperature 

Over the 21
st
 century, temperature is predicted to increase under all scenarios. The 

evolution of temperature in each crop zone under each model-scenario combination is 

presented in Figure 5.2. Given the large number of model and scenario permutations, 

the figure only presents temperature values averaged over all SSA countries. Averaged 

across models, the largest temperature increases are predicted under the A1FI scenario, 

which predict the largest increase in GHG emissions. Under this scenario, average 

temperatures over the period 2003-2100 are predicted to reach 26.2ºC in the cassava 

zone, 25.8ºC in the maize zone, 26.4ºC in the millet zone and 26ºC in the sorghum 

zone. Alternatively, the smallest temperature increases are predicted under the B1 

scenario which predicts the lowest level of CO2 concentration by 2100. Over the period 

2003-2100, temperatures are predicted to average 25.6ºC, 25.1ºC, 25.7ºC and 25.3ºC in 

the cassava, maize, millet and sorghum zones respectively. 
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Temperature increases also vary across AOGCMs. The ECHAM4 and HadCM3 

models generally predict the highest temperatures, while the PCM model predicts the 

smallest temperatures. Over the period 2003-2100, average temperature in the cassava, 

maize, millet and sorghum zones are predicted to be 25.4ºC, 24.9ºC, 25.5ºC and 25.1ºC, 

respectively under the PCM model, and 26.1ºC, 25.7ºC 26.3ºC and 25.9ºC, 

respectively, under the ECHAM4 and HadCM3 models.  

As reported in Table 5.8, the smallest temperature changes compared to the 

late-1900s are observed under the PCM-B1 scenario predicting +1ºC for all crops. 

Alternatively, the largest temperature increase by the late-2000s are observed under the 

HadCM3-A1FI and ECHAM4-A1FI scenarios in the cassava, millet and sorghum 

zones with +4.7ºC, +4.9ºC and +4.9ºC temperature changes respectively, and under the 

ECHAM4-A1FI scenario in the maize zone with +4.9ºC temperature change. 

Table 5.8. Projected temperature change (in ºC) compared to the late-1900s by AOGCM in SSA 

GCM Scenario 

Cassava Maize Millet Sorghum 

24.8 in late-1900s 24.3 in late-1900s  24.9 in late-1900s 24.5 in late-1900)  

Mid-

2000s 

Late-

2000s 

Mid-

2000s 

Late-

2000s 

Mid-

2000s 

Late-

2000s 

Mid-

2000s 

Late-

2000s 

CGCM2 

A1FI +2.4 +4.3 +2.6 +4.5 +2.6 +4.6 +2.6 +4.6 

A2 +1.9 +3.4 +2.0 +3.6 +2.0 +3.7 +2.0 +3.6 

B1 +1.1 +1.5 +1.1 +1.6 +1.1 +1.6 +1.1 +1.6 

B2 +1.3 +1.9 +1.4 +2.0 +1.4 +2.1 +1.3 +2.1 

CSIRO2 

A1FI +1.5 +2.7 +1.5 +2.8 +1.5 +2.8 +1.5 +2.8 

A2 +1.6 +3.0 +1.6 +3.0 +1.6 +3.1 +1.6 +3.0 

B1 +1.5 +2.1 +1.5 +2.1 +1.5 +2.1 +1.5 +2.1 

B2 +1.6 +2.3 +1.6 +2.3 +1.6 +2.4 +1.5 +2.3 

ECHAM4 

A1FI +2.7 +4.7 +2.8 +4.9 +2.7 +4.9 +2.7 +4.9 

A2 +2.0 +3.7 +2.1 +3.9 +2.1 +3.9 +2.1 +3.9 

B1 +1.5 +2.1 +1.5 +2.2 +1.5 +2.2 +1.5 +2.2 

B2 +1.8 +2.6 +1.8 +2.7 +1.8 +2.7 +1.8 +2.7 

HadCM3 

A1FI +2.7 +4.7 +2.8 +4.8 +2.8 +4.9 +2.8 +4.9 

A2 +2.1 +3.8 +2.2 +3.9 +2.2 +4.0 +2.2 +4.0 

B1 +1.6 +2.2 +1.6 +2.2 +1.6 +2.3 +1.6 +2.3 

B2 +1.4 +2.2 +1.5 +2.3 +1.8 +2.7 +1.8 +2.7 

PCM 

A1FI +1.3 +2.3 +1.4 +2.4 +1.3 +2.4 +1.3 +2.5 

A2 +1.0 +1.9 +1.0 +1.9 +1.0 +1.9 +1.0 +1.9 

B1 +0.7 +1.0 +0.7 +1.0 +0.7 +1.0 +0.7 +1.0 

B2 +0.9 +1.3 +0.9 +1.3 +0.8 +1.3 +0.8 +1.3 
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5.2.3.4. ETo 

Evapotranspiration predictions for the 21
st
 century are similar to those for temperature 

and therefore are not presented in figures, but ETo rate changes are summarized in 

Table 5.9. As for temperature, predicted ETo rates are highest under the A1FI scenario. 

When averaged across models over the 20
th
 century, ETo rates are 11.37mm/day in the 

cassava zone, 11.51mm/day in the maize zone, 12.14mm/day in the millet zone and 

11.77mm/day in the sorghum zone. The lowest ETo rates are predicted under the B1 

scenario in millet and sorghum zones (11.95mm/day and 11.58mm/day respectively). 

In cassava and maize zones, the predicted ETo rates are the lowest under the B2 

scenario (11.20mm/day and 11.32mm/day respectively). The highest ETo rates are 

predicted by the HadCM3 model with an average of 11.38mm/day in the cassava zone, 

11.52mm/day in the maize zone, 12.18mm/day in the millet zone and 11.79mm/day in 

the sorghum zone. Alternatively, the PCM model predicts the lowest ETo rates, with an 

average of 11.11mm/day in the cassava zone, 11.22mm/day in the maize zone, 11.83 

mm/day in the millet zone and 11.47mm/day in the sorghum zone. 

Table 5.9. Projected ETo changes (in mm/day) by AOGCM in SSA 

GCM Scenario 

Cassava Maize Millet Sorghum 

11.1 in late-1900s 11.1 in late-1900s 11.8 in late-1900s 11.4 in late-1900s 

Mid-

2000s 

Late-

2000s 

Mid-

2000s 

Late-

2000s 

Mid-

2000s 

Late-

2000s 

Mid-

2000s 

Late-

2000s 

CGCM2 

A1FI +0.5 +0.9 +0.6 +1.0 +0.7 +1.1 +0.7 +1.1 

A2 +0.4 +0.7 +0.5 +0.8 +0.5 +0.9 +0.5 +0.9 

B1 +0.1 +0.1 +0.2 +0.2 +0.2 +0.2 +0.2 +0.2 

B2 +0.2 +0.2 +0.2 +0.3 +0.2 +0.3 +0.2 +0.3 

CSIRO2 

A1FI +0.4 +0.7 +0.4 +0.7 +0.4 +0.8 +0.4 +0.8 

A2 +0.5 +0.8 +0.5 +0.8 +0.5 +0.8 +0.5 +0.8 

B1 +0.4 +0.5 +0.4 +0.5 +0.4 +0.5 +0.4 +0.5 

B2 +0.5 +0.6 +0.5 +0.6 +0.5 +0.7 +0.5 +0.6 

ECHAM4 

A1FI +0.6 +1.1 +0.7 +1.2 +0.7 +1.2 +0.7 +1.2 

A2 +0.5 +0.8 +0.6 +1.0 +0.6 +1.0 +0.6 +1.0 

B1 +0.4 +0.5 +0.4 +0.5 +0.4 +0.5 +0.4 +0.5 

B2 +0.4 +0.6 +0.5 +0.7 +0.5 +0.7 +0.5 +0.7 

HadCM3 

A1FI +0.7 +1.2 +0.8 +1.4 +0.9 +1.4 +0.8 +1.4 

A2 +0.6 +0.9 +0.6 +1.1 +0.7 +1.1 +0.6 +1.1 

B1 +0.4 +0.5 +0.5 +0.6 +0.5 +0.6 +0.5 +0.6 

B2 +0.3 +0.5 +0.4 +0.6 +0.5 +0.7 +0.5 +0.7 

PCM 

A1FI +0.2 +0.3 +0.2 +0.3 +0.2 +0.3 +0.2 +0.4 

A2 +0.1 +0.2 +0.2 +0.3 +0.1 +0.3 +0.2 +0.3 

B1 +0.1 +0.1 +0.1 +0.1 +0.1 +0.1 +0.1 +0.1 

B2 +0.1 +0.1 +0.1 +0.1 +0.1 +0.1 +0.1 +0.1 
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Comparing ETo rates across models and scenario, the lowest increases predicted 

for the late-2000s (+0.1mm/day) are obtained under the CGCM2-B1, PCM-B1 and 

PCM-B2 scenarios in the cassava zone, PCM-B1 and PCM-B2 scenarios in all other 

crop zones. Alternatively, the largest increases in ETo rates are obtained under the 

HadCM3-A1FI with +1.2mm/day in the cassava zone and +1.4mm/day in all other crop 

zones. 

 

5.3. Methodology 

Yield and area predictions are based on the production and supply functions estimated 

in, respectively, Chapter 3 and Chapter 4. This section describes the methodology used 

to select the best model to represent production and supply, the prediction procedure 

used and constraints applied to predictions. 

 

5.3.1. Assessment of regression predictive performance  

For each area and yield function, two models were estimated in previous chapters. 

Models used to forecast climate change impacts on crop supply and productivity are 

selected by comparing predictive powers.  

One way to validate models is to examine predictions for a subset of data 

withheld from the regression sample, but this was not performed due to the limited 

time-span of the data. Instead, a leave-one-out cross-validation (LOOCV) is performed. 

This method, described by Michaelsen (1987), consists of estimating the regression 

model using all data from the panel except for observations from one year. The 

estimates are then used to obtain the predicted value of the dependent variable for the 

omitted year. The process is repeated for each year. Finally, the predictions obtained 

are compared with the actual values to obtain statistics of model accuracy. The most 

widely used statistics used to assess predictive performance is the root mean squared 

errors (RMSE) (Kennedy, 2003). The RMSE is calculated as: 

 

N

yy
tt

N

t

2

1

)ˆ(

RMSE








 
(5.1) 

where N is the number of observation and y and ŷ  are the actual and predicted value of 

y at time t. Lower RMSEs are associated with more accurate predictions.  
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Models are also assessed on the basis of the significance and implied effects of 

the independent variables. Specifications providing sensible estimates are preferred. 

  

5.3.2. Prediction procedure 

To obtain crop area and yield predictions under future climate conditions, future 

weather data are used as inputs into the models selected. Specifically, crop areas are 

obtained by estimating area changes using future values of weather as inputs into the 

yield function. Crop yields are obtained by estimating yield changes using future values 

of weather as inputs into the supply function, as well as the predicted changes in area 

calculated using the yield function (when the area coefficient is significant in the crop 

yield function).
40

 In the most general case, the dependent variable Ŷln  for region r in 

country i of year t, is estimated as: 

 rtritritrrit
v̂ˆCÊXˆˆŶln

1



  (5.2) 

where ̂  is the intercept, ̂  is the estimated coefficient for the variable Xrit, 1
CÊ

t
 is 

the estimated error correction term, 
ri

̂  is the estimated individual fixed effect and 
rt

v̂  

is the estimated time effect. For each country in region r, the actual value of 1
lnY

ri  is 

taken as the starting point estimate for the first period, t=1. For out-of-sample 

predictions (i.e. after 2002), the starting point estimate is 2002, which is the last known 

value of ri
lnY . To obtain the estimated 

rit
Ŷln  over the following periods, the estimated 

value of rit
Ŷln  is added to the previous estimate of 

rit
Ŷln . Estimated 

rit
Ŷln  values are 

then averaged over the region and back-transformed using the antilog of 
rt

Ŷln  to obtain

rit
Ŷ .

41
 The predicted values of area cultivated are then multiplied by the predicted 

values of yield to obtain the predicted value of production. 

In-sample predictions are calculated using all variables entering the model (to 

present the predictive power of each model). For out-of-sample predictions, only 

                                                
40 See Footnote 37 for further details concerning the exclusion of insignificant variables from 

predictions. 
41 As the dependent variable is in log form, the averaging procedure produces a geometric mean 

which is smaller than the arithmetic mean (Spizman and Weinstein, 2008). To convert estimated 

geometric means to arithmetic means, the geometric mean of the estimated dependent variable is 

multiplied by the in-sample geometric mean-arithmetic mean ratio of the observed dependent variable. 
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significant variables are used.
42

 The EC term is ignored for out-of-sample estimations 

as it is not possible to estimate it without actual data for the dependent variable.  

Out-of-sample, variables for which there are no future values (e.g. XPI) are 

fixed at their 2002 values. The square term and interaction terms are first calculated 

using the future values of the variables in level and then differenced to follow the same 

methodology employed in Chapters 3 and 4. 

Prediction intervals are computed to represent uncertainty in predictions. As 

predictions of the dependent variable are point estimates based on given future weather 

values, the confidence interval is constructed using standard errors of the prediction 

(and not of standard errors of the forecast, which are only used with purely 

extrapolative models). Stata10 produces standard errors of the prediction for each 

observation t, sej, calculated as:  

 ttt
se xVx   (5.3) 

where xt is the observed value of explanatory variable X at time t, and V is the 

estimated variance matrix of the estimated coefficient of X. With a 90% level of 

confidence, the upper and lower bounds (ubt and lbt, respectively) of the confidence 

interval are given by: 

 ttt
seylb *645.1ˆ   (5.4) 

 ttt
seyub *645.1ˆ   (5.5) 

Uncertainty of climate forecasts cannot be accounted for in the calculation of 

prediction intervals as standard errors of climate predictions are not available. 

 

5.3.3. Maximum attainable values 

To limit future area and yields predictions to plausible values, area cultivated is limited 

to the amount of arable land in each country and yields are limited to maximum 

attainable yields (yields attainable under the most favourable conditions).  

 

                                                
42 Crop yield and area regressions are specified with all the determinants deemed important for 

which data was available. Quadratic and interaction terms were included in order to capture non-linear 
effect and covariations. These terms were excluded from the specifications when insignificant in order to 

reduce multicollinearity. However, the main variables were kept in the specification even when 

insignificant, as the non-significance of coefficients does not mean that the variables have a null effect, 

and their exclusion would result in an omitted variable bias (Wooldridge, 2009). However, for prediction 

purposes, the variables having non-significant coefficients were set to zero as using insignificant 

variables may decrease prediction accuracy. 
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5.3.3.1. Arable land availability 

Cultivation is normally constrained to arable land. Ramankutty et al. (2002) find that 

climate change will entail a small decrease in land suitable for cultivation by 2070-

2099 in Africa. However, data on suitable land in the 21
st
 century are not provided by 

the authors. FAO Terrastat (2007) provides estimates of potentially arable land at the 

country level in SSA.  

As reported in Table 5.10, the proportion of arable land cultivated in 1994 

differs across countries. In some countries, such as Congo DR, cultivated land occupies 

a very small share of arable land, while in other countries, such as Burundi and 

Lesotho, almost all potential arable land is cultivated. In Rwanda, cultivated land was 

greater than potential arable land in 1994, as a land shortage has forced cultivation on 

non-conventional land (e.g. urban plots and ditches). To account for expansion 

possibilities limits in these countries, area predictions should not exceed the levels of 

arable land reported in Table 5.10. In theory, this limit should seldom be reached as it is 

very unlikely that only one crop occupies all available arable land. However, as data on 

crop area used in this study account harvested land for each crop inter-cropped and for 

each harvesting season, it is possible to obtain area predictions greater than the level of 

potential arable land. Therefore, area predictions are only limited to potential arable 

land levels in Rwanda, where all arable land is already in use. 
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Table 5.10. Potential and actual arable land in SSA in 1994 (in thousand Ha) 

 Country Total area 
Potential arable 

land 
Actual arable 

land 
Potential arable land 

actually in use 
S

u
d

a
n

o
-S

a
h

e
l 

Burkina Faso 276,000 20,341 3,565 17.5% 

Chad 1,284,000 33,051 3,256 9.9% 

Gambia 12,000 785 172 21.9% 

Mali 1,250,000 26,513 2,503 9.4% 

Mauritania 1,054,000 1,381 208 15.1% 

Niger 1,189,000 10,278 3,605 35.1% 

Senegal 197,000 13,270 2,350 17.7% 

Somalia 642,000 2,381 1,020 42.8% 

Sudan 2,498,000 86,728 12,975 15% 

W
e
st

 

Benin 118,000 9,753 1,880 19.3% 

Cote d'Ivoire 324,000 26,226 3,710 14.1% 

Ghana 240,000 18,321 4,320 23.6% 

Guinea 246,000 13,217 730 5.5% 

Guinea-Bissau 34,000 2,306 340 14.7% 

Liberia 98,000 6,294 375 6% 

Nigeria 914,000 66,230 32,700 49.4% 

Sierra Leone 72,000 3,955 540 13.7% 

Togo 57,000 4,291 2,430 56.6% 

C
e
n

tr
a

l 

Cameroon 465,000 35,910 7,040 19.6% 

CAR 622,000 47,887 2,020 4.2% 

Congo 344,000 167,831 7,900 4.7% 

Congo DR 2,343,000 22,995 170 0.7% 

Equatorial Guinea 27,000 1,646 230 14% 

Gabon 268,000 17,873 460 2.6% 

E
a

st
 

Burundi 28,000 1,414 1,180 83.5% 

Kenya 591,000 15,845 4,520 28.5% 

Madagascar 594,000 35,602 3,105 8.7% 

Rwanda 25,000 746 1,170 156.8% 

Uganda 242,000 14,169 6,800 48% 

S
o

u
th

 

Angola 1,248,000 88,105 3,500 4% 

Botswana 579,000 9,173 420 4.6% 

Lesotho 31,000 362 320 88.4% 

Malawi 120,000 6,771 1,700 25.1% 

Mozambique 791,000 63,544 3,180 5% 

Namibia 819,000 11,889 662 5.6% 

Swaziland 18,000 805 191 23.7% 

Tanzania 940,000 67,285 3,500 5.2% 

Zambia 752,000 58,471 5,273 9% 

Zimbabwe 390,000 24,575 2,878 11.7% 

Source: FAO Terrastat (2007). 

 

5.3.3.2. Attainable yields 

Under current technology, crop yields are limited to maximum attainable yields. As 

described in Table 5.11, under most favourable conditions (optimal use of inputs such 

as fertilizers, irrigation and optimal climate), cassava yield can be 16.6 tonnes/Ha, 

maize yield 17.1 tonnes/Ha, millet yield 10 tonnes/Ha and sorghum yield 13 tonnes/Ha 
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(Fischer et al., 2002; FAO, 2008). Higher yields might be achieved with future 

development of biotechnology and improvements in agricultural practices. However, as 

future data on maximum attainable yields are not available, the current maximum 

attainable yields under best conditions are considered as limits for crop yields in SSA.  

Table 5.11. Maximum attainable crop yield (tonnes/Ha) 

   Cassava Maize Millet Sorghum 

Input level Region Irrigated  Rainfed Irrigated  Rainfed Irrigated  Rainfed Irrigated  Rainfed 

High 
Tropics 16.6 15.5 15.6 12.5 5.8 4.7 12.1 9.7 

Subtropics   17.1 12.3 10.0  13.0 8.7 

Intermediate 
Tropics 11.0 10.2 10.5 8.5 3.7 3.0 7.5 6.1 

Subtropics   12.2 8.9 7.2  8.1 5.5 

Low 
Tropics  4.1  5.1  1.6  2.6 

Subtropics    5.8    2.4 

Source: Adapted from FAO (2008) and Fisher et al. (2002). 

 

5.4. Predictions of climate change impacts 

This section presents predictions of the impacts of climate change on area cultivated, 

yield and production of each crop for the SSA region in aggregate. Additionally, 

climate change impacts are detailed at the regional level for the preferred crop of each 

region.  

 

5.4.1. Aggregate SSA predictions 

Predictions of climate change impacts on area cultivated and yield the four main crops 

in SSA are obtained using the best area and yield model estimated in previous chapter.  

Area, yield and production (area × yield) predictions under all AOGCM-scenario 

permutations are presented for each crop and the range of climate predictions is 

summarized in a box plot. 

 

5.4.1.1. Cassava 

Area and yields predictions are performed using one supply specification and one yield 

specification. A review of the supply specifications does not provide a clear indication 

about which supply function model to use, as both models have similar specifications 

and significant and sensible weather effects. However, the RMSE statistics calculated 

for each supply function model indicates that the LAG model has the best predictive 
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performance (0.19 compared to 0.22 for the MAVG model). Detailed RMSE statistics 

are provided in Appendix J. Regarding cassava yields, the ET-SPI model is preferred as 

all weather variables are insignificant in the T-P specification, while floods have a 

significant effect in the ET-SPI regression. 

For ease of exposition, cultivated area predictions based on the LAG model and 

yield estimated using the ET-SPI model are presented in Figure 5.3 for climate 

predictions obtained with the CGCM2 model only. The figure is representative of 

predictions performed using the full suite of models (predictions based on other models 

are discussed later). The yield predictions presented in Figure 5.3 assume no change in 

area, to focus on the impact of climate on yield. Key parameters driving area and yield 

increases in this figure include positive and significant constants in both the area and 

yield models. The same presentation is observed for other crops. In-sample area and 

yield predictions only roughly fit the data, with a significant deviation from the 

observation over the second half of the sample. However, the predictions capture the 

general upward trend in the data, and assuming this trend will continue in the future, 

area and yields are expected to increase over the 21
st
 century. As illustrated in Figure 

5.3, under the CGCM2 model, total cassava area and yield are expected to increase in 

the 30 SSA countries analysed in supply functions regressions, and in the 34 SSA 

countries analysed in the yield function regressions. For area, some prediction 

differences are observed across climate scenarios toward the end of the period. The 

bottom graph of Figure 5.3 shows that yield increases become slightly smaller over 

time. 
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Figure 5.3. Predicted total area (in thousand Ha) using the LAG model and mean yields (in 

tonnes/Ha) using the ET-SPI model of cassava in SSA under the CGCM2 climate predictions 

 

 

Predictions obtained using all AOGCMs are summarized in Figure 5.4. To 

simplify prediction analysis, average area, yields and production values are calculated 

over the three 30-year periods (late-1900s, mid-2000s and late-2000s) identified in 

Section 5.2.3. In this figure, yield estimates take into account predicted changes in area 

from the supply function predictions. Therefore, yield predictions are limited to the 30 

countries for which supply functions were estimated. The bar graph also indicates 90% 

confidence intervals (CIs). The same methodology is followed to construct the bar 

graphs for other crops.  Figure 5.4 shows that predicted cassava area does not differ 
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greatly across AOGCMs and scenarios. Cassava area is expected to increase from 

8,070 thousand Ha in the late-1900s to 29,051 thousand Ha in the late-2000s (a 260% 

increase) under the warmest and drier scenario (HadCM3-A1FI). The biggest area 

increase, 278%, representing 30,504 thousand Ha, is predicted under the mildly warmer 

and drier HadCM3-B2 scenario. Under the reference scenario, cassava area is predicted 

to reach 30,530 thousand Ha by the late-2000s, which represents a 278% increase.  

Predicted yields reported in Figure 5.4 are similar under all AOGCMs and 

scenarios. On average, cassava yields are expected to increase from 6.6 tonnes/Ha in 

the late-1900s to 14.1 tonnes/Ha in the late-2000s, under all scenarios of climate 

change as well as under the reference scenario. Based on predicted area and yield 

changes, total production for the late-2000s is expected to be 409,017 thousand tonnes 

under the ECHAM4-A1FI scenario and 430,369 thousand tonnes under the HadCM3-

B2 scenario. Compared to 52,927 thousand tonnes produced in the late-1900s, these 

changes represent increases of 673% and 711% by the late-2000s. Under the reference 

scenario, production is expected to reach 431,808 thousand tonnes, a 716% increase 

compared to late-1900s.
43

 These increases may appear very large, but predicted cassava 

area and yield remain below the maximum attainable values presented in section 5.3.3. 

Also, standard errors for the predictions are relatively small, as they do not account for 

climate change prediction errors (as mentioned in Section 5.3.2).  

Compared to the reference predictions (which assume no change in weather 

variables), a 2.2% decrease in cassava area is predicted by mid-2000s under the 

HadCM3-A1FI scenario and a 1.1% increase under the HadCM3-B2. By late-2000s, 

area decreases are predicted under all scenarios, and range from -4.8% under the 

HadCM3-A1FI to -0.1% under the HadCM3-B2. Predicted yields are also predicted to 

be lower than under the reference scenario under all climate change scenarios. By the 

late-2000s, predicted yield losses range from -0.6% under the ECHAM4-A1FI and 

ECHAM4-A2 scenarios, to -0.1% under the CGCM2-A1FI, CGCM2-A2 and CSIRO-

B2 scenarios. Production losses are predicted under all scenarios by the mid-2000s, 

except under the HadCM3-B2 scenario where production is expected to be 0.7% higher 

than in the reference scenario. By late-2000s, however, production decreases 

(compared to the reference scenario) are predicted under all scenario and range from 

5.3% under the ECHAM4-A1FI scenario to 0.3% under the HadCM3-B2 scenario. 

                                                
43 More detailed area, yield and production predictions available in Appendix K. 
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Figure 5.4. Predicted total area (in thousand Ha), mean yields (in tonnes/Ha) and total production 

(in thousand tonnes) of cassava in SSA 

 

 

5.4.1.2. Maize 

For maize, area estimates obtained with the LAG model are preferred to those obtained 

with the MAVG model, as the LAG model produces more sensible weather effects than 

the LAG model. Regarding yield, the ET-SPI model is preferred to the T-P model as all 

weather variables in the ET-SPI are significant and the specification is simpler than the 

T-P.  

Predicted total area and average yields are presented in Figure 5.5 under 

CGCM2 climate predictions. As for cassava, predicted area and yield are calculated 

over the samples used to estimate the supply and production function (over 35 and 37 

countries respectively). Yield predictions in this graph assume no change in area 

cultivated to represent the effect of weather on yields. The graphs indicate that in-

sample maize area and yield predictions closely fit the data and out-of-sample maize 

area and yield predictions follow a general upward trend. 
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Figure 5.5. Predicted total area (in thousand Ha) using the MAVG model and mean yields (in 

tonnes/Ha) using the ET-SPI model of maize in SSA under the CGCM2 climate predictions 

 

 

Area predictions under all AOGCMs are displayed in Figure 5.6. In this figure, 

as for cassava, yield function estimates take into account predicted changes in area 

from the supply function predictions. Therefore, yield predictions are limited to the 35 

countries for which supply functions were estimated. Maize area predictions are 

generally the highest under the A1FI scenario and the lowest under the B2 scenario. As 

indicated in Figure 5.6, the maize area predictions are lowest when using the ECHAM4 

model, and highest under the CGCM2 model. Overall, from 14,097 thousand Ha in the 

mid-1900s, the lowest increase in maize area is predicted under the wettest and hottest 
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scenario, ECHAM4-A1FI, with +485% (82,418 Ha), and the highest increase is 

predicted under the driest scenario, CGCM2-A1FI, with +541% (90,466 Ha) by the 

late-2000s.  

Maize yield predictions are generally the highest under the B2 scenario, and 

lowest under the A1FI scenario. By the late-2000s, maize yields are predicted to range 

from 2.2 tonnes/Ha under the scenario predicting the highest rate of evapotranspiration 

(HadCM3-A1FI), to 2.8 tonnes/Ha under the scenario predicting the lowest rate of 

evapotranspiration (PCM-B2). Compared to 1 tonne/Ha in late-1980s, this represents 

increases from 109% to 172%. In terms of production, climate change impacts by late-

2000s, range from 194,737 thousand tonnes under the HadCM3-A1FI scenario to 

240,555 thousand tonnes under the PCM-B2, representing an increase of 1,235% and 

+1,549% respectively. These predicted yield increases appear important, but are 

nevertheless below the maximum attainable yield limit. 

Figure 5.6. Predicted total area (in thousand Ha), mean yields (in tonnes/Ha) and total production 

(in thousand tonnes) of maize in SSA 

 

 

Compared to the reference scenario of no climate change, maize area decreases 

range from 0.8% under the CGCM2-A1FI scenario, to 6.5% under the ECHAM4-A1FI 

scenario by the mid-2000s. By the late-2000s, however, maize area is predicted to be 

3.4% higher than under the reference scenario under the CGCM2-A1FI, and 5.8% 

lower under the ECHAM4-A1FI scenario. Regarding maize yields, decreases relative 
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to the reference scenario are predicted under most scenarios by the late-2000s, and 

reach 18% under the HadCM3-A1FI scenario. However, gains of 1.6% and 6.5% are 

predicted under the PCM-B1 and B2 scenarios respectively. As a result, maize 

production is predicted to decrease by up to 15.7% under the HadCM3-A1FI scenario 

and increase by up to 4.1% under the PCM-B2 scenario. 

 

5.4.1.3. Millet 

The LAG model is used to predict millet area changes as the MAVG model does not 

identify any significant effect of climate on millet area. To predict yields, both the T-P 

and ET-SPI models produce similar estimates. The choice is therefore based on the 

RMSE, which indicates that the T-P model produces the best predictions (the RMSE 

for the T-P model is 0.25, compared to 0.28 for the ET-SPI model). 
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Figure 5.7. Predicted total area (in thousand Ha) using the LAG model and mean yields (in 

tonnes/Ha) using the T-P model of millet in SSA under the CGCM2 climate predictions 

 

Predicted millet cultivated area and average yield are presented in Figure 5.7, 

under the CGCM2 climate predictions. The graphs indicate that the LAG and T-P 

models produce in-sample predictions very close to observed values for the dependent 

variable. Out-of-sample millet area predictions under the CGCM2 climate change 

predictions follow an upward trend, while yield predictions vary greatly across 

scenarios. 

Predicted millet cultivated area under all AOGCMs climate predictions are 

presented in Figure 5.8. The bar graph indicates that millet area predictions are similar 

across climate scenarios in the mid-2000s but vary somewhat by the late-2000s. In 
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general, the smallest area increases are predicted under the B1 scenario, and the highest 

increases are predicted under the A1FI scenario. From 14,328 thousand Ha in the late-

1900s, millet area is expect to range between 39,865 thousand Ha under the coolest 

scenario (PCM-B1), to 52,875 thousand Ha under the warmest scenario (HadCM3-

A1FI) by the late-2000s, which represent increases of 178% and 269% respectively. 

Alternatively, compared to an average of 0.7 tonnes/Ha in the late-1900s, maize yield 

changes are predicted to range from -27% under the HadCM3-A1FI scenario (0.6 

tonnes/Ha), to +11% under the PCM-B1 (0.8 tonnes/Ha) by the late-2000s. These area 

and yield changes results in production increases ranging from 178% under the 

ECHAM4-A2 scenario (26,684 thousand tonnes) to 208% under the PCM-B1 scenario 

(30,509 thousand tonnes) compared to the late-1900s (9,919 thousand tonnes). 

Compared to the reference scenario of no climate change, area allocated to 

millet increases in all climate scenarios. Area increases by the late-2000s range from 

4.6% under the PCM-B1 scenario to 39% under the HadCM3-A1FI scenario. 

Conversely, millet yields decrease in all climate scenarios compared to the reference 

scenario. Yield decreases range from 35% under the HadCM3-A1FI scenario to 2% 

under the PCM-B1 scenario. In terms of production, the impact of climate change is 

generally positive by the mid-2000s but mostly negative by the late-2000s. Production 

decreases of up to 11% are predicted under the CGCM2-A1FI scenario, and increases 

of up to 2% are predicted under the PCM-B1 scenario by the late-2000s. 
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Figure 5.8. Predicted total area (in thousand Ha), mean yields (in tonnes/Ha) and total production 

(in thousand tonnes) of millet in SSA 

 

 

5.4.1.4. Sorghum 

The LAG model is used to produce area cultivated predictions for sorghum, as more 

variables are significant in the LAG than in the MAVG model. Additionally, the RMSE 

is lower for the LAG model (0.35) than for the MAVG model (0.40). Regarding the 

production function, the T-P model is preferred as it has a lower RMSE than the ET-PI 

model (0.27 compared to 0.30 with the ET-SPI model).  

As illustrated in Figure 5.9, in-sample sorghum area and yield predictions 

closely match observed values. The top graph indicates a general upward trend in of 

sorghum cultivated area. In the bottom graph, there are large differences in predicted 

yields across scenarios in the late-2000s. 
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Figure 5.9. Predicted total area (in thousand Ha) using the LAG model and mean yields (in 

tonnes/Ha) using the T-P model of sorghum in SSA under the CGCM2 climate predictions 

 

 

Sorghum area predictions using all AOGCMs are summarized in Figure 5.10. 

The bar graph indicates that sorghum area is predicted to increase under all scenarios 

and AOGCMs. However, in general, higher increases are predicted under the A1FI 

scenario and ECHAM4 model, and lower increases are predicted under the B1 scenario 

and PCM model. Overall, sorghum area predictions range from 42,131 thousand Ha 

under the coolest scenario (PCM-B1) and 49,651 under the warmest scenario 

(ECHAM4-A1FI) by the late-2000s. Compared to an average of 15,452 in the late-

1900s, these predictions represent increases of 173% and 221% respectively. Sorghum 
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yields are predicted to increase under all scenarios and AOGCMs by the mid-2000s but 

some decreases are predicted by the late-2000s under the A1FI scenario. Specifically, 

predicted sorghum yields range from 0.7 tonnes/Ha under the HadCM3-A1FI scenario 

to 1.3 tonnes/Ha under the PCM-B1 scenario (i.e. changes from -4% to +75% 

compared to the late-1900s). The combined impact of area and yield change on 

production is positive and range +207% (36,185 Ha) under the HadCM3-A1FI 

scenario, to +378% (56,332 Ha) under the PCM-B1 scenario, compared to 11,777 

thousand Ha in the late-1900s. 

 

Figure 5.10. Predicted total area (in thousand Ha), mean yields (in tonnes/Ha) and total production 

(in thousand tonnes) of sorghum in SSA 

 

 

Compared to the reference scenario, climate change causes sorghum area gains 

from 4% under the PCM-B1 scenario to 22% under the ECHAM4-A1FI scenario in the 

late-2000s. Yields are, however, expected to be significantly reduced by climate 

change. Predicted yield decreases range from 5% under the PCM-B1 scenario, to 48% 

under the HadCM3-A1FI scenario by the late-2000s. The impact of climate change on 

production in the late-2000s is negative, with decreases ranging from 1.3% under the 

PCM-B1 scenario, to 37% under the HadCM3-A1FI scenario. 
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5.4.1.5. Summary of SSA predictions 

The four previous sections reported changes in area, yield and production compared to 

the late-1900s and to the reference scenario. The predicted changes compared to the 

late-1900s (represented in bar graphs) show large increases in area and production in 

the 21
st
 century. However, the predicted changes in area and production under climate 

change are quite similar to those predicted under no climate change. These changes are, 

therefore, mainly driven by unobserved non-weather factors embodied in the constant. 

It is questionable that this trend observed in the late-1900s, and represented by the 

constant, will continue unabated during the 21
st
 century. However, area and yield 

predictions are plausible as they are well below, respectively, the arable land area 

available and maximum attainable yields presented in Section 5.3.3.  

The most relevant results for determining the impact of climate change are 

given by comparing predictions with climate change to reference predictions. The 

range of predicted climate change impacts in the late-2000s on total area, mean yield 

and total production compared to the reference scenario are presented in Figure 5.11. In 

this box plot, the boxes represent, for each crop and each scenario, the range of 

predictions across all AOGCMs between the 25
th

 and 75
th
 percentile. The lines inside 

the boxes represent the median predictions. The whiskers represent upper and lower 

adjacent values, unless a prediction is classified as an outsider. The hollow circles 

represent outside predictions.  

As can be seen in Figure 5.11, predictions for all crops are most widely spread 

under the A1FI scenario. The A1FI scenario predicts the largest temperature increases, 

the largest precipitation changes which increase or decrease depending on the 

AOGCMs, and the largest changes in extreme events (droughts and floods). 

Alternatively, the smallest variations in climate change impacts are predicted under the 

B1 scenario, which predict the smallest increase in temperature and smallest changes in 

precipitation, droughts and floods. The box plot also shows that predicted impacts on 

crop areas are generally positive, except for cassava. Predicted yield impacts are 

negative for all crops. Predicted climate change impacts on total production are 

negative for all crops, but are significantly larger for sorghum than for cassava, maize 

and millet. Overall, cassava is the least affected crop by climate change and sorghum 

the most affected crop. However, as in-sample predictions of cassava supply and yield 

did not fit the data as well as predictions for other crops, predicted changes in cassava 

production should be interpreted with caution.  
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5.4.2. Aggregate regional predictions 

Climate change prediction impacts are preformed at the regional level. However, in 

order to focus on climate changes that are likely to have the greatest impact on food 

supply, predictions are only presented for the most widely grown crop in each region: 

millet in Sudano-Sahel; sorghum in the West; cassava in the Central region; and maize 

in the East and South regions. 

 

5.4.2.1. Sudano-Sahel 

For Sudano-Sahel, the MAVG supply model is preferred as weather effects are 

insignificant in the LAG model, but precipitation is significant in the MAVG model. 

The model used to predict yield changes is chosen based on a RMSE comparison. 

According to this criterion, the ET-SPI model is the best model (RMSE of 0.28 

compared to 0.34 for the T-P model).  

Predicted total area and average millet yields under the CGCM2 climate 

predictions are presented in Figure 5.12. The top graph indicates that in-sample maize 

area predictions are generally above observed values and out-of-sample millet area 

predictions vary greatly across scenarios. Alternatively, in-sample millet yields 

predictions closely fit the data, and out-of-sample yield predictions follow a slight 

upward trend and are tightly bunched across scenarios. 
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Figure 5.12. Predicted total area (in thousand Ha) using the MAVG model and mean yields (in 

tonnes/Ha) using the ET-SPI model of millet in Sudano-Sahel under the CGCM2 climate 

predictions 

 

 

Millet area predictions under all AOGCMs are presented in Figure 5.13. The 

graph shows that the lowest area predictions are produced using the ECHAM4 model 

and most of the highest area increases are predicted by the CSIRO2 model. By the late-

2000s, millet area is expected to range from 11,066 thousand Ha under the wettest 

scenario (ECHAM4-B2), to 14,403 thousand Ha under the driest scenario (CSIRO-A2). 

Compared to 8,285 thousand Ha in the late-2000s, these predictions represent millet 

area increases of 34% to 74%. Figure 5.13 also shows great divergences across yield 

predictions when considering all AOGCMs. Overall, from 0.5 tonnes/Ha in the late-
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1900s, millet yield, by the late-2000s, are predicted to increase from 3% (0.6 

tonnes/Ha) under the CSIRO-A2 scenario predicting the greatest occurrence of 

droughts, to 69% (0.9 tonnes/Ha) under the PCM-B2 scenario predicting climate 

conditions similar to the 20
th

 century. As a result, production is expected to range from 

7,511 thousand tonnes under the HadCM3-B2 scenario, to 12,790 thousand tonnes 

under the HadCM3-A1FI by the late-2000s, which represent increases of, respectively, 

67% and 184% compared to the 4,507 thousand tonnes produced in the late-1900s. 

Figure 5.13. Predicted total area (in thousand Ha), mean yields (in tonnes/Ha) and total production 

(in thousand tonnes) of millet in Sudano-Sahel 

 

 

Compared to the reference scenario, millet area decreases range from 7% under 

the CSIRO2-B2 scenario, to 21% under the ECHAM4-B2 scenario by the mid-2000s. 

By the late-2000s, climate change impacts are expected to range from -12% under the 

ECHAM4-B2 scenario to +14% under the CSIRO2-A2 scenario. Climate change is 

beneficial to millet yield under all AOGCMs and scenario predictions: yield gains 

compared to the reference scenario are expected to range from 12% under the CGCM2-

A1FI scenario, to 70% under the ECHAM4-B2 scenario by the mid-2000s, and from 

1% under the CSIRO2-A2 scenario, to 65% under the PCM-B2 scenario by the late-

2000s. In terms of millet production, climate change impacts are predicted to range 

from -1% under the CGCM2-B2 scenario to 39% under the ECHAM4-A2 scenario by 
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the mid-2000s, and from 8% under the HadCM3-B2 scenario to 83% under the 

HadCM3-A1FI scenario by mid-2000s. 

 

5.4.2.2. West 

To predict climate change impacts on sorghum supply in the West, the LAG model is 

preferred. The LAG and MAVG models have similar specifications but indicate 

different responses to temperature changes. Therefore, model choice is based on the 

RMSE, which indicates that the LAG model produces the best predictions (the LAG 

model has a RMSE of 0.26 compared to 0.40 for MAVG).  The choice of yield model 

is also based on RMSE comparisons as both T-P and ET-SPI produce similar estimates. 

The RMSE is slightly lower for the T-P model (0.27) than for the ET-SPI model (0.29). 

In-sample sorghum area and yields predictions are illustrated in Figure 5.14. 

The graphs show that both area and yield predictions are close to actual data. The 

graphs indicate a general upward trend in sorghum cultivated area and yields, with 

variations across scenarios for area predictions than for yield predictions. 
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Figure 5.14. Predicted total area (in thousand Ha) using the LAG model and mean yields (in 

tonnes/Ha) using the T-P model of sorghum in the West under the CGCM2 climate predictions 

 

 

Area predictions considering the full range of climate change predictions are 

summarized in Figure 5.15. The bar graph shows that predicted sorghum area is 

expected to range from 47,095 thousand Ha (representing a 799% increase) under the 

cool PCM-B1 scenario to 57,782 thousand Ha under the warmest scenario, ECHAM4-

A1FI (representing a 1,002% increase) in the late-2000s, compared to from 5,242 

thousand Ha in the late-1900s. Predicted yields are expected to range from 1.2 

tonnes/Ha under the wet CGCM2-A1FI scenario, to 1.3 tonnes/Ha under the mildly 
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wetter PCM-B1 scenario by the late-2000s.
44

 Compared to an average of 0.9 tonnes/Ha 

in the late-1900s, these yields represent increases from 39% to 50%. Based on these 

area and yield predictions, total production predictions for the late-2000s are expected 

to increase by between 1,242% (62,586 thousand tonnes) under the PCM-B1 scenario 

and 1,436% (71,644 thousand tonnes) under the ECHAM4-A1FI scenario.  

Figure 5.15. Predicted total area (in thousand Ha), mean yields (in tonnes/Ha) and total production 

(in thousand tonnes) of sorghum in the West 

 

 

Predicted area and yield changes, compared to the reference scenario of no 

climate change, indicate millet area increases from 5% under the PCM-B1 scenario to 

29% under the ECHAM4-A1FI scenario by late 2000s. Alternatively, yields decrease 

by between 1% under PCM-B1 to 8% under HadCM3-A1FI and CGCM2-A1FI by the 

late-2000s. Production gains are predicted under all climate change scenarios, and 

range from 4% under the PCM-B1 scenario to 19% under the ECHAM4-A1FI scenario 

by the late 2000s. 

 

5.4.2.3. Central 

For the Central region, the MAVG model is preferred as this model produces sensible 

and significant weather effects on cassava yields and the LAG model does not. 

                                                
44 The largest impacts on yields are not necessarily obtained under the harshest or softest climate 

scenario, as yield predictions takes into account area predictions, and the marginal productivity of land 

varies with the amount of land cultivated. 



250 

 

 

 

Selecting the appropriate production function is less straightforward. Both the T-P and 

ET-SPI models have similar specifications and predict similar weather effects. The 

RMSE for each model are also similar (0.149). Therefore, as both models have equal 

predictive performances, and the ET-SPI model is used for the SSA predictions, the 

ET-SPI model is chosen for the Central region.  

Figure 5.16. Predicted total area (in thousand Ha) using the MAVG model and mean yields (in 

tonnes/Ha) using the ET-SPI model of cassava in SSA under the CGCM2 climate predictions 

 
 

Total area and average yields predictions under CGCM2 climate predictions are 

presented in Figure 5.16. The top graph indicates that in-sample cassava area 
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predictions closely fit the data. The bottom graph reveals that yield predictions only 

approximately follow actual observations. 

In the Central region, predicted cassava areas vary considerably across 

AOGCMs and scenarios. As summarized in Figure 5.17, predicted cassava area in the 

late-2000s ranges from 333 thousand Ha (-87%) under the warmest scenario 

(ECHAM4-A1FI) to 3,948 thousand Ha (+60%) under the coolest scenario (PCM-B1). 

Figure 5.17 also presents cassava yield predictions taking into account area changes 

predicted by the MAVG model. Cassava yields (over the five countries for which area 

predictions are available) are predicted to increase under all scenarios. Specifically, 

from 5.8 tonnes/Ha in the late-1900s, predicted cassava yield increases range from 9.8 

tonnes/Ha (+68%) under the PCM-B1 scenario to 17.9 tonnes/Ha (+206%) under the 

CGCM2-A1FI scenario in the late-2000s. Under the reference scenario, however, 

predicted yields are only 6.7 tonnes/Ha in the late-2000s (+15%). By late-2000s, 

production prediction differences across AOGCMs and scenario widen. Total 

production is expected to range from 5,952 thousand tonnes under ECHAM4-A1FI to 

38,781 thousand tonnes under the PCM-B1 scenario, which represent respectively a 

59% decrease and a 169% increase respectively, compared to the late-1900s. Under the 

reference scenario, production is predicted to reach 6,821 tonnes, a 218% increase 

compared to the late 1900s. 

Figure 5.17. Predicted total area (in thousand Ha), mean yields (in tonnes/Ha) and total production 

(in thousand tonnes) of cassava in the Central region 
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Compared to predictions obtained under the reference scenario, predicted 

cassava cultivated area are 95% lower under the HadCM2-A1FI and ECHAM4-A1FI 

scenarios and 42% lower under the PCM-B1 scenario, by late-2000s. Alternatively, 

predicted yield under climate change are between 46% (PCM-B1) to 165% (HadCM3-

A1FI, ECHAM4-A1FI and CGCM2-A1FI) higher than under the reference scenario by 

late-2000s. As a result, predicted production under all climate change scenarios is 

predicted to be smaller than under the reference scenario. Specifically, production 

losses due to climate change range from 87% under the HadCm3-A1FI and ECHAM4-

A1FI scenarios to 15% under the PCM-B1. 

 

5.4.2.4. East 

Supply predictions for the main crop in the East region, maize, are obtained using the 

MAVG model. This model is preferred as all variables are insignificant in the LAG 

model and the RMSE for the MAVG is lower than that for the LAG model. Maize 

yields predictions are derived from the T-P model, as weather variables are 

insignificant in the ET-SPI model.  

As presented in Figure 5.18, predicted maize area and yields in the East region 

do not fit the data closely. In-sample standard errors predictions for area are large, and 

out-of-sample predictions vary greatly across climate change scenarios. Conversely, 

predicted yields are very close under all scenarios when assuming no change in area. 
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Figure 5.18. Predicted total area (in thousand Ha) using the MAVG model and mean yields (in 

tonnes/Ha) using the T-P model of maize in the East under the CGCM2 climate predictions 

 

 

Predicted area under all permutations of AOGCMs and scenarios are presented 

in Figure 5.19. The bar graph shows a large range of maize area predictions: from 609 

thousand Ha under the coolest scenario (HadCM3-B2), to 14,849 thousand Ha under 

the warmest scenario (ECHAM4-A1FI) in the late-2000s
45

. Compared to an average of 

2,121 thousand Ha in the late-1900s, these predictions represent changes of -71% and 

                                                
45 HadCM3-B2 is the coolest scenario in LFAC countries (predicting a 1.1ºC decrease in 

temperature) and HadCM3-A1FI is the warmest scenario (predicting a 2.81ºC increase in temperature). 

Only climate change in LFAC matters in this particular case, as the MAVG regression establishes a 

significant temperature effect on maize area only in LFAC countries. 
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+600%. Figure 5.19 also presents yield predictions, accounting for area changes. By the 

late-2000s, maize yields are predicted to range from 0.6 tonnes/Ha under the warmest 

scenario (ECHAM4-A1FI) to 1.8 tonnes/Ha under the coolest scenario (HadCM3-B2), 

which represent changes of -49% and +39%, respectively, compared to an average of 

1.3 tonnes/Ha in the late-1900s. Total production impacts range from -60% (1,071 

thousand tonnes) under the HadCM3-B2 scenario, to +263% (9,730 thousand tonnes) 

under the CGCM2-A1FI scenario. 

Figure 5.19. Predicted total area (in thousand Ha), mean yields (in tonnes/Ha) and total production 

(in thousand tonnes) of maize in the East 

 

 

Compared to the reference scenario, maize area is expected to be 77% lower 

under the HadCM3-B2 scenario and from 43% (PCM-B1) to 453% (ECHAM4-A1FI) 

higher under the other climate change predictions in the late-2000s. Alternatively, 

maize yield losses ranging from 48% (ECHAM4-A1FI) to 3% (PCM-B1) are predicted 

under all scenarios in the late-2000s, except under the HadCM3-B2 where a 43% yield 

increase is predicted. In terms of production, compared to the reference scenario in the 

late-2000s, gains from 31% (PCM-B1) to 194% (CGCM2-A1FI) are expected under all 

scenarios, except under the HadCM3-B2 scenario where production decreases by 68%. 
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5.4.2.5. South 

Climate change impacts on maize supply in the South are predicted using the MAVG 

model. This model is preferred over the LAG model as it produces better weather 

estimates and a lower RMSE than the MAVG function. Maize yields are predicted 

using the ET-SPI function as both T-P and ET-SPI models produce similar results but 

the RMSE is lower for the ET-SPI model (0.29) than the T-P model (0.64).  

Figure 5.20. Predicted total area (in thousand Ha) using the MAVG model and mean yields (in 

tonnes/Ha) using the ET-SPI model of maize in the South under the CGCM2 climate predictions 

 

 

As illustrated in Figure 5.20, in-sample maize area is only roughly represented 

by the MAVG model, and the confidence interval is relatively large. Regarding yields, 
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in-sample predictions are generally significantly higher than observed values. Out-of-

sample predications vary across climate scenarios. Area predictions generally trend 

upward, while yield predictions generally trend downward. 

Predicted total area under all AOGCMs and scenarios permutations are 

presented in Figure 5.21. Total maize area predictions in the South are generally the 

lowest under the B1 scenario and the highest under the A1FI scenario. Predicted maize 

area range from 11,592 thousand Ha under the coolest scenario (PCM-B1) to 72,425 

thousand Ha under the warmest scenario (ECHAM4-A1FI) in the late-2000s, 

representing increases from 104% to 1,175% compared to an average of 5,680 

thousand Ha in the late-1900s. Alternatively, maize yield predictions are generally the 

lowest under the A1FI scenario and the highest under the B1 scenario. Maize yields are 

predicted to decrease from 51% under the HadCM3-A1FI scenario (predicting the 

highest rate of evapotranspiration), to 20% under the PCM-B1 (predicting the lowest 

rate of evapotranspiration). The changes represent yields of 0.5 tonnes/Ha and 0.8 

tonnes/Ha, respectively, in the late-2000s. The total impact on maize production is 

positive with predicted increases ranging from 63% (9,554 thousand tonnes) under the 

PCM-B1 scenario to 579% (39,850 thousand tonnes) under the ECHAM4-A1FI 

scenario. 

Figure 5.21. Predicted total area (in thousand Ha), mean yields (in tonnes/Ha) and total production 

(in thousand tonnes) of maize in the South 
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When comparing the area predictions to the reference scenario of no climate 

change, area increases range from 47% under the PCM-B1 scenario, to 815% under the 

ECHAM4-A1FI scenario. Yields compared to the reference scenario are predicted to 

decrease by between 39% to 0.2% under those same scenarios. The resulting impact on 

production is positive. Production increases range from 46% under the PCM-B1 

scenario to 509% under the ECHAM4-A1FI scenario by the late-2000s. 

 

5.4.2.6. Summary of regional predictions 

As discussed in the previous section, the predictions of interest to estimate the impact 

of climate change are those relative to the reference scenario of no climate change. 

These predictions on total area, mean yield and total production in the late-2000s are 

represented by box plots (as described in Section 5.4.1.5) in Figure 5.22 for the 

preferred crop in each SSA region.  

As for SSA predictions, the smallest climate change impacts on area, yield and 

production are predicted under the B1 scenario, which predicts the lowest temperature 

increases and the smallest changes in precipitation, droughts and floods (precipitation 

variable increase under some AOGCMs and decrease under others). Also similar to the 

SSA predictions, the largest climate change impacts are predicted under the A1FI 

scenario, which predicts the largest increase in temperature and the largest changes in 

rainfall, droughts and floods.  

Figure 5.22 indicates significantly higher impacts at the regional level than at 

the SSA level. The box plot shows that, in general, the impact of climate change on 

millet in Sudano-Sahel is positive. Impacts on sorghum are very small in the West 

region. In the Central region, the effect of climate change on cassava is positive for 

yield but negative for area planted and production. Conversely, the predicted impacts of 

climate change on maize area and production in the East and South are positive, while 

impacts on yields are negative. The range of predictions for maize in the East and 

South are also very large, reflecting the uncertainty of climate prediction impacts. 

Overall, the regional predictions show a specialisation toward the preferred crop within 

each region. However, as in-sample predictions for millet supply in Sudano-Sahel and 

maize supply and productivity in the East and South region fit observed data very 

loosely for these regions, these results should be interpreted with caution. It is therefore 

not possible to compare the total of the regional predictions with the SSA predictions. 
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5.5. Uncertainty 

Predictions of climate change impacts are beset by uncertainty. First, there is uncertainty in 

climate change predictions stemming from climate modelling and future GHG emissions 

uncertainties due to incomplete or unknowable knowledge (New and Hulme, 2000). As no 

confidence intervals are provided with climate change predictions, it is difficult to measure 

the extent of the climate change uncertainty. However, by considering an ensemble of 

AOGCMs and scenarios, this study provides a range of potential impacts 

Additionally, econometric-based projections induce parameter and modelling 

uncertainty. Confidence intervals provide a measure of the uncertainty stemming from the 

econometric estimations. However, the study produces predictions based on climate 

change predictions limited to the crop zones defined by Leff et al. (2004) which are 

representative of the early 1990s. Therefore, the analysis fails to take into account the 

adaptation of farmers by spatial migration of the crop zones. Additionally, econometric 

estimates assume that estimated relationships based on past events will hold in the future.  

 

5.6. Conclusion 

This study shows that, in general, crop area and yield are expected to increase in the 21
st
 

century compared to the late-1900s. Cultivated area decreases are expected for cassava in 

the Central region and yield decreases are predicted for millet in SSA, and maize in the 

East and South. Production is expected to increase for all crops. However, as discussed 

earlier, these predictions are mainly driven by non-weather effects. Predictions compared 

to a scenario of no climate change are therefore more informative to assess the impact of 

climate change. 

Compared to a scenario of no climate change, climate change has a negative impact 

on crop yields, expect for cassava. Farmers are expected to respond to climate change by 

devoting more area to all crops, except cassava. However, the impact on total crop 

production is generally negative in SSA. Regional estimates focusing on the most widely 

grown crop in each region, show positive effects of climate change on area and production 

in all regions, except in the Central region, where cassava is the main crop.  However, as 

predictions for millet supply in Sudano-Sahel and maize supply and productivity in the 
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East and South region do not fit observed data very closely, it is not possible to reach 

definite conclusion at the regional level. 

Overall, these results show a general negative impact of climate change on 

agriculture in SSA as yield and total production are expected to decrease compared to the 

scenario of no climate change. Crops area expansions are predicted for all crops (except for 

cassava in SSA). However, area expansion is likely to cause environmental damages 

through deforestation.  

As detailed in Section 5.5, many uncertainties exist, which affect the reliability of 

predictions. However, the consideration of alternative scenario shows clearly that impacts 

are smaller under the B1 scenario, which assumes reduced GHG emissions via, among 

other things, the introduction of clean and resource-efficient technologies and focusing on 

global solutions to economic, social and environmental sustainability. These results 

indicate that global policies will influence the welfare of people living in SSA. 
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Chapter 6. Conclusion and policy 

implications 

 

 

Considerable attention has been given to climate change and its impacts. Agriculture is of 

special concern as it is the primary source of food and is dependent on weather. The 

literature on climate change impacts generally estimate future crop yield, using bio-

physical or empirical techniques, and revenues using the Ricardian technique or integrated 

analysis. A wide range of estimates of climate change impacts are predicted for the 21
st
 

century over a large number of regions. However, the use of different methods and climate 

change scenarios across studies makes it difficult to compare results. Nevertheless, the 

literature review revealed significant impacts of climate change on agriculture, even in the 

face of large uncertainties. The literature review also highlighted that adaptation 

mechanisms may enable farmers to avoid some of the negative effects of climate change, 

but the cost and practicability of adaptation mechanism limit their implementation. 

To provide a climate change impact assessment specific to Sub-Saharan Africa 

(SSA), this study focused on the four most extensively grown crops in SSA (cassava, 

maize, millet and sorghum). To estimate the effect of climate change on food production, 

this study estimated both crop productivity and supply responses to weather changes.  

A first set of econometric analyses was performed to estimate the effect of weather 

on crop yields. The analysis revealed a significant impact of temperature and precipitation 
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on crop yields. Alternative specifications using more refined weather parameters 

established similar effects, and also quantified the effect of droughts and floods. More 

specifically, the regression analyses showed that maize, millet and sorghum yields are 

negatively related to temperature and evapotranspiration (which represents the combined 

effect of temperature and solar radiation). Conversely, precipitation increases have, in 

general, a positive and significant effect on crop yields. However, the regressions showed 

concave relationships between precipitation and yields for all crops. Regressions results 

also indicated a detrimental effect of floods on all crop yields for SSA in aggregate, and a 

negative effect of droughts on millet yields in the Sudano-Sahel and East regions. The 

analysis also revealed generally that precipitation and temperature changes have a larger 

impact on crop yields in countries with less favourable agricultural conditions. The 

estimation of CO2 fertilization effects on crop yields revealed significant effect of CO2 

concentrations on millet yields in SSA in aggregate and in Sudano-Sahel only.  

A second set of econometric analyses estimated the effect of weather and climate 

on farmers‟ cropping decisions. The analysis revealed that, in general, crop prices do not 

influence farmers‟ decisions regarding the quantity of land to allocate to crops. However, it 

is difficult to reach definitive conclusions regarding SSA farmers‟ responses to price 

incentives due to data limitations. However, the regression analyses suggested that farmers 

respond to export crop prices in a limited number of regions. Complementary effects 

between food crops and export crops were estimated for millet in the West and cassava in 

the East, and substitution effects for sorghum in the East and maize in SSA and the Central 

region. The regressions results also indicated that cassava and sorghum farmers from 

countries with less favourable agricultural conditions (LFAC countries) appear more 

responsive to export crop prices than non-LFAC farmers. The analysis also suggested that 

farmers‟ preference for cassava and maize (in the West region) increase as export crop 

price variability increases. 

Farmers‟ supply decisions are also influenced by weather and climate. The analyses 

indicated that temperature increases have a positive effect on the quantity of land allocated 

to each crop, in general. As crop yields were generally negatively affected by temperature 

increases, the analyses showed that farmers cultivate more land in order to compensate for 

yield losses, or that they substitute away from less heat-resistant crops. The regression 
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analyses also showed that precipitation has a positive effect on area allocated to cassava in 

SSA and maize and sorghum in some regions (Central and the South regions respectively). 

As established in Chapter 3, crop yields benefit from precipitation increases. These results 

indicate, therefore, that farmers‟ preference for these crops in these regions increase as 

precipitation increases. Alternatively, precipitation is found to have a negative effect on 

maize and sorghum supply in SSA, and a negative effect on millet supply in one region 

(Sudano-Sahel). These results indicate that, in these regions, farmers reduce the area 

allocated to these crops as a precipitation increases enhance productivity and production 

targets can be achieved on smaller areas. Additionally, some regressions showed a negative 

effect of precipitation variability and temperature variability on area allocated to crops. 

These results suggest that, as climate risk increases, farmers‟ prefer to grow another crops 

or participate in other activities. However, given that significant weather effects on crop 

supply are not established in all regions and for all crops, it is not possible to draw any 

general conclusion. 

The crop productivity and supply estimates were used to estimate the impact of 

future climate change. The regression specifications with the best predictive performances 

were used to produce predictions of crop yields, area cultivated and production (yield × 

area cultivated) under different climate change scenarios. Contrary to most studies, this 

thesis considered 20 climate change scenarios produced by five general circulation models 

(GCMs) under four GHG emission scenarios. The consideration of a wide variety of 

climate change scenario provides a better representation of the range of climate change 

impacts, and more appropriately represents uncertainties about future climate changes. 

Impacts were predicted for each crop for SSA in aggregate and for the preferred crop for 

each region (i.e. millet in Sudano-Sahel, sorghum in the West, cassava in the Central 

region and maize in the East and South regions).  

When considering both climate and technological changes, the analyses estimated a 

general increase in cultivated areas and yields in SSA in the 21
st
 century compared to the 

late-1900s. The magnitude of the predictions compared to the late-1900s is very large. 

Crop yield predictions for the 21
st
 century remain below maximum attainable yields, which 

are maximum observed yields under the current state of agricultural technology. 

Agricultural technological innovation, as well as improvement on the diffusion and 



264 

 

 

 

implementation of these technologies, could greatly enhance agricultural productivity in 

SSA, relative to the estimates in this study.  

Regional predictions are more questionable as the predictions of millet supply in 

Sudano-Sahel and maize supply and productivity in the East and South regions do not fit 

observed data very closely. Therefore, regional level predictions should be considered 

cautiously. 

Compared to a scenario of no climate change, aggregate estimates for SSA showed 

that, expcet for cassava, climate change will have a negative impact on crop yields and 

lead to increases in area cultivated. In this study, the impact of yield changes on production 

is larger than the impact of area changes, so production decreases for all crops.  

Overall, these results showed negative impacts of climate change on agriculture in 

SSA, as crop yields and production are predicted to decrease compared to a scenario of no 

climate change. These findings have important implications for SSA where a third of the 

population is currently undernourished (FAO, 2002). A change in climate will therefore 

increase the number of people at risk of hunger. The results also showed that farmers 

respond to yield reductions by increasing the area under cultivation. Crop area expansions 

are predicted for all crops in SSA, except for cassava. However, expansion of cultivated 

area is detrimental to the environment as it implies deforestation, which causes soil 

nutrient depletion, destruction of animals‟ natural habitat and reduces biodiversity (Harvey 

and Pimentel, 1996). Deforestation is also responsible for CO2 emissions and may cause 

changes in evapotranspiration, runoff and local climate (Tinker et al., 1996). Changes in 

the ecosystem resulting from deforestation will therefore have feedback effects on crop 

yields. These issues were not considered in the analysis but would represent an interesting 

avenue for further research. 

Several limitations could influence the accuracy of these results. First, uncertainties 

from climate modelling and future scenarios of GHG emissions affect the reliability of 

climate change predictions. Second, parameter and modelling uncertainty affect 

econometric-based projections. Third, regression-based analyses assume that past area and 

yield responses to weather and climate observed in the 20
th

 century will hold in the future, 

and follow the same technological path. Predictions may therefore be underestimated as 

the adoption of agricultural technological in SSA has been limited in the past but is 
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gradually increasing (Jayne et al., 2002). Fourth, data limitations hinder the consideration 

of several explanatory factors, such as pests and diseases, crop management practices and 

labour. Fifth, adaptation is not explicitly accounted for and it is assumed that adaption 

mechanisms adopted by famers in the past will also be employed in the future. Finally, the 

study does not account for crop spatial migration outside the predetermined crop zones, 

which is expected to alleviate climate change impact on agriculture (Butt et al., 2005).   

Given the extent of uncertainties related to predictions, the conclusions drawn from 

the results have to be considered with caution, especially considering the time frame of 

prediction of a century, which greatly increases uncertainty. However, the predictions 

could have serious policy implications. Despite the limitations detailed above, the study 

showed clearly that large detrimental effects on area cultivated, yield and production are 

predicted under the A1FI scenario, which predicts the highest level of GHG emissions 

among the climate change scenarios considered. The impacts of climate change were 

reduced under a B1 scenario, which predicts lower GHG emissions. The introduction of 

clean and resource-efficient technologies and a general emphasis on global solutions to 

economic, social and environmental sustainability would greatly limit GHG emissions and 

reduce climate change and its impact on agriculture in SSA. That said, the development of 

agricultural technology and their diffusion in SSA appear of primary importance. 

 



266 

 

 

 

REFERENCES 

Abbas, G., Hussain, A., Ahmad, A. and Wajid, S. A. (2005). Water Use Efficiency of 

Maize as Affected by Irrigation Schedules and Nitrogen Rates. Journal Of 

Agriculture & Social Sciences 1(4): 339-342. 

Abdullahi, A. B., Iheanacho, A. C. and Ibrahim, A. (2006). Econometric Analysis of the 

Relationship between Drought and Millet Production in the Arid Zone of Nigeria: 

A Case Study of Borno and Yobe States. Journal of agriculture & social sciences 

2(3): 170-174. 

Adams, J. M. (2007). Vegetation-Climate Interaction: How Vegetation Makes the Global 

Environment, Springer Praxis Books. 

Adams, R. M., Rosenzweig, C., Ritchie, J., Peart, R., Glyer, J. D., McCarl, J. D., Curry, B. 

and Jones, J. (1990). Global Climate Change and US Agriculture. Nature 345: 219-

224. 

Adesimi, A. (1970). An Econometric Study of Air-Cured Tobacco Supply in Western 

Nigeria, 1945-64. Nigerian Journal of Economics and Social Studies 12, 13: 15-32. 

Alabi, O. O. (2008). Comparative Analysis of Industrial Demand and Supply for Maize 

and Sorghum in Kaduna and Kano States of Nigeria. Production Agriculture and 

Technology 4(2): 12-12. 

Alemu, Z. G., Oosthuizen, K. and van Schalkwyk, H. D. (2003). Grain-Supply Response in 

Ethiopia: An Error-Correction Approach. Agrekon 42(4). 

Alexandrov, V. A. and Hoogenboom, G. (2000). Vulnerability and Adaptation 

Assessments of Agriculturalcrops under Climate Change in the Southeastern USA. 

Theoretical and Applied Climatology 67(1-2): 45-63. 

Allen, R. G., Pereira, L. S., Raes, D. and Smith, M. (1998). Crop Evapotranspiration - 

Guidelines for Computing Crop Water Requirements. FAO Irrigation and drainage 

paper  

Almaraz, J. J., Mabood, F., Zhou, X., Gregorich, E. G. and Smith, D. L. (2008). Climate 

Change, Weather Variability and Corn Yield at a Higher Latitude Locale: 

Southwestern Quebec. Climatic Change 88: 187-197. 

Amissah-Arthur, A. (2005). Value of Climate Forecasts for Adjusting Farming Strategies 

in Sub-Saharan Africa. GeoJournal 62: 181-189. 

Anhuf, D. (1990). Climate and Crop Yields in Northern Africa (Senegal, Sudan, Tunisia) 

GeoJournal 20(3): 221-230. 

Antle, J. M. and Capalbo, S. M. (1988). An Introduction to Recent Developments in 

Production Theory and Productivity Measurement. Agricultural Productivity: 

Measurement and Explanation. J. M. Antle and S. M. Capalbo. Washington DC, 

Resources for the Future: 17-95. 

Arellano, M. and Bond, S. (1991). Some Tests of Specification for Panel Data: Monte 

Carlo Evidence and an Application to Employment Equations. The Review of 

Economic Studies 58: 277-297. 

Arrow, K. J., Chenery, H. B., Minhas, B. S. and Solow, R. M. (1961). Capital-Labor 

Substitution and Economic Efficiency. The Review of Economics and Statistics 

43(3): 225-250. 

Askari, H. and Cummings, J. T. (1976). Agricultural Supply Response: A Survey of the 

Econometric Evidence. New York, Praeger Publishers. 



267 

 

 

 

Askari, H. and Cummings, J. T. (1977). Estimating Agricultural Supply Response with the 

Nerlove Model: A Survey. International Economic Review 18(2): 257-292. 

Badiane, O. and Delgado, C. (1995). A 2020 Vision for Food, Agriculture, and the 

Environment in Sub-Saharan Africa. Food, Agriculture, and the Environment 

Discussion Paper: 4. 

Barnett, A. (1997). Aids Briefs: Subsistence Agriculture. USAID Health and Human 

Resources Analysis and Research for Africa Project. 

Barrett, C. and Hogset, H. (2003). Estimating Multiple-Output Production Functions for 

the CLASSES Model. 

http://aem.cornell.edu/special_programs/AFSNRM/Basis/Documents/Memos/Multi

-outputProductionFunctionEstimationforCLASSES.pdf. 

Barrett, C. B., Reardon, T. and Webb, P. (2001). Nonfarm Income Diversification and 

Household Livelihood Strategies in Rural Africa: Concepts, Dynamics, and Policy 

Implications. Food Policy 26(4): 315-331. 

Below, T., Artner, A., Siebert, R. and Sieber, S. (2010). Micro-Level Practices to Adapt to 

Climate Change for African Small-Scale Farmers. IFPRI Discussion Paper, 

International Food Policy Research Institute. 00953. 

Ben Mohamed, A., Van Duivenbooden, N. and Abdoussallam, S. (2002). Impact of 

Climate Change on Agricultural Production in the Sahel-Part 1: Methodological 

Approach and Case Study for Groundnut and Cowpea in Niger. Climatic Change 

54(3): 327-348. 

Bhagat, L. N. (1989). Supply Response in Backward Agriculture: An Econometric Analysis 

of Chotanagpur Region. New  Delhi, Concept Publishing company. 

Binswanger, H. P., Mundlak, Y., Yang, M. C. and Bowers, A. (1987). On the Determinants 

of Cross-Country Aggregate Agricultural Supply. Journal of Econometrics 36: 

111-131. 

Blench, R. (1999). Seasonal Climate Forecasting: Who Can Use It and How Should It Be 

Disseminated? Natural Resource Perspectives 47. 

Bond, M. E. (1983). Agricultural Responses to Prices in Sub-Saharan African Countries. 

Staff Papers - International Monetary Fund 30(4): 703-726. 

Boserup, E. (1965). The  Conditions  of  Agricultural  Growth:  Economics  of Agrarian 

Change under Population Pressure. London, Allen and Unwin. 

Boussard, J.-M., Daviron, B., Gérard, F. and Voituriez, T. (2005). Food Security and 

Agricultural Development in Sub-Saharan Africa: Building a Case for More 

Support, CIRAD. 

Braulke, M. (1982). A Note on the Nerlove Model of Agricultural Supply Response. 

International Economic Review 23(1): 241-244. 

Brons, J., Ruben, R., Toure, M. and Ouedraogo, B. (2004). Driving Forces for Changes in 

Land Use. The Impact of Climate Change on Drylands: With a Focus on West 

Africa. T. Dietz, R. Ruben and A. Verhagen. Dordrecht, Kluwer Academic: 83-96. 

Burke, M. B., Miguel, E., Satyanath, S., Dykema, J. A. and Lobell, D. B. (2009). Warming 

Increases the Risk of Civil War in Africa. PNAS 106(49): 20670-20674. 

Butt, T. A., McCarl, B. A., Angerer, J. A., Dyke, P. A. and Stuth, J. W. (2005). The 

Economic and Food Security Implications of Climate Change in Mali. Climatic 

Change 68(3): 355-378. 

Cameron, A. C. and Trivedi, P. K. (2005). Microeconometrics: Methods and Applications. 

New York, Cambridge University Press. 

http://aem.cornell.edu/special_programs/AFSNRM/Basis/Documents/Memos/Multi-outputProductionFunctionEstimationforCLASSES.pdf
http://aem.cornell.edu/special_programs/AFSNRM/Basis/Documents/Memos/Multi-outputProductionFunctionEstimationforCLASSES.pdf


268 

 

 

 

Cameron, C. A. and Trivedi, P. K. (2009). Microeconometrics Using Stata. College 

Station, TX, Stata press. 

Canadell, J. G., Raupach, M. R. and Houghton, R. A. (2009). Anthropogenic CO2 

Emissions in Africa. Biogeosciences 6: 463-468. 

Carter, C. and Zhang, B. (1998). Weather Factor and Variability in China's Grain Supply. 

Journal of Comparative Economics 26: 529-543. 

Carter, M. R., Gregorich, E. G., Anderson, D. W., Doran, J. W., Janzen, H. H. and Pierce, 

F. J. (1997). Concepts of Soil Quality and Their Significance. Soil Quality for Crop 

Production and Ecosystem Health. E. G. Gregorich and M. R. Carter. Amsterdam, 

Elsevier. 

Carter, T. R. (2007). General Guidelines on the Use of  Scenario Data for Climate Impact  

and Adaptation Assessment, Version 2., Intergovernmental Panel on Climate 

Change. Task Group on Data and Scenario Support for Impact and Climate 

Assessment (TGICA). 

Chao, H.-K. (2005). A Misconception of the Semantic Conception of Econometrics? 

Journal of Economic Methodology 12(1): 125-135. 

Chen, C. C., McCarl, B. A. and Schimmelpfennig, D. (2000). Yield Variability as 

Influenced by Climate: A Statistical Investigation, USGCRP Assessment. 

Chen, C. C., McCarl, B. A. and Schimmelpfennig, D. (2004). Yield Variability as 

Influenced by Climate: A Statistical Investigation. Climatic Change 66: 239-261. 

Chipanshi, A. C., Chanda, R. and and Totolo, O. (2003). Vulnerability Assessment of the 

Maize and Sorghum Crops to Climate Change in Botswana. Climatic Change 

61(3): 339-360. 

Chiras, D. D. (2009). Environmental Science, Jones & Bartlett Publishers. 

CIC (2006). Data Appendix for a Space-Time System of National Accounts: Penn World 

Table 6.1 (Pwt 6.1), Center for International Comparisons at the University of 

Pennsylvania. 

Cleaver, K. M. (1993). A Strategy to Develop Agriculture in Sub-Saharan Africa and a 

Focus for the World Bank. World Bank technical paper. Washington, D.C:, World 

Bank. 203. 

Cline, W. R. (1996). The Impact of Global Warming of Agriculture: Comment the Impact 

of Global Warming of Agriculture: Comment. The American Economic Review 

86(5): 1309-1311. 

Cline, W. R. (2007). Global Warming and Agriculture: Impact Estimates by Country, 

Washington: Center for Global Development and Peterson Institute for 

International Economics. 

Collier, P. (1993). Africa and the Study of Economics. Africa and the Disciplines : The 

Contribution of Research in Africa to the Social Sciences and Humanities. R. H. 

Bates, V. Y. Mudimbe and J. F. O'Barr, he University of Chicago Press. 

Collier, P. and Gunning, J. W. (1999). Explaining African Economic Performance. Journal 

of Economic Literature 37(1): 64-111. 

Corobov, R. (2002). Estimations of Climate Change Impacts on Crop Production in the 

Republic of Moldova. Geojournal 57: 195–202. 

Cothren, J. T., Matocha, J. E. and Clark, L. E. (2000). Integrated Crop Management for 

Sorghum. Sorghum: Origin, History, Technology, and Production. W. C. S. a. R. 

A. Frederiksen. New York, John Wiley & Sons: 409-441. 



269 

 

 

 

Country Stat. (2010). An Integrated System for National Food and Agriculture Statistics. 

www.countrystat.org. 

Coyle, B. T. (1993). Modeling Systems of Crop Acreage Demands. Journal of Agricultural 

and Resource Economics 18(1): 57-69. 

Critchley, W. and Siegert, K. (1991). Water Harvesting: A Manual for the Design and 

Construction of Water Harvesting Schemes for Plant Production, FAO, 

AGL/MISC/17/91. 

Crowder, L. V., Lindley, W., Truelove, W., Ilboudo, J. P. and Del Castello, R. (1998). 

Knowledge and Information for Food Security in Africa: From Traditional Media 

to the Internet, Food and Agriculture Organization of the United Nations. 

Cuculeanu, V., Marica, A. and Simota, C. (1999). Climate Change Impact on Agricultural 

Crops and Adaptation Options in Romania. Climate Research: 153–160. 

Cure, J. D. and Acock, B. (1986). Crop Responses to Carbon Dioxide Doubling: A 

Literature Survey. Agricultural and Forest Meteorology 38: 127-145. 

Darwin, R., Tsigas, M., Lewandrowski, J. and Raneses, A. (1995). World Agriculture and 

Climate Change: Economic Adaptations. Agricultural Economic Report, Natural 

Resources and Environment Division, Economic Research Service, U.S. 

Department of Agriculture. 

de Janvry, A., Fafchamps, M. and Sadoulet, E. (1991). Peasant Household Behaviour with 

Missing Markets: Some Paradoxes Explained. The Economic Journal 101(409): 

1400-1417. 

de Soysa, I., Gleditsch, N. P., with Michael Gibson and Sollenberg, M. (1999). To 

Cultivate Peace: Agriculture in a World of Conflict. Environmental Change & 

Security Project Report 5. 

de Tafur, S. M., El-Sharkawy, M. A. and Calle, F. (1997). Photosynthesis and Yield 

Performance of Cassava in Seasonally Dry and Semiarid Environments. 

Photosynthetica 33(2): 249-257. 

de Vries, J. (1975). Structure and Prospects of the World Coffee Economy. World Bank 

Staff Working Paper. Washington. 208. 

Demery, L. and Addison, T. (1987). The Alleviation of Poverty under Structural 

Adjustment. Washington, DC, World Bank. 

Dennett, M. D., Elston, J. and Speed, C. B. (1981). Climate and Cropping Systems in West 

Africa. Geoforum 12(2): 193-202. 

Deressa, T. T. and Hassan, R. M. (2009). Economic Impact of Climate Change on Crop 

Production in Ethiopia: Evidence from Cross-Section Measures. Journal of African 

Economies. 

Deressa, T. T., Hassan, R. M. and Poonyth, D. (2005). Measuring the Economic Impact of 

Climate Change on South Africa‟s Sugarcane Growing Regions. Agrekon 44(4): 

524-542. 

Deschênes, O. and Greenstone, M. (2007). The Economic Impacts of Climate Change: 

Evidence from Agricultural Profits and Random Fluctuations in Weather. American 

Economic Review 97(1): 354-385. 

Diao, X., Hazell, P., Resnick, D. and Thurlow, J. (2006). The Role of Agriculture in 

Development: Implications for Sub-Saharan Africa. DSGD discussion papers, 

International Food Policy Research Institute (IFPRI). 29. 

http://www.countrystat.org/


270 

 

 

 

Dixon, J., Gulliver, A. and Gibbon, D. (2001). Farming Systems and Poverty. Improving 

Farmers' Livelihoods in a Changing World, Food and Agriculture Organization of 

the United Nations. 

Douya, E. (2008). Cotton Supply Response in Cameroon in Developing a Sustainable 

Economy in Cameroon. Dakar, Senegal, CODESRIA. 

Driscoll, J. C. and Kraay, A. C. (1998). Consistent Covariance Matrix Estimation with 

Spatially Dependent Panel Data. Review of Economics and Statistics 80: 549-560. 

Easterling, W. E. (1996). Adapting North American Agriculture to Climate Change in 

Review. Agricultural and Forest Meteorology 80(1): 1-53. 

Edmeades, S., Smale, M., Renkow, M. and Phaneuf, D. (2004). Variety Demand within the 

Framework of an Agricultural Household Model with Attributes: The Case of 

Bananas in Uganda. EPTD discussion papers, International Food Policy Research 

Institute (IFPRI). 125. 

Eid, H. M., El-Marsafawy, S. M. and Ouda, S. A. (2006). Assessing the Economic Impacts 

of Climate Change on Agriculture in Egypt: A Ricardian Approach. CEEPA 

Discussion Paper, Special Series on Climate Change and Agriculture in Africa. 

El-Sharkawy, M. A. (2007). Physiological Characteristics of Cassava Tolerance to 

Prolonged Drought in the Tropics: Implications for Breeding Cultivars Adapted to 

Seasonally Dry and Semiarid Environments. Journal of Plant Physiology 19(4): 

257-286. 

Elliott, G., Rothenberg, T. J. and Stock, J. H. (1996). Efficient Tests for an Autoregressive 

Unit Root. Econometrica 64(4): 813-836. 

Elston, J. (1983). Climate. Potential Productivity of Field Crops under Different 

Environments. Los Baños, Philippines, IRRI. 

Evans, L. T. (1996). Crop Evolution, Adaptation and Yield. Cambridge, Cambridge 

University press. 

FAO (1985). Guidelines: Land Evaluation for Irrigated Agriculture. Rome, Food and 

Agriculture Organization of The United Nations. 

FAO (1986a). African Agriculture: The Next 25 Years. Rome, Italy, Food and Agriculture 

Organization of the United Nations. 

FAO (1986b). Irrigation Water Management: Irrigation Water Needs, FAO. 

FAO (1995). Irrigation in Africa in Figures. Water reports. Rome, Food and Agriculture 

Organization of the United Nations. 7: 336. 

FAO (1997). Agriculture Food and Nutrition for Africa - a Resource Book for Teachers of 

Agriculture. Rome, Italy, Food and Agriculture Organization of the United Nations. 

FAO (1998). Seed Policy and Programmes for Sub-Saharan Africa. Regional Technical 

Meeting on Seed Policy and Programmes for Sub-Saharan Africa, Abidjan, Côte 

d‟Ivoire, 23-27 November 1998, Rome, Food and Agriculture Organization of the 

United Nations. 

FAO (2000). The State of Food and Agriculture: Lessons from the Past 50 Years. Rome, 

Italy, Food and Agricultural Organization of the United Nations. 

FAO (2002). World Agriculture: Towards 2015/2030. Summary Report. Rome, Italy, Food 

and Agriculture Organization of The United Nations. 

FAO (2004). Fertilizer Requirements in 2015 and 2030 Revisited. Internal working 

document. Rome, Food and Agriculture Organization of the United Nations. 

FAO (2006). Fertilizer Use by Crop. FAO fertilizer and plant nutrition bulletin. Rome, 

Italy, Food and Agriculture Organization of the United Nations. 



271 

 

 

 

FAO (2008). Crop Yields, http://www.iiasa.ac.at/Research/LUC/GAEZ/tab/t38.htm. 

FAO. (2010a). Crops Statistics - Concepts, Definitions and Classifications. 

http://www.fao.org/economic/ess/methodology/methodology-systems/crops-

statistics-concepts-definitions-and-classifications/en/. 

FAO. (2010b). Trade Index Numbers Domain. Live Animals and Crops & Livestock 

Primary and Derived. Element Descriptions 

http://www.fao.org/waicent/faostat/agricult/tin-e-e.htm. 

FAO Terrastat. (2007). Land Resource Potential and Constraints Statistics at Country and 

Regional Level. http://www.fao.org/ag/agl/agll/terrastat/. 

FAO/AGL. (2009). Terrastat Database. http://www.fao.org/ag/agl/agll/terrastat/. 

FAOSTAT. (2007, 2007). Fao Statistical Databases. http://faostat.fao.org. 

Faurès, J.-M. and Santini, G., Eds. (2008). Water and the Rural Poor. Interventions for 

Improving Livelihoods in Sub-Saharan Africa. Rome, Food and Agriculture 

Organization of The United Nations, Land and Water Division. 

Fedoroff, N. (2007). Feature Story: Genetically Modified Foods. Science Journal 26. 

Fermont, A. M., van Asten, P. J. A., Tittonell, P., van Wijk, M. T. and Giller, K. E. (2009). 

Closing the Cassava Yield Gap: An Analysis from Smallholder Farms in East 

Africa. Field Crops Research 112(1): 24-36  

Fischer, G., van Velthuizen, H., Shah, M. and Nachtergaele, F. (2002). Global Agro-

Ecological Assessment for Agriculture in the 21st Century: Methodology and 

Results. Rome, Italy, International Institute for Applied Systems Analysis 

Laxenburg, Austria and Food and Agriculture Organization of the United Nations. 

Fisher, R. A. (1932). Statistical Methods for Research Workers. Edinburgh. 

Flato, G. M. and Boer, G. J. (2001). Warming Asymmetry in Climate Change Simulations. 

Geophysical Research Letters 27: 195-198. 

Flint, C. L. (1874). Grasses and Forage Plants. Boston, William F. Gill & Company. 

Ganzach, Y. (1997). Misleading  Interaction  and  Curvilinear Terms. Psychological 

Methods 2(3): 235-247. 

Gbetibouo, G. and Hassan, R. M. (2005). Economic Impact of Climate Change on Major 

South African Field Crops: A Ricardian Approach. Global and Planetary Change 

47: 143-152. 

Gleditsch, N. P., Wallensteen, P., Eriksson, M., Sollenberg, M. and Strand, H. (2002). 

Armed Conflict 1946-2001: A New Dataset. Journal of Peace Research 39(5): 

615-637. 

Gleick, P. (2000). The World's Water 2000-2001. Washington, DC, Island Press. 

Gordon, C., Cooper, C., Senior, C. A., Banks, H., Gregory, J. M., Johns, T. C., Mitchell, J. 

F. B. and Wood, R. A. (2000). The Simulation of Sst, Sea Ice Extents and Ocean 

Heat Transports in a Version of the Hadley Centre Coupled Model without Flux 

Adjustments. Climate Dynamics 16(2-3): 147-168. 

Gordon, H. B. and O‟Farrell, S. P. (1997). Transient Climate Change in the CSIRO 

Coupled Model with Dynamic Sea Ice. Monthly Weather Review 125: 875-907. 

Gourieroux, C. and Monfort, A. (1995). Testing, Encompassing, and Simulating Dynamic 

Econometric Models. Econometric Theory 11: 195-228. 

Greene, W. (2000). Econometric Analysis. Upper Saddle River, NJ, Prentice--Hall. 

Gu, L. (2003). Comment on "Climate and Management Contributions to Recent Trends in 

U.S. Agricultural Yields". Science 300(5625): 1505. 

http://www.iiasa.ac.at/Research/LUC/GAEZ/tab/t38.htm
http://www.fao.org/economic/ess/methodology/methodology-systems/crops-statistics-concepts-definitions-and-classifications/en/
http://www.fao.org/economic/ess/methodology/methodology-systems/crops-statistics-concepts-definitions-and-classifications/en/
http://www.fao.org/waicent/faostat/agricult/tin-e-e.htm
http://www.fao.org/ag/agl/agll/terrastat/
http://www.fao.org/ag/agl/agll/terrastat/
http://faostat.fao.org/


272 

 

 

 

Guttman, N. B. (1999). Accepting the Standardized Precipitation Index: A Calculation 

Algorithm. Journal of the American Water Resources Association 35(2): 311-322. 

Hadri, K. (2000). Testing for Stationarity in Heterogeneous Panel Data. The Econometrics 

Journal 3: 148-161. 

Haim, D., Shechter, M. and Berliner, P. (2008). Assessing the Impact of Climate Change 

on Representative Field Crops in Israeli Agriculture: A Case Study of Wheat and 

Cotton. Climatic Change 86(3-4): 425-440. 

Hall, A. E. (2001). Crop Responses to Environment. Boca Raton, Florida, CRC Press. 

Hansen, J. W. (2002). Realizing the Potential Benefits of Climate Prediction to 

Agriculture: Issues, Approaches, Challenges. Agricultural Systems 74(3): 309-330. 

Hargreaves, G. H. and Samani, Z. A. (1985). Reference Crop Evapotranspiration from 

Temperature. Applied engineering in agriculture(1): 96-99. 

Harvey, C. A. and Pimentel, D. (1996). Effects of Soil and Wood Depletion on 

Biodiversity. Biodiversity and Conservation 5(1): 1121-1130. 

Harwood, J., Heifner, R., Coble, K., Perry, J. and Somwaru, A. (1999). Managing Risk in 

Farming: Concepts, Research, and Analysis. Agricultural Economics Report. 774: 

136. 

Hattink, W., Heerink, N. and Thijssen, G. (1998). Supply Response of Cocoa in Ghana: A 

Farm-Level Profit Function Analysis. Journal Of African Economies 7(3): 424-444. 

Heisey, P. W. and Mwangi, W. (1996). Fertilizer Use and Maize Production in Sub-

Saharan Africa. CIMMYT Economics Working Paper. Mexico, CIMMYT. 96-01: 

35. 

Hendry, D. F. and Richard, J.-F. (1982). On the Formulation of Empirical Models in 

Dynamic Econometrics. Journal of Econometrics 20: 3-33. 

Heston, A., Summers, R. and Aten, B. (2006). Penn World Table Version 6.2 (Dataset). 

http://pwt.econ.upenn.edu/php_site/pwt62/pwt62_form.php. Center for 

International Comparisons at the University of Pennsylvania (CICUP). 

Hoechle, D. (2007). Robust Standard Errors for Panel Regressions with Cross-Sectional 

Dependence. Stata Journal 7(3): 281-312. 

Holst, B. P. (1909). The Teachers' and Pupils' Cyclopaedia. Kansas City, The Bufton Book 

Company: 1786. 

Hooker, R. H. (1907). Correlation of the Weather and Crops. Journal of the Royal 

Statistical Society 70: 1-51. 

Hsiao, C. (2003). Analysis of Panel Data. Cambridge, UK, Cambridge University Press. 

Hu, Q., Pytlik Zillig, L. M., Lynne, G. D., Tomkins, A. J., Waltman, W. J., Hayes, M. J., 

Hubbard, K. G., Artikov, I., Hoffman, S. J. and Wilhite, D. A. (2006). 

Understanding Farmers' Forecast Use from Their Beliefs, Values, Social Norms, 

and Perceived Obstacles. Journal of Applied Meteorology and Climatology 45(9): 

1190-1201. 

Huffman, W. E. (1988). An Econometric Methodology for Multiple-Output Agricultural 

Technology: An Application of Endogenous Switching Models. Agricultural 

Productivity Measurement and Explanation. S. M. Capalbo and J. M. Antle, John 

Hopkins University Press. 

Hulme, M. (1996). Climate Change and Southern Africa: An Exploration of Some 

Potential Impacts and Implications in the SADC Region. Norwich, UK, Climatic 

Research Unit, University of East Anglia. 103. 

http://pwt.econ.upenn.edu/php_site/pwt62/pwt62_form.php


273 

 

 

 

Hulme, M., Doherty, R., Ngara, T. and New, M. (2005). Global Warming and African 

Climate Change: A Reassessment. Climate Change and Africa. P. S. Low. 

Cambridge, UK, Cambridge University Press. 

Hulme, M., Mitchell, J., Ingram, W., Johns, T., New, M. and Viner, D. (1999). Climate 

Change Scenarios for Global Impacts Studies. Global Environmental Change & 

Security Project Report 9(S3-S19). 

Huq, A. and Arshad, F. (2010). Supply Response of Potato in Bengladesh: A Vector Error 

Correction Approach. Journal of Applied Sciences 10(11): 895-902. 

IAC (2004). Realizing the Promise and Potential of African Agriculture, InterAcademy 

Council. 

Iglesias, A. and Quirogua, S. (2007). Measuring the Risk of Climate Variability to Cereal 

Production at Five Sites in Spain. Climate Research 34: 47-57. 

IITA (1992). Sustainable Food Production in Sub-Saharan Africa: Iita's Contributions. 

International Institute of Tropical Agriculture. Ibadan, Nigeria: 208 pp. 

Im, K. S., Pesaran, M. H. and Shin, Y. (2003). Testing for Unit Roots in Heterogeneous 

Panels. Journal of Econometrics 115: 53-74. 

IPCC (1990). Climate Change: The IPCC Scientific Assessment. Cambridge, 

Intergovernmental Panel on Climate Change. 

IPCC (2000). Special Report on Emissions Scenarios, Cambridge University Press. 

IPCC (2001a). Climate Change 2001: Impacts, Adaptation and Vulnerability. Contribution 

of Working Group Ii to the Third Assessment Report of the Intergovernmental 

Panel on Climate Change. Cambridge, UK, Cambridge University Press. 

IPCC (2001b). IPCC Third Assessment Report: Climate Change 2001. D. J. Dokken, M. 

Noguer, P. van der Lindenet al. Cambridge, UK and New York, NY, USA, 

Cambridge University Press. 

IPCC (2007a). Climate Change 2007: Synthesis Report. Geneva, Switzerland, 

Intergovernmental Panel on Climate Change. 

IPCC (2007b). Climate Change 2007:Synthesis Report - Summary for Policymakers. 

Assessment of Working Groups I, II, and III to the Third Assessment Report of the 

International Panel on Climate Change. Cambridge University Press, IPCC. 

IPCC (2007c). Contribution of Working Group I to the Fourth Assessment Report of the 

Intergovernmental Panel on Climate Change, 20. Cambridge, United Kingdom and 

New York, NY, USA, Cambridge University Press. 

IRI (1983). Potential Productivity of Field Crops under Different Environments. Manila, 

Philippines, International Rice research Institute. 

IRI (2006). A Gap Analysis for the Implementation of the Global Climate Observing 

System Programme in Africa. IRI Technical Report No. IRI-TR/06/1, International 

Research Institute for Climate and Society. 

Isik, M. and Devadoss, S. (2006). An Analysis of the Impact of Climate Change on Crop 

Yields and Yield Variability. Applied Economics 38: 835-844. 

Jaeger, W. (1991). The Impact of Policy in African Agriculture : An Empirical 

Investigation. Policy Research Working Paper Series, The World Bank. 640. 

Jaeger, W. and Humphreys, C. (1988). The Effect of Policy Reforms on Agricultural 

Incentives in Sub-Saharan Africa. American Journal of Agricultural Economics 

70(5): 1036-1043. 

Jaforullah, M. (1993). Asymmetric Supply Response: Evidence from Bangladesh. Journal 

of Agricultural Economics 44: 490-495. 



274 

 

 

 

Jayne, T. S., Minde, I. J. and Argwings-Kodhek, G. (2002). Perspectives on Agricultural 

Transformation: A View from Africa. Hauppauge, NY, Nova Science publishers 

Inc. 

Jensen, H. R. (1977). Farm Management and Production Economics, 1946-70. A Survey of 

Agricultural Economics Literature. Traditional  Fields of  Agricultural  Economics, 

1940's to 1970's. L. R. Martin. Minneapolis, University of  Minnesota Press. 1. 

Johnson, D. G. (1999). The Growth of Demand Will Limit Output Growth for Food over 

the Next Quarter Century. Proceedings of the National Academy of Sciences of the 

United States of America, May 25 1999, 96(11): 5915-5920. 

Jones, P. and Hulme, M. (1996). Calculating Regional Climatic Time Series for 

Temperature and Precipitation: Methods and Illustrations. International Journal of 

Climatology 16: 361-377. 

Jones, W. O. (1959). Manioc in Africa, The Food Research Institute, Stanford University. 

Joubert, A. M. (1995). Simulations of Southern African Climate by Early Generation 

General Circulation Models. South African Journal of Science 91: 85-91. 

Jowett, D. (1966). Use of Rank Correlation Methods to Determine Food Preferences. 

Experimental Agriculture 2: 201-209. 

Just, R. E., Zilberman, D. and Hochman, E. (1983). Estimation of Multicrop Production 

Functions. American Journal of Agricultural Economics 65(4): 770-780. 

Kabubo-Mariara, J. and Karanja, F. K. (2006). The Economic Impact of Climate Change 

on Kenyan Crop Agriculture: A Ricardian Approach. CEEPA Discussion Paper, 

Special Series on Climate Change and Agriculture in Africa. 

Kaiser, H. M., Riha, S. J., Wilks, D. S., Rossiter, D. G. and Sampath, R. (1993). A Farm-

Level Analysis of Economic and Agronomic Impacts of Gradual Climate Warming. 

American Journal of Agricultural Economics 75(2): 387-398. 

Kane, S., Reilly, J. and Tobey, J. (1992). An Empirical Study of the Economic Effects of 

Climate Change on World Agriculture. Climatic Change 21: 17-35. 

Kao, C. (1999). Spurious Regression and Residual-Based Tests for Cointegration in Panel 

Data. Journal of Econometrics 90: 1-44. 

Katz, R. W. (1977). Assessing the Impact of Climatic Change on Food Production. 

Climatic Change 1(1): 85-96. 

Kay, M. (2001). Smallholder Irrigation Technology: Prospects for Sub-Saharan Africa. 

International Programme for Technology and Research in Irrigation and 

Drainage. 

Kennedy, P. (2003). A Guide to Econometrics, Fifth Edition. Cambridge, MA, The MIT 

press. 

Kleinbaum, D. G., Kupper, L. L., Nizam, A. and Muller, K. E. (2008). Applied Regression 

Analysis and Other Multivariable Methods, 4th Edition, Duxbury Press. 

Kohn, G. C. (1999). Dictionary of Wars. Garden City, N.Y., Anchor Press/Doubleday. 

Kucharik, C. J. and Serbin, S. P. (2008). Impacts of Recent Climate Change on Wisconsin 

Corn and Soybean Yield Trends. Environmental Research Letters 3: 1-10. 

Kumar, K. and Parikh, J. (1998). Climate Change Impacts on Indian Agriculture: The 

Ricardian Approach. Measuring the Impact of Climate Change on Indian 

Agriculture. World Bank Technical Paper 402. Washington, DC, Dinar A et al. 

Kurukulasuriya, P. and Ajwad, M. (2007). Application of the Ricardian Technique to 

Estimate the Impact of Climate Change on Smallholder Farming in Sri Lanka. 

Climatic Change 81(1): 39-59. 



275 

 

 

 

Kurukulasuriya, P. and Mendelsohn, R. (2006a). Crop Selection: Adapting to Climate 

Change in Africa. CEEPA Discussion Paper, Special Series on Climate Change 

and Agriculture in Africa. 

Kurukulasuriya, P. and Mendelsohn, R. (2006b). A Ricardian Analysis of the Impact of 

Climate Change on African Cropland. CEEPA Discussion Paper, Special Series on 

Climate Change and Agriculture in Africa. 

Kurukulasuriya, P. and Rosenthal, S. (2003). Climate Change and Agriculture : A Review 

of Impacts and Adaptations. Climate Change Series, The World Bank Environment 

Department. 

Kwiatkowski, D., Phillips, P. C. B., Schmidt, P. and Shin, Y. (1992). Testing the Null 

Hypothesis of Stationarity against the Alternative of Unit Root. Journal of 

Econometrics 54: 159-178. 

Lahiri, A. K. and Roy, P. (1985). Rainfall and Supply-Response : A Study of Rice in India. 

Journal of Development Economics 18(2-3): 315-334. 

Lambert, A. (2004). Poverty Reduction and Agricultural Trade in Sub-Saharan Africa: 

Recommendations for USAID Interventions. Discussion paper. Washington, DC. 

Larsson, H. (1996). Relationships between Rainfall and Sorghum, Millet and Sesame in 

the Kassala Province. Eastern Sudan Journal of Arid Environments 32: 211-223. 

Lawlor, D. W. (1997). Recreation and Tourism. Applied Climatology: Principles and 

Practice. R. D. Thompson and A. Perry. London, Routledge: 240-248. 

Leaver, R. (2004). Measuring the Supply Response Function of Tobacco in Zimbabwe. 

Agrekon 43(1). 

Leff, B., Ramankutty, N. and Foley, J. (2004). Geographic Distribution of Major Crops 

across the World. Global Biogeochemical Cycles 18. 

Levin, A., Lin, C.-F. and Chu, C.-S. J. (2002). Unit Root Tests in Panel Data: Asymptotic 

and Finite Sample Properties. Journal of Econometrics 108: 1-24. 

Lewandrowski, J. and Brazee, R. (1993). Farm Programs and Climate Change. Climatic 

Change 23(1): 1-20. 

Li, Y., Ye, W., Wang, M. and Yan, X. (2009). Climate Change and Drought: A Risk 

Assessment of Crop-Yield Impacts. Climate research 39: 31-46. 

Liu, P., Meehl, G. A. and Wu, G. (2002). Multi-Model Trends in the Sahara Induced by 

Increasing CO2. Geophysical Research Letters 29(18). 

Lobell, D. and Field, C. (2007). Global Scale Climate-Crop Yield Relationships and the 

Impacts of Recent Warming. Environmental Research Letter 2. 

Lobell, D. B. and Asner, G. P. (2003). Climate and Management Contributions to Recent 

Trends in U.S. Agricultural Yields. Science 299(5609): 1032. 

Lobell, D. B. and Field, C. B. (2008). Estimation of the Carbon Dioxide (CO2) Fertilization 

Effect Using Growth Rate Anomalies of CO2 and Crop Yields since 1961. Global 

Change Biology 14: 39-45. 

Machuka, J. (2003). Developing Food Production Systems in Sub-Shahran Africa. Plants, 

Genes, and Crop Biotechnology. M. J. Chrispeels and D. E. Sadava. Sudburry, MA, 

Jones and Bartlett published. 

Maddala, G. S. and Kim, I.-M. (1998). Unit Roots, Cointegration, and Structural Change. 

Cambridge, UK ; New York, Cambridge University Press. 

Maddala, G. S. and Wu, S. (1999). A Comparative Study of Unit Root Tests with Panel Data 

and a New Simple Test. Oxford Bulletin of Economics and Statistics 61: 631-652. 



276 

 

 

 

Maddison, D. (2006). The Perception of and Adaptation to Climate Change in Africa. 

CEEPA Discussion Paper, Special Series on Climate Change and Agriculture in 

Africa. 

Maddison, D., Manley, M. and Kurukulasuriya, P. (2006). The Impact of Climate Change 

on African Agriculture: A Ricardian Approach. CEEPA Discussion Paper, Special 

Series on Climate Change and Agriculture in Africa. 

Malone, R. W., Meek, D. W., Hatfield, J. L., Mann, M. E., Jaquis, R. J. and Ma, L. (2009). 

Quasi-Biennial Corn Yield Cycles in Iowa. Agricultural and Forest Meteorology 

149: 1087-1094. 

Maman, N., Lyon, D. J., Mason, S. C., Galusha, T. D. and Higgins, R. (2003). Pearl Millet 

and Grain Sorghum Yield Response to Water Supply in Nebraska. Agronomy 

Journal 95: 1618-1624. 

Mamingi, N. (1996). How Prices and Macroeconomic Policies Affect Agricultural Supplu 

and the Environment. Policy research working paper, The World Bank. 

Mamingi, N. (1997). The Impact of Prices and Macroeconomic Policies on Agricultural 

Supply: A Synthesis of Available Results. Agricultural economics 16: 17-34. 

Mano, R. and Nhemachena, C. (2006). Assessment of the Economic Impacts of Climate 

Change on Agriculture in Zimbabwe: A Ricardian Approach. CEEPA Discussion 

Paper, Special Series on Climate Change and Agriculture in Africa  

Maunder, W. J. (1992). Dictionary of Global Climate Change. London, UCL Press Ltd. 

Mavi, H. S. and Tupper, G. J. (2004). Agrometeorology: Principles and Applications of 

Climate Studies in Agriculture. New York U.S.A., The Haworth Press Inc. 

McAvaney, B. J., Covey, C., Joussaume, S., Kattsov, V., Kitoh, A., Ogana, W., Pitman, A. 

J., Weaver, A. J., Wood, R. A. and Zhao, Z.-C. (2001). Model Evaluation. Climate 

Change 2001 - the Scientific Basis - Contribution of Working Group I to the Third 

Assessment Report of the Intergovernmental Panel on Climate Change. J. T. 

Houghton, Y. Ding, D. J. Griggset al. Cambridge, UK and New York, USA, 

Cambridge University Press: 881. 

McCoskey, S. and Kao, C. (1998). A Residual-Based Test of the Null of Cointegration in 

Panel Data. Econometric Reviews 17: 57-84. 

McHugh, M. J. (2005). Multi-Model Trends in East African Rainfall Associated with 

Increased CO2. Geophysical Research Letters 32. 

McKay, A., Morrissey, O. and Vaillant, C. (1999). Aggregate Supply Response in 

Tanzanian Agriculture. The Journal of International Trade & Economic 

Development 8(1): 107-123. 

McKee, T. B., Doesken, N. J. and Kleist, J. (1993). The Relationship of Drought 

Frequency and Duration to Time Scales. 8th Conference on Applied Climatology. 

Anaheim, California. 

Mendelsohn, R. (2000). Measuring the Effect of Climate Change on Developing Country 

Agriculture Two Essays on Climate Change and Agriculture : A Developing 

Country Perspective FAO. Rome. 

Mendelsohn, R., Morrison, W., Schlesinger, M. and Adronova, N. (2000). Country-

Specific Market Impacts from Climate Change. Climatic Change 45: 553-569. 

Mendelsohn, R., Nordhaus, W. D. and Shaw, D. (1994). The Impact of Global Warming 

on Agriculture: A Ricardian Analysis. The American Economic Review 84(4): 753-

771. 



277 

 

 

 

Mendelsohn, R. and Williams, L. (2004). Comparing Forecasts of the Global Impacts of 

Climate Change. Mitigation and Adaptation Strategies for Global Change 9(4): 

315-333. 

Mertz, O., Mbow, C. and Reenberg, A. (2009). Farmers‟ Perceptions of Climate Change 

and Agricultural Adaptation Strategies in Rural Sahel. Environmental Management 

43: 804-816. 

Michaelsen, J. (1987). Cross-Validation in Statistical Climate Forecast Models. Journal of 

Climate and Applied Meterorology 26: 1589-1600. 

Minot, N., Kherallah, M. and Berry, P. (2000). Fertilizer Market Reform and the 

Determinants of Fertilizer Use in Benin and Malawi. MSSD discussion papers, 

International Food Policy Research Institute (IFPRI). 40. 

Mishra, S. K. (2007). A Brief History of Production Functions. MPRA Paper, University 

Library of Munich, Germany. 5254. 

Missouri botanical garden. (2010). Economic Plants of the Tropics. 

http://www.mobot.org/education/tropics/page8.html. 

Mitchell, J. F. B., Johns, T. C., Gregory, J. M. and Tett, S. (1995). Climate Response  to  

Increasing  Levels  of  Greenhouse  Gases  and  Sulphate Aerosols. Nature 376: 

501-504. 

Mitchell, T. D. (2007). TYN SC 2.0. 

http://www.cru.uea.ac.uk/cru/data/hrg/timm/grid/TYN_SC_2_0.html. 

Mitchell, T. D., Carter, T. R., Jones, P. D., Hulme, M. and New, M. (2003). A 

Comprehensive Set of High-Resolution Grids of Monthly Climate for Europe and 

the Globe: The Observed Record (1901-2000) and 16 Scenarios (2001-2100). 

Journal of Climate. 

Mitchell, T. D. and Jones, P. D. (2005). An Improved Method of Constructing a Database 

of Monthly Climate Observations and Associated High Resolution Grids. 

International Journal of Climatology 25: 693-712. 

Mizon, G. E. and Richard, J.-F. (1986). The Encompassing Principle and Its Application to 

Non-Nested Hypothesis Tests. Econometrica 54: 657-678. 

Mkhabela, M., Bullock, P., Gervais, M., Finlay, G. and Sapirstein, H. (2010). Assessing 

Indicators of Agricultural Drought Impacts on Spring Wheat Yield and Quality on 

the Canadian Prairies. Agricultural and Forest Meteorology. 

Molua, E. L. (2002). Climate Variability, Vulnerability and Effectiveness of Farm-Level 

Adaptation Options: The Challenges and Implications for Food Security in 

Southwestern Cameroon. Environment and Development Economics 7: 529-545. 

Molua, E. L. and Lambi, C. M. (2006). The Economic Impact of Climate Change on 

Agriculture in Cameroon. CEEPA Discussion Paper, Special Series on Climate 

Change and Agriculture in Africa. 

Moreira, E. E., Coelho, C. A., Paulo, A. A., Pereira, L. S. and Mexia, J. T. (2008). SPI-

Based Drought Category Prediction Using Loglinear Models. Journal of Hydrology 

354(1-4): 116-130. 

Morris, M., Kelly, V. A., Kopicki, R. J. and Byerlee, D. (2007). Fertilizer Use in African 

Agriculture: Lessons Learned and Good Practice Guidelines. Directions in 

Development - Agriculture and Rural Development. Washington, DC, World Bank. 

Morton, J. F. (2007). The Impact of Climate Change on Smallholder and Subsistence 

Agriculture, Pennsylvania State University. 

http://www.mobot.org/education/tropics/page8.html
http://www.cru.uea.ac.uk/cru/data/hrg/timm/grid/TYN_SC_2_0.html


278 

 

 

 

Mose, L. O., Burger, K. and Kuvyenhoven, A. (2007). Aggregate Supply Response to 

Price Incentives: The Case of Smallholder Maize Production in Kenya. African 

crop science conference proceedings. 

Muchapondwa, E. (2009). Supply Response of Zimbabwean Agriculture: 1970-1999. 

African Journal of Agricultural and Resource Economics 3(1): 28-42. 

Mundlak, Y. (2001). Production and Supply. Handbook of Agricultural Economics. B. L. 

Gardner and G. C. Rausser, Elsevier. 1A. 

Mythili, G. (2006). Supply Response of Indian Farmers: Pre and Post Reforms. Mumbai, 

Indira Gandhi Institute of Development Research. 

Mythili, G. (2008). Acreage and Yield Response for Major Crops in the Pre-and Post-

Reform Periods in India: A Dynamic Panel Data Approach. PP Series. Mumbai, 

Indira Gandhi Institute of Development of Research. 061. 

Narasimhan, B. and Srinivasan, R. (2005). Development and Evaluation of Soil Moisture 

Deficit Index (Smdi) and Evapotranspiration Deficit Index (ETDI) for Agricultural 

Drought Monitoring. Agricultural and Forest Meteorology 133: 69–88. 

Narayana, N. S. S. and Shah, M. M. (1984). Farm Supply Response in Kenya: Acreage 

Allocation Model. European review of agricultural economics 11: 85-105. 

NASA. (2009). Climate & Global Change. http://www.nasa.gov/mission_pages/noaa-

n/climate/climate_weather.html. 

Nerlove, M. (1956). Estimates of the Elasticities of Supply of Selected Agricultural 

Commodities. Journal of Farm Economics 38(2): 496-509. 

Nerlove, M. (1958a). Distributed Lags and Estimation of Long-Run Supply and Demand 

Elasticities: Theoretical Considerations. Journal of Farm Economics 40: 301-311. 

Nerlove, M. (1958b). The Dynamics of Supply: Estimation of Farmers' Response to Price. 

Baltimore, MD, Johns Hopkins University Press. 

Nerlove, M. (1979). The Dynamics of Supply: Retrospect and Prospect. American Journal 

of Agricultural Economics 61(5): 874-888. 

New, M. and Hulme, M. (2000). Representing Uncertainty in Climate Change Scenarios: 

A Monte-Carlo Approach Integrated Assessment 1: 203-213. 

Ngambeki, D. S. and Idachaba, F. S. (1985). Supply Response of Upland Rice in Ogun 

State of Nigeria: A Producer Panel Approach. Journal of Agricultural Economics 

36(2): 239-249. 

Nhemachena, C. and Hassan, R. (2007). Micro-Level Analysis of Farmers Adaption to 

Climate Change in Southern Africa. IFPRI Discussion Paper 00714. 

Nicholls, N. (1997). Increased Australian Wheat Yield Due to Recent Climate Trends. 

Nature 387: 484-485. 

Nickell, S. J. (1985). Error Correction, Partial Adjustment and All That: An Expository 

Note. Oxford Bulletin of Economics and Statistics 47: 119-129. 

Nix, H. A. (1985). Agriculture. Climate Impact Assessment. Scope 27. R. Kates, J. Ausubel 

and M. Berberian. NY, John Wiley & Sons: 105-130. 

Nkang, N. M., Ndifon, H. M. and Edet, E. O. (2007). Maize Supply Response to Changes 

in Real Prices in Nigeria: A Vector Error Correction Approach. Agricultural 

Journal 2(3): 419-425  

NOAA (2006). Drought. Public Fact Sheet, National Oceanic and Atmospheric 

Administration's National Weather Service. 

NOAA. (2009). Noaa's El Niño Page. 

NOAA. (2010). National Weather Service Glossary. http://www.nws.noaa.gov/glossary/. 

http://www.nasa.gov/mission_pages/noaa-n/climate/climate_weather.html
http://www.nasa.gov/mission_pages/noaa-n/climate/climate_weather.html
http://www.nws.noaa.gov/glossary/


279 

 

 

 

O'Brien, K. L. and Leichenko, R. M. (2000). Double Exposure: Assessing the Impacts of 

Climate Change within the Context of Economic Globalization. Global 

Environmental Change 10: 221-232. 

Odjugo, P. A. O. (2008). The Impact of Tillage Systems on Soil Microclimate, Growth and 

Yield of Cassava (Manihot Utilisima) in Midwestern Nigeria. African Journal of 

Agricultural Research 3(3): 225-233. 

Ogbu, O. M. and Gbetibouo, M. (1989). Agricultural Supply Response in Sub-Saharan 

Africa : A Critical Review of the Literature. African development review: 83-99. 

Olayemi, J. K. and Oni, S. (1972). Asymmetry in Price Response: A Case Study of 

Western Nigerian Cocoa Farmers. Nigerian Journal of Economic and Social 

Studies 14(3): 47-55. 

Omotosho, J. B. and Abiodun, B. J. (2007). A Numerical Study of Moisture Build-up and 

Rainfall over West Africa. Meteorological Applications 14(3): 209 - 225. 

Oury, B. (1965). Allowing for Weather in Crop Production Model Building. Journal of 

Farm Economics 47(2): 270-283. 

Pal, J. S., Giorgi, F., Bi, X., Elguindi, N., Solmon, F., Gao, X., Rauscher, S. A., Francisco, 

R., Zakey, A., Winter, J. M., Ashfaq, M., Syed, F. S., Bell, J. L., Diffenbaugh, N. 

S., Karmacharya, J., Konaré, A., Martinez, D., Da Rocha, R. P., Sloan, L. C. and 

Steiner, A. L. (2007). Regional Climate Modeling for the Developing World: The 

ICTP RegCM3 and RegCNET. Bulletin of the American Meteorological Society 

88: 1395-1409. 

Pandey, R. K., Maranville, J. W. and Admou, A. (2000). Deficit Irrigation and Nitrogen 

Effects on Maize in a Sahelian Environment: I. Grain Yield and Yield Components. 

Agricultural Water Management 46(1): 1-13. 

Parikh, A. (1979). Estimation of Supply Functions for Coffee. Applied Economics 11(1): 

43-54. 

Parry, M., Fischer, G., Livermore, M., Rosenzweig, C. and Iglesias, A. (1999). Climate 

Change and World Food Security: A New Assessment. Global Environmental 

Change 9: 551-567. 

Parry, M. L., Rosenzweig, C., Iglesias, A., Livermore, M. and Fischer, G. (2004). Effects 

of Climate Change on Global Food Production under SRES Emissions and Socio-

Economic Scenarios. Global Environmental Change 14(1): 53-67. 

Patt, A. and Gwata, C. (2002). Effective Seasonal Climate Forecast Applications: 

Examining Constraints for Subsistence Farmers in Zimbabwe. Global 

Environmental Change 12: 185-195. 

Pedroni, P. (1997). On the Role of Cross-Sectional Dependency in Panel Unit Root and 

Panel Cointegration Exchange Rate Studies. Working Paper, Indiana University. 

Pedroni, P. (1999). Critical Values for Cointegration Tests in Heterogeneous Panels with 

Multiple Regressors. Oxford Bulletin of Economics & Statistics 61: 653-670. 

Pedroni, P. (2004). Panel Cointegration; Asymptotic and Finite Sample Properties of 

Pooled Time Series Tests, with an Application to the PPP Hypothesis. Econometric 

Theory 20: 597-625. 

Peng, S., Huang, J., Sheehy, J., Laza, R. C., Visperas, R. M., Zhong, X., Centeno, G. S., 

Khush, G. S. and Cassman, K. G. (2004). Rice Yields Decline with Higher Night 

Temperature from Global Warming. Proceedings of the National Academy of 

Sciences of the USA 101(27): 9971–9975. 



280 

 

 

 

Persyn, D. and Westerlund, J. (2008). Error Correction Based Cointegration Tests for 

Panel Data. Stata Journal 8(2): 232-241. 

Pesaran, M. H. (2004). General Diagnostic Tests for Cross Section Dependence in Panels. 

Cambridge Working Papers in Economics, University of Cambridge, Faculty of 

Economics. 

Peterson, R. K. D. and Higley, L. G. (2001). Biotic Stress and Yield Loss, CRC Press. 

Phillips, J. G., Deane, D., Unganai, L. and Chimeli, A. (2002). Implications of Farm-Level 

Response to Seasonal Climate Forecasts for Aggregate Grain Production in 

Zimbabwe. Agricultural Systems 74(3): 351-369. 

Phillips, P. C. B. and Sul, D. (2003). Dynamic Panel Estimation and Homogeneity Testing 

under Cross-Section Dependence. Econometrics Journal 6(1): 217-259. 

Platteau, J.-P. (1995). Reforming Land Rights in Sub-Saharan Africa. Issues of Efficiency 

and Equity. UNRISD Discussion Papers 60, United Nations Research Institute For 

Social Development,. 

Quiring, S. (2010). Personal Communication. 

Quirogua, S. and Iglesias, A. (2007). Methods for Drought Risk Analysis in Agriculture. 

Options Méditerranéennes 58: 103-113. 

Rahji, M. A. Y., Ilemobayo, O. O. and Fakayode, S. B. (2008). Rice Supply Response in 

Nigeria: An Application of the Nerlovian Adjustment Model. Agricultural journal 

3(3): 229-234. 

Ramankutty, N., Foley, J. A., Norman, J. and Mcsweeney, K. (2002). The Global 

Distribution of Cultivable Lands: Current Patterns and Sensitivity to Possible 

Climate Change. Global Ecology & Biogeography 11: 377-392. 

Randall, D. A., Wood, R. A., Bony, S., Colman, R., Fichefet, T., Fyfe, J., Kattsov, V., 

Pitman, A., Shukla, J., Srinivasan, J., Stouffer, R. J., Sumi, A. and Taylor, K. E. 

(2007). Climate Models and Their Evaluation. Climate Change 2007 - the Physical 

Science Basis -  Contribution of Working Group I to the Fourth Assessment Report 

of the Intergovernmental Panel on Climate Change. S. Solomon, D. Qin, M. 

Manninget al. Cambridge, UK and New York, NY, USA, Cambridge University 

Press. 

Rao, V. B., Sá, L. D. A., Franchito, S. H. and Hada, K. (1997). Interannual Variations of 

Rainfall and Corn Yields in Northeast Brazil. Agricultural and Forest Meteorology 

85(1-2): 63-74. 

Reardon, T. (1997). Using Evidence of Household Income Diversification to Inform Study 

of the Rural Nonfarm Labor Market in Africa. World Development 25(5): 735-747. 

Recha, C. W., Shisanya, C. A., Makokha, G. L. and Krnuthia, R. N. (2008). Perception and 

Use of Climate Forecast Information Amongst Smallholder Farmers in Semi-Arid 

Kenya. Asian Journal of Applied Sciences 1(2): 123-135. 

Reed, M. R. and Riggins, S. K. (1982). Corn Yield Response: A Micro-Analysis. North 

Central Journal of Agricultural Economics 4(2): 91-94. 

Reilly, J. (1995). Climate Change and Global Agriculture: Recent Findings and Issues. 

American Journal of Agricultural Economics 77(3): 727-733. 

Reilly, J., Graham, J., Hrubovcak, J., Abler, D. G., Brown, R. A., Darwin, R. F., Hollinger, 

S. E., Izaurralde, R. C., Jagtap, S. S., Jones, J. W., Kimble, J., McCarl, B. A., 

Mearns, L. O., Ojima, D. S., Paul, E. A., Paustian, K., Riha, S. J., Rosenberg, N. J., 

Rosenzweig, C. and Tubiello, F. N. (2001). Agriculture: The Potential 

Consequences of Climate Variability and Change for the United States. US 



281 

 

 

 

National Assessment of the Potential Consequences of Climate Variability and 

Change. New York, NY, US Global Change Research Program: 136. 

Reilly, J. and Hohmann, N. (1993). Climate Change and Agriculture: The Role of 

International Trade. American Economic Review 83: 306-312. 

Reilly, J. M. and Schimmelpfenning, D. (1999). Agricultural Impact Assessment, 

Vulnerability, and the Scope for Adaptation. Climatic Change 42: 745-748. 

Reinsborough, M. (2003). A Ricardian Model of Climate Change in Canada. Canadian 

Journal of Economics 36: 21-40. 

Ricardo, D. (1817). On the Principles of Political Economy and Taxation. London, John 

Murray  

Rockström, J., Folke, C., Gordon, L., Hatibu, N., Jewitt, G., Penning de Vries, F., 

Rwehumbiza, F., Sally, H., Savenije, H. and Schulze, R. (2004). A Watershed 

Approach to Upgrade Rainfed Agriculture in Water Scarce Regions through Water 

System Innovations: An Integrated Research Initiative on Water for Food and Rural 

Livelihoods in Balance with Ecosystem Functions. Physics and Chemistry of the 

Earth 29: 1109-1118. 

Roeckner, E., Oberhuber, J. M., Bacher, A., Christoph, M. and Kirchner, I. (1996). Enso 

Variability and Atmospheric Response in a Global Coupled Atmosphere-Ocean 

GCM. Climate Dynamics 12: 737-754. 

Roodman, D. (2006). How to Do Xtabond2: An Introduction to "Difference" and "System" 

GMM in Stata. Center for Global Development Working Paper 103. Washington. 

Ropelewski, C. F., Janowiak, J. E. and Halpert, M. S. (1985). The Analysis and Display of 

Real Time Surface Climate Data. Monthly Weather Review 113: 1101-1106. 

Rosenzweig, C. and Hillel, D. (1995). Potential Impacts of Climate Change on Agriculture 

and Food Supply. Consequences 1(2). 

Rosenzweig, C. and Parry, M. L. (1994). Potential Impacts of Climate Change on World 

Food Supply. Nature 367: 133-138. 

Rudaheranwa, N., Bategeka, L., Banga, M. and Mukungu, A. (2003). Supply Response of 

Selected Export Commodities in Uganda. Kampala, Uganda, Economic Policy 

Reasearch Centre (EPRC). 

Ruttan, V. W. (2002). Productivity Growth in World Agriculture: Sources and Constraints. 

The Journal of Economic Perspectives 16(4): 161-184. 

Sanghi, A., Mendelsohn, R. and A., D. (1998). The Climate Sensitivity of Indian 

Agriculture. Measuring the Impact of Climate Change on Indian Agriculture. A. 

Dinar, R. Mendelsohn, R. Evensonet al. Washington, DC, World Bank. 

Sangwan, S. S. (1985). Dynamics of Cropping Pattern in Haryana: A Supply Response 

Analysis. The developing economies XXIII(2). 

Santer, B. (1985). The Use of General-Circulation Models in Climate Impact Analysis - a 

Preliminary Study of a CO2-Induced Climatic Change of Western European 

Agriculture. Climatic Change 7: 71. 

Savadatti, P. M. (2007). An Econometric Analysis of Demand and Supply Response of 

Pulses in India. Karnataka Journal of Agricultural Sciences 20(3): 545-550. 

Schlenker, W. (2010). Crop Responses to Climate and Weather: Cross-Section and Panel 

Models. Climate Change and Food Security: Adapting Agriculture to a Warmer 

World. D. Lobell and M. Burke, Springer Netherlands: 99-108. 

Schlenker, W. and Lobell, D. B. (2010). Robust Negative Impacts of Climate Change on 

African Agriculture Environmental Research Letter 5: 1-8. 



282 

 

 

 

Schlenker, W., Michael Hanemann, W. and Fisher, A. C. (2005). Will U.S. Agriculture 

Really Benefit from Global Warming? Accounting for Irrigation in the Hedonic 

Approach. American Economic Review 95(1): 395-406. 

Schwert, G. W. (1989). Tests for Unit Roots: A Monte Carlo Investigation. Journal of 

Business and Economic Statistics 7: 147-160. 

Seiler, R. A., Hayes, M. and Bressan, L. (2002). Using the Standardized Precipitation 

Index for Flood Risk Monitoring. International Journal of Climatology 22(11): 

1365 -1376. 

Sene, I. M., Diop, M. and Dieng, A. (2006). Impacts of Climate Change on the Revenues 

and Adaptation of Farmers in Senegal. CEEPA Discussion Paper, Special Series on 

Climate Change and Agriculture in Africa. 

Seo, N. and Mendelsohn, R. (2007). A Ricardian Analysis of the Impact of Climate 

Change on Latin American Farms. Policy Research Working Paper Series 4163, 

The World Bank. 

Seo, S. N. and Mendelsohn, R. (2008a). An Analysis of Crop Choice: Adapting to Climate 

Change in South American Farms. Ecological Economics 67(1): 109-116. 

Seo, S. N. and Mendelsohn, R. (2008b). A Structural Ricardian Analysis of Climate 

Change Impacts and Adaptations in African Agriculture. Policy Research Working 

Paper The World Bank. 

Shaik, S. and Helmers, G. A. (2000). Intertemporal and Interspatial Variability of Climate 

Change on Dryland Winter Wheat Yield Trends. Presentations, Working Papers, 

and Gray Literature: Agricultural Economics. Lincoln, University of Nebraska. 

Shemdoe, R. S., Van Damme, P. and Kikula, I. S. (2009). Increasing Crop Yield in Water 

Scarce Environments Using Locally Available Materials: An Experience from 

Semi-Arid Areas in Mpwapwa District, Central Tanzania. Agricultural Water 

Management 96(6): 963-968. 

Simatele, M. C. H. (2006). Food Production in Zambia: The Impact of Selected Structural 

Adjustment Policies. AERC Research Paper. Nairobi, African Economic Research 

Consortium. 159. 

Smit, B., Burton, I., Klein, R. J. T. and Wandel, J. (2000). An Anatomy of Adaptation to 

Climate Change and Variability. Climatic Change 45: 223-251. 

Smit, B. and Skinner, M. W. (2002). Adaptation Options in Agriculture to Climate 

Change: A Typology. Mitigation and Adaptation Strategies for Global Change 7: 

85-114. 

Smith, J. B. and Lenhart, S. S. (1996). Climate Change Adaptation Policy Options. Climate 

Research 6: 193-201. 

Smith, J. W. (1920). Agricultural Meteorology, the Effect of Weather on Crops, The 

Macmillan Co. 

Snee, R. D. (1973). Some Aspects of Non Orthogonal Data Analysis: Developing 

Prediction Equations. Journal of Quality Technology 5: 67-79. 

Sonka, S. T. and Lamb, P. J. (1987). On Climate Change and Economic Analysis. Climatic 

Change 11(3): 291- 311. 

Sperling, L. (1998). The Effects of the Rwandan War on Crop Production, Seed Security 

and Varietal Security: A Comparison of Two Crops. International workshop on 

developing institutional agreements and capacity to assist farmers in disaster 

situations to restore agricultural systems and seed security activities, 3-5 

November, 1998, Rome, Italy. 



283 

 

 

 

Strobl, E. and Strobl, R. (2009). The Distributional Impact of Dams: Evidence from 

Cropland Productivity in Africa. Cahier n° 2009-16. 

Subervie, J. (2008). The Variable Response of Agricultural Supply to World Price 

Instability in Developing Countries. Journal of Agricultural Economics 59(1): 72-

92. 

Sultan, B., Baron, C., Dingkuhn, M., Sarr, B. and Janicot, S. (2005). Agricultural Impacts 

of Large-Scale Variability of the West African Monsoon. Agricultural and Forest 

Meteorology 128(1-2): 93-110. 

Summers, R. and Heston, A. (1988). A New Set of International Comparisons of Real 

Product and Price Levels Estimates for 130 Countries 1950-1985. The Review of 

Income and Wealth 34(1): 1-25. 

Sylla, M. B., Coppola, E., Mariotti, L., Giorgi, F., Ruti, P. M., Dell‟Aquila, A. and Bi, X. 

(2009). Multiyear Simulation of the African Climate Using a Regional Climate 

Model (RegCM3) with the High Resolution Era-Interim Reanalysis. Climate 

Dynamics. 

Tans, P. (2009). NOAA/ESRL. Www.Esrl.Noaa.Gov/Gmd/Ccgg/Trends/. 

Teklu, T., Braum, U. J. and Zaki, E. (1991). Drought and Famine Relationships in Sudan: 

Policy Implication, International Food Policy Research Institute (IFPRI) Research 

Report. 88: 1-140. 

Terjung, W. H., Liverman, D. M. and Hayes, J. T. (1984). Climatic Change and Water 

Requirements for Grain Corn in the North American Great Plains. Climatic Change 

6: 193. 

Thiele, R. (2000). Estimating the Aggregate Agricultural Supply Response: A Survey of 

Techniques and Results for Developing Countries. Kiel Working Paper. Kiel, 

Germany. 1016. 

Thiele, R. (2003). Price Incentives, Non-Price Factors and Agricultural Production in Sub-

Saharan Africa: A Cointegration Analysis. African Development Review 15(2-3): 

425-438. 

Thom, H. C. S. (1966). Some Methods of Climatological Analysis. Technical Note No. 81. 

Geneva, WMO. 

Tinker, P. B., John, S., Ingram, I. and Struwe, S. (1996). Effects of Slash-and-Burn 

Agriculture and Deforestation on Climate Change. Ecosystems & Environment 

58(1): 13-22. 

Tobey, J., Reilly, J. and Kane, S. (1992). Economic Implications of Global Climate 

Change for World Agriculture. Journal of Agricultural and Resource Economics 

17: 195-204. 

Trail, B., Colman, D. and Young, T. (1978). Estimating Irreversible Supply Functions. 

American Journal ofAgricultural Economnics 60: 528-531. 

U.S. Congress (1988). Enhancing Agriculture in Africa: A Role for U.S. Development 

Assistance Washington DC, US Government Printing Office. 

Udry, C. (1999). Effiency and Market Structure: Testing for Profit Maximization in 

African Agriculture. Trade, Growth and Development: Essays in Honor of 

Professor T. N. Srinivasan. G. Ranis and L. K. Raut, Elsevier Science 363-393. 

UNDP. (2010). Climate Change and the Millennium Development Goals. 

http://www.undp.org/climatechange/cc_mdgs.shtml. 

Upton, M. (1987). African Farm Management. Cambridge, Cambridge University Press. 

http://www.esrl.noaa.gov/Gmd/Ccgg/Trends/
http://www.undp.org/climatechange/cc_mdgs.shtml


284 

 

 

 

Van Duivenbooden, N., Abdoussallam, S. and Ben Mohamed, A. (2002). Impact of 

Climate Change on Agricultural Production in the Sahel-Part 2: Methodological 

Approach and Case Study for Millet in Niger. Climatic Change 54(3): 349-368. 

Vedwan, N. and Rhoades, R. E. (2001). Climate Change in the Western Himalayas of 

India: A Study of Local Perception and Response. Climate Research 19: 109-117. 

Walker, D. (2006). Green Plants. London, Evans brothers Ltd. 

Washington, W. M., Weatherly, J. W., Meehl, G. A., Semtner, A. J., Bettge, T. W., Craig, 

A. P., Strand, W. G., Arblaster, J. M., Wayland, V. B., James, R. and Zhang, Y. 

(2000). Parallel Climate Model (PCM) Control and Transient Simulations. Climate 

Dynamics 16: 755-774. 

Weber, M. T., Staatz, J. M., Holtzman, J. S., Crawford, E. W. and Bernsten, R. H. (1988). 

Informing Food Security Decisions in Africa: Empirical Analysis and Policy 

Dialogue American Journal of Agricultural Economics 70(5): 1044-1052. 

Weite, Z., Xiong, L., Kaimian, L., Jie, H., Yinong, T., Jun, L. and Quohui, F. (1998). 

Cassava Agronomy Research in China. Cassava Breeding, Agronomy and Farmer 

Participatory in Asia. Proceedings of the 5th Regional Workshop, Held in 

Danzhou, Hainan, China. Nov 3-8, 1996. R. H. Howeler: 191-210. 

Went, W. (1953). The Effect of Temperature on Plant Growth. Annual Review of Plant 

Physiology 4: 347-362. 

Westerlund, J. (2007). Testing for Error Correction in Panel Data. Oxford Bulletin of 

Economics and Statistics 69(6): 709-748. 

Wilhite, D. A. and Glantz, M. H. (1985). Understanding the Drought Phenomenon: The 

Role of Definitions. Water International 10(3): 111-120. 

Winch, T. (2006). Growing Food: A Guide to Food Production, Springer. 

Wolman, M. G. and Fournier, F. G. A. (1987). Agricultural Practices Leading to Land 

Transformation: Introduction. Land Transformation in Agriculture. M. G. Wolman 

and F. G. A. Fournier. Chichester, UK, John Wiley & Sons: 531. 

Wooldridge, J. M. (2009). Introductory Econometrics : A Modern Approach. Mason, OH, 

Thomson/South-Western. 

World Bank. (2010). World Data Bank. http://databank.worldbank.org. 

Yamoah, C. F., Bationo, A., Wyatt, T. J., Shapiro, B. and Koala, S. (2003). Simulated 

Weather Variables Effects on Millet Fertilized with Phosphate Rock in the Sahel. 

Nutrient Cycling in Agroecosystems 67: 167-176. 

Yamoah, C. F., Varvel, G. E. and Adu-Gyamfi, J. (2002). Preplant Moisture and Fertility 

Conditions as Indicators of High and Stable Yields in Rainfed Cropping Systems. 

Food security in nutrient stressed environments: Exploiting plants‟ genetic 

capabilities - Summary and Recommendations of an International Workshop, 27-30 

Sep 1999, Patancheru, India, ICRISAT. 

Yamoah, C. F., Varvel, G. E., Francis, C. A. and Waltman, W. J. (1998). Weather and 

Management Impact on Crop Yield Variability in Rotations. Journal of production 

agriculture 11(2): 219-225. 

Yamoah, C. F., Walters, D. T., Shapiro, C. A., Francis, C. A. and Hayes, M. J. (2000). 

Standardized Precipitation Index and Nitrogen Rate Effects on Crop Yields and 

Risk Distribution in Maize. Agriculture, Ecosystems & Environment 80(1-2): 113-

120. 

Yates, D. N. and Strzepek, K. M. (1998). An Assessment of Integrated Climate Change 

Impacts on the Agricultural Economy of Egypt. Climatic Change 38(3): 261-287. 

http://databank.worldbank.org/


285 

 

 

 

Yohe, G., Strzepek, K., Pau, T. and Yohe, C. (2003). Assessing Vulnerability in the 

Context of Changing Socioeconomic Conditions: A Study of Egypt. Climate 

Change, Adaptive Capacity and Development J. B. Smith, R. J. T. Klein and S. 

Huq. London, UK, Imperial College Press. 

You, L., Rosegrant, M. W., Wood, S. and Sun, D. (2009). Impact of Growing Season 

Temperature on Wheat Productivity in China. Agricultural and Forest Meteorology 

149: 1009-1014. 

Zaal, F., Dietz, T., Brons, J., van der Geest, K. and Ofori-Sarpong, E. (2004). Sahelian 

Livelihoods on the Rebound. The Impact of Climate Change on Drylands, with a 

Focus on West Africa. A. J. Dietz, R. Ruben and A. Verhagen. Dordrecht, Boston, 

London, Kluwer Academic Publishers. 

Zellner, A. and Huang, D. S. (1962). Further Properties of Efficient Estimators for 

Seemingly Unrelated Regression Equations. International Economic Review 3: 

300-313. 

Zepeda, L. (2001). Agricultural Investment, Production Capacity and Productivity. 

Agricultural Investment and Productivity in Developing Countries. Fao Economic 

and Social Development Paper. L. Zepeda, FAO Corporate Document Repository. 

148. 

Zobler, L. (1999). Global Soil Types, 1-Degree Grid (Zobler). Data Set., Oak Ridge 

National Laboratory Distributed Active Archive Center, Oak Ridge, Tennessee, 

USA. http://www.daac.ornl.gov. 

 

 

 

 

http://www.daac.ornl.gov/


286 

 

 

 

APPENDICES 

Appendix A. Glossary 

Agricultural export unit value index  “Unit value indices for the aggregate 

agricultural and aggregate food products represent the changes in the quantity-weighted 

unit values of products traded between countries. The weights are the quantity averages of 

1989-1991. The formulas used are of the Laspeyres type” (FAOSTAT, 2007). 

 

Annual plant   “An annual plant is one that completes its life cycle in one growing 

season; the plant develops, flowers, fruits and dies, usually within one year” (Winch, 

2006). 

 

Arable land   “Land under temporary agricultural crops (multiple-cropped areas 

are counted only once), temporary meadows for mowing or pasture, land under market 

and kitchen gardens and land temporarily fallow (less than five years). The abandoned 

land resulting from shifting cultivation is not included in this category” (FAOSTAT, 

2007). 

 

Area harvested “Data refer to the area from which a crop is gathered. Area 

harvested, therefore, excludes the area from which, although sown or planted, there was 

no harvest due to damage, failure, etc. It is usually net for temporary crops and sometimes 

gross for permanent crops. Net area differs from gross area insofar as the latter includes 

uncultivated patches, footpaths, ditches, headlands, shoulders, shelterbelts, etc. If the crop 

under consideration is harvested more than once during the year as a consequence of 

successive cropping (i.e. the same crop is sown or planted more than once in the same 

field during the year), the area is counted as many times as harvested. On the contrary, 

area harvested will be recorded only once in the case of successive gathering of the crop 

during the year from the same standing crops. With regard to mixed and associated crops, 

the area sown relating to each crop should be reported separately. When the mixture 

refers to particular crops, generally grains, it is recommended to treat the mixture as if it 
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were a single crop; therefore, area sown is recorded only for the crop reported” 

(FAOSTAT, 2007). 

 

Carbon dioxide fertilization  “Enhancement of growth (or net primary production) 

due to carbon dioxide enrichment that could occur in natural or agricultural systems as a 

result of a n increase in the atmospheric concentration of carbon dioxide” (Maunder, 

1992). 

 

Crop yield “Harvested production per unit of harvested area for crop products. In most 

of the cases yield data are not recorded but obtained by dividing the production data by 

the data on area harvested. Data on yields of permanent crops are not as reliable as those 

for temporary crops either because most of the area information may correspond to 

planted area, as for grapes, or because of the scarcity and unreliability of the area figures 

reported by the countries, as for example for cocoa and coffee”. (FAOSTAT, 2007) 

 

Cultivar  See plant variety 

 

Climate  “Climate is the description of the long-term pattern of weather in a 

particular area. Some scientists define climate as the average weather for a particular 

region and time period, usually taken over 30-years” (NASA, 2009). 

  

Drought  “Drought is a deficiency in precipitation over an extended period, usually a 

season or more, resulting in a water shortage causing adverse impacts on vegetation, 

animals, and/or people” (NOAA, 2006). 

 

ENSO   “El Niño Southern Oscillation is a disruption of the ocean-atmosphere 

system in the Tropical Pacific having important consequences for weather and climate 

around the globe” (NOAA, 2009). 

 

Mulch  “The mulch is placed on the soil surface where it forms a kind of cover or 

protection. Mulching of a soil surface can improve the fertility of the soil, reduce weed 
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growth and water loss and increase crop yields in almost all farming systems, although the 

effect is often more dramatic in dry regions than in humid ones” (Winch, 2006). 

 

Perennial plant  “A perennial plant is one that continues to grow from year to year” 

(Winch 2006). 

 

Permanent crops “Land cultivated with long-term crops which do not have to be 

replanted for several years (such as cocoa and coffee); land under trees and shrubs 

producing flowers, such as roses and jasmine; and nurseries (except those for forest trees, 

which should be classified under "forest")” (FAOSTAT, 2007). 

 

Photosynthesis  “Photosynthesis is the process by which green plants synthesise 

carbohydrates from water and carbon dioxide” (Winch, 2006). 

 

Plant species   “Two plants are considered to be the same species when they can 

reproduce (ie their gametes can fuse) and produce fertile offspring” (Winch, 2006). 

 

Plant variety   “A group of agricultural or horticultural plants which are 

essentially identical” (Winch, 2006). 

 

Respiration  “Respiration is the process of the oxidation of carbon and hydrogen and the 

release of energy, carbon dioxide and water—ie the reverse process to photosynthesis, and 

is continuous in living plant cells. Respiration provides the energy for plant growth during 

the hours of darkness when photosynthesis virtually comes to a halt” (Winch, 2006). 

 

Tillage  “Tillage is the mechanical manipulation of soil for various purposes, i.e. 

seedbed preparation, weeds control, soil and water conservation, incorporation of plant 

residues and fertilizers to the soil, and related goals. Tillage practices influence crop 

growth and yields by changing soil structure and moisture retention patterns over the 

growing season” (Shemdoe et al., 2009). 
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Transpiration  “Transpiration is the process by which water is extracted from soil 

by root hairs, moves upwards through the plant and is given off through the leaves and 

stems as water vapour which enters the atmosphere” (Winch, 2006). 

 

Water stress  “Plants are said to suffer from water stress, or moisture stress, when 

their growth is slower than normal due to insufficient water in the soil” (Winch, 2006). 

 

Weather “The state of the atmosphere with respect to wind, temperature, cloudiness, 

moisture, pressure, etc. Weather refers to these conditions at a given point in time (e.g., 

today's high temperature)” (NOAA, 2010). 
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Appendix B. Farming systems and irrigation information 

Table B.1. Farming systems of SSA 

Farming System 

Land 

Area 

(% of 

region) 

Agri. 

Pop. 

(% of 

region) 

Principal livelihoods 

Potential 

for 

agricultural 

growth 

Potential 

for 

poverty 

reduction 

Maize Mixed 10 15 
Maize, tobacco, cotton, cattle, goats, 

poultry, off-farm work 

Medium-

high 
High 

Cereal-Root Crop 

Mixed 
13 15 

Maize, sorghum, millet, cassava, yams, 

legumes, cattle 
High Medium 

Root Crop 11 11 Yams, cassava, legumes, off-farm income Medium Medium 

Agro-Pastoral 

Millet/Sorghum 
8 9 

Sorghum, pearl millet, pulses, sesame, 

cattle, sheep, goats, poultry, off-farm work 

Low-

medium 
Medium 

Highland 

Perennial 
1 8 

Banana, plantain, enset, coffee, cassava, 
sweet potato, beans, cereals, livestock, 

poultry, off-farm work 

Low Low 

Forest Based 11 7 Cassava, maize, beans, cocoyams 
Low-

medium 
Low 

Highland 

Temperate Mixed 
2 7 

Wheat barley, tef, peas, lentils, 

broadbeans, rape, potatoes, sheep, goats, 

cattle, poultry, off-farm work 

Medium Medium 

Pastoral 14 7 Cattle, camels, sheep, goats, remittances 
Low-

medium 
Low 

Tree-Crop 3 6 
Cocoa, coffee, oil palm, rubber, yams, 

maize, off-farm work 

Medium-

high 
Medium 

Commercial 

(Large and 

Smallholder) 

5 4 
Maize, pulses, sunflower, cattle, sheep, 

goats, remittances 
Medium 

Low- 

medium 

Coastal Artisanal 

Fishing 
2 3 

Marine fish, coconuts, cashew, banana, 

yams, fruit, goats, poultry, off-farm work 

Low-

medium 
Low 

Irrigated 1 2 
Rice, cotton, vegetables, 

rainfed crops, cattle, poultry 
High Low 

Rice-Tree Crop 1 2 
Rice, banana, coffee, maize, cassava, 

legumes, livestock, off-farm work 
Low Low 

Sparse Agriculture 

(arid) 
18 1 

Irrigated maize, vegetables, date palms, 

cattle, off-farm work 
Low Low 

Urban Based <1 3 
Fruit, vegetables, dairy, cattle, goats, 

poultry, off-farm work 
Medium Low 

Source: Dixon et. al. (2001). 
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Table B.2. Irrigated area and harvested area (in thousand Ha) in SSA in 1982 

 Countries 

Irrigated area  Harv-

ested 

area 

% area 

harvested 

irrigated 
Potent

ial 

Large-

scale 

Small-

holder 
Total 

% 

developed 

Annual rate of 

development 

S
u

d
a
n

o
-S

a
h

e
l 

Burkina Faso 350 9 20 29 8 1,083 4,964 1 

Chad 1,200 10 40 50 4 833 1,766 3 

Gambia 72 6 20 26 36 83 247 11 

Mali 340 100 60 160 47 2,167 3,664 4 

Mauritania 39 3 20 23 59 0 357 6 

Niger 100 10 20 30 30 3,000 10,120 0 

Senegal 180 30 70 100 56 0 3,540 3 

Somalia 87 40 40 80 92 1,667 1,683 5 

Sudan       11,707  

W
e
st

 

Benin 86 7 15 22 26 1,167 1,570 1 

Côte d'Ivoire 130 42 10 52 40 1,583 3,221 2 

Ghana 120 5 5 10 8 333 2,837 0 

Guinea 150 15 30 45 30 417 1,619 3 

Guinea-Bissau 70      475  

Liberia  3 16 19  0 330 6 

Nigeria 2,000 50 800 850 43 2,750 20,115 4 

Sierra Leone 100 5 50 55 55 83 644 9 

Togo 86 3 10 13 15 0 1,105 1 

C
e
n

tr
a

l 

Cameroon 240 11 9 20 8 0 3,631 1 

CAR 1,900 0 4 4 <1  1,066 0 

Congo 340 3 5 8 2 0 190 4 

Congo DR 4,000 4 20 24 1 167 6,143 0 

Eq. Guinea       29  

Gabon 440 0 1 1 < 1 250 138 1 

E
a

st
 

Burundi 52 2 50 52 100 0 1,195 4 

Kenya 350 21 28 49 14 2,083 4,460 1 

Madagascar       2,250 0 

Rwanda 44 0 15 15 34 0 1,352 1 

Uganda 410 9 3 12 3 0 4,751 0 

S
o
u

th
 

Angola 6,700 0 10 10 < 1 0 2,097 0 

Botswana 100 0 12 12 12 0 182 7 

Lesotho 8 0 1 1 13 0 383 0 

Malawi 290 16 4 20 7 833 3,388 1 

Mozambique 2,400 66 4 70 3 1,167 4,720 1 

Namibia    4  250 436 1 

Swaziland 7 55 5 60 >100 583 189 32 

Tanzania 2,300 25 115 140 6 2,333 7,341 2 

Zambia 3,500 10 6 16 <1 1,500 1,240 1 

Zimbabwe 280 127 3 130 46 5 000 4,506 3 

 Total 29,141 778 1,531 2,313 17 43,583 143,980 2 

Source: constructed from FAOSTAT (2007), FAO (1986) and Gleick (2000). 
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Appendix C. Derivation of the Nerlovian supply function 

The long run „desired‟ crop area is specified as: 

tt
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The adaptive price expectation model is specified as:  
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The partial area adjustment model is specified as:  

)(
1

*

1 


tttt
AAAA          (6.3) 

As *

t
A  is unobservable, it can be substituted into equation (C.3) by the observable values 

given on the right hand side of equation (C.1):  
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As e

t
P  is unobservable it can be substituted into equation (C.4) by the right hand side of 

equation (C.2): 
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In this equation, the term e

t
P

1
is not know but can be expressed by isolating the term e

t
P  

from equation (C.4) and lagging it by one time period:
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The term e

t
P

1
 is replaced by its value from equation (C.6) into equation (C.5): 
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The simplification of equation (C.7) gives the reduced form of the supply function: 
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Appendix D. Competing crops 

Table D.1. Competing crop for each of the four crops studied (in terms of area cultivated on average 

over the period 1961-2002) 

 Countries Cassava Maize Millet Sorghum 

S
u

d
a
n

o
-S

a
h

e
l 

Burkina Faso sorghum sorghum sorghum millet 

Chad sorghum sorghum sorghum millet 

Gambia groundnuts groundnuts groundnuts groundnuts 

Mali maize sorghum maize maize 

Mauritania sorghum sorghum sorghum cow peas 

Niger millet millet cow peas millet 

Senegal groundnuts groundnuts groundnuts groundnuts 

Somalia sorghum sorghum sorghum maize 

Sudan sorghum sorghum sorghum millet 

W
e
st

 

Benin maize cassava maize maize 

Côte d'Ivoire cocoa cocoa cocoa cocoa 

Ghana cocoa cocoa cocoa cocoa 

Guinea rice rice rice rice 

Guinea-Bissau rice rice rice rice 

Liberia rice rice rice rice 

Nigeria sorghum sorghum sorghum millet 

Sierra Leone rice rice rice rice 

Togo maize millet maize maize 

C
e
n

tr
a

l 

Cameroon maize sorghum maize maize 

CAR groundnuts cassava cassava cassava 

Congo groundnuts cassava cassava cassava 

Congo DR maize cassava cassava cassava 

Equatorial Guinea cocoa cocoa cocoa cocoa 

Gabon plantains cassava cassava cassava 

E
a

st
 

Burundi beans dry beans dry beans dry beans dry 

Kenya maize pulses maize maize 

Madagascar rice rice rice rice 

Rwanda plantains plantains plantains plantains 

Uganda plantains plantains plantains plantains 

S
o
u

th
 

Angola maize cassava cassava cassava 

Botswana sorghum sorghum sorghum maize 

Lesotho maize sorghum maize maize 

Malawi maize groundnuts maize maize 

Mozambique maize cassava cassava cassava 

Namibia millet millet maize millet 

Swaziland maize sugar cane maize maize 

Tanzania maize cassava maize maize 

Zambia maize millet maize maize 

Zimbabwe maize millet maize maize 

Source: constructed from data from FAOSTAT (2007). 
Note: the competing crop for each crop studied is determined as the most widely harvested crop. When the 

most widely harvested crop is the crop studied, the competing crop is the next most widely harvested crop. 
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Appendix E. Variable descriptions 

Table E.1. Description of variables used in Chapter 3 and Chapter 4 

Variable Description Unit 

 Y Crop yield Tonnes/Ha 

 A Crop harvested area Ha 

CP Crop producer price International US$ 

CPinc Dummy variable representing a crop price increase
 

binary 

CCP Competing crop producer price
 

International US$ 

 XPI Export crops price index % 

IPX
 

Average export crops price index over the previous five years % 

IPX
~

 Export crops price index variability over the previous five years
 

% 

 T Average annual temperature °C 

 T
2

 
Average annual temperature squared °C 

T  Average temperature over the  previous 10 years
 

°C 

T
~

 
Temperature variability over the previous 10 years

 
°C 

 P Annual cumulative precipitation mm 

 P
2

 
Annual cumulative precipitation squared mm 

P  Average precipitation over the previous 10 years
 

mm 

P
~

 Precipitation variability over the  previous 10 years
 

mm 

 ETo 
Average daily reference evapotranspiration mm/day 

 SPI 12-month standardized precipitation index Standard deviation 

 Drought
 

Dummy variable representing the occurrence of a drought
 

binary 

 Flood Dummy variable representing the occurrence of a flood binary 

 War
 

Dummy variable representing the occurrence of a war
 

binary 
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Appendix F. Summary statistics 

F.1. Agronomic data 

Table F.1. Summary statistics for cassava agronomic data 

 Countries 
A Y 

Obs Mean St Dev Min Max Obs Mean St Dev Min Max 

S
u

d
a
n

o
-S

a
h

e
l 

Burkina Faso 42  3,064   1,883   100   5,000  42 4.9 2.4 1.8 9.2 

Chad 42  46,027   19,135   8,000   80,000  42 4.6 2.2 3.0 11.9 

Gambia 42  2,062   373   1,200   3,000  42 3.4 0.6 3.0 5.1 

Mali 42  1,623   1,656   125   4,500  42 7.8 1.2 6.7 11.6 

Mauritania 0 
    

0 
    

Niger 42  18,655   8,378   5,017   34,900  42 9.9 4.4 5.0 23.2 

Senegal 42  25,179   15,022   6,305   64,293  42 3.7 0.8 2.1 5.1 

Somalia 42  3,648   1,693   1,600   8,500  42 10.4 0.5 8.8 11.4 

Sudan 42  31,614   20,441   4,000   60,000  42 2.6 0.7 1.5 3.8 

Total 336  16,484   19,455   100   80,000  336 5.9 3.5 1.5 23.2 

W
e
st

 

Benin 42  119,463   46,690   70,000   264,610  42 7.0 1.9 3.8 11.3 

Côte d'Ivoire 42  227,509   47,444   153,000   320,000  42 4.8 1.6 2.2 7.7 

Ghana 42  346,018   187,940   140,000   794,440  42 9.0 1.9 6.7 12.3 

Guinea 42  80,885   19,008   60,000   123,793  42 7.1 0.2 6.7 7.5 

Guinea-Bissau 42  713   893   0  2,592  42 6.0 7.0 0.0 16.7 

Liberia 42  46,874   8,287   29,000   72,500  42 6.2 0.6 5.0 8.6 

Nigeria 42  1,625,591   921,722   780,000   3,446,000  42 10.1 0.8 8.8 11.9 

Sierra Leone 42  27,155   12,941   15,000   62,000  42 4.6 0.9 2.8 6.0 

Togo 42  56,132   34,697   20,630   131,907  42 11.1 5.4 3.4 20.3 

Total 378  281,149   578,062   0  3,446,000  378 7.3 3.8 0.0 20.3 

C
e
n

tr
a

l 

Cameroon 42  134,734   35,309   76,709   261,481  42 9.2 4.1 5.3 16.4 

CAR 42  221,394   50,728   152,392   315,000  42 3.1 0.3 2.5 3.9 

Congo 42  96,281   6,073   79,368   110,039  42 6.5 1.4 4.6 9.0 

Congo DR 42  1,848,190   338,491   1,340,000   2,473,469  42 7.4 0.6 6.5 8.1 

Equatorial Guinea 42  15,143   2,148   12,000   19,000  42 2.7 0.3 2.4 3.3 

Gabon 42  36,714   8,449   22,000   50,000  42 5.0 0.1 4.6 5.2 

Total 252  392,076   670,556   12,000   2,473,469  252 5.6 2.9 2.4 16.4 

E
a

st
 

Burundi 42  53,738   12,406   38,000   82,000  42 9.0 0.2 8.4 9.3 

Kenya 42  62,736   10,967   42,000   84,000  42 8.6 1.5 5.0 12.7 

Madagascar 42  272,600   78,272   160,000   360,000  42 6.4 0.4 5.8 7.1 

Rwanda 42  60,971   42,194   14,468   180,000  42 8.2 4.1 1.2 16.4 

Uganda 42  371,712   91,325   217,000   618,200  42 7.0 2.8 3.5 13.5 

Total 210  164,351   144,631   14,468   618,200  210 7.8 2.5 1.2 16.4 

S
o
u

th
 

Angola 42  427,588   67,682   340,000   592,598  42 4.2 1.7 3.2 11.0 

Botswana 0 

    

0 
    

Lesotho 0 

    

0 
    

Malawi 42  63,347   46,288   13,500   198,470  42 5.8 3.3 2.0 16.9 

Mozambique 42  863,641   82,392   750,000   1,019,667  42 4.2 0.8 3.3 7.2 

Namibia 0 

    

0 
    

Swaziland 0 

    

0 
    

Tanzania 42  640,837   97,419   450,000   870,000  42 8.8 2.9 4.8 13.2 

Zambia 42  69,942   46,427   22,000   170,000  42 6.1 0.2 4.9 6.3 

Zimbabwe 42  22,612   9,336   14,000   40,000  42 3.5 0.6 2.8 4.4 

Total 252  347,995   328,992   13,500   1,019,667  252 5.4 2.6 2.0 16.9 

SSA Total 1428  233,070   456,849   0   3,446,000  1428 6.4 3.3 0.0 23.2 
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Table F.2. Summary statistics for maize agronomic data 

 Countries 
A Y 

Obs Mean St Dev Min Max Obs Mean St Dev Min Max 
S

u
d

a
n

o
-S

a
h

e
l 

Burkina Faso 42  172,564   70,009   71,000   375,755  42 1.0 0.4 0.5 1.8 

Chad 42  43,664   45,042   5,600   199,917  42 1.1 0.5 0.5 2.2 

Gambia 42  7,792   5,072   1,214   18,350  42 1.2 0.4 0.3 1.8 

Mali 42  138,560   82,359   40,900   426,300  42 1.1 0.4 0.7 2.4 

Mauritania 42  7,396   3,898   2,000   24,554  42 0.6 0.2 0.3 1.2 

Niger 42  6,637   4,226   936   16,000  42 0.7 0.2 0.3 1.2 

Senegal 42  70,639   25,286   31,000   116,686  42 1.0 0.2 0.6 1.4 

Somalia 42  171,636   64,891   80,000   362,400  42 0.9 0.2 0.4 1.5 

Sudan 42  57,823   26,100   11,342   125,000  42 0.6 0.1 0.4 1.0 

Total 378  75,190   79,546   936   426,300  378 0.9 0.4 0.3 2.4 

W
e
st

 

Benin 42  443,351   98,242   261,700   704,672  42 0.8 0.2 0.5 1.3 

Côte d'Ivoire 42  455,000   166,178   187,000   691,000  42 0.9 0.4 0.5 2.2 

Ghana 42  461,196   188,833   173,277   939,600  42 1.2 0.2 0.4 1.6 

Guinea 42  107,007   56,615   52,000   265,060  42 1.1 0.1 0.8 1.5 

Guinea-Bissau 42  10,551   6,550   3,000   28,957  42 0.8 0.2 0.6 1.5 

Liberia 0 

    

0 

    Nigeria 42  2,276,700   1,678,332   425,000   5,472,000  42 1.1 0.3 0.6 1.6 

Sierra Leone 42  12,035   2,730   7,090   19,000  42 0.9 0.2 0.5 1.2 

Togo 42  227,187   105,711   103,500   423,534  42 0.9 0.3 0.4 1.3 

Total 336  499,128   916,853   3,000   5,472,000  336 1.0 0.3 0.4 2.2 

C
e
n

tr
a

l 

Cameroon 42  401,165   113,341   186,092   550,000  42 1.3 0.6 0.7 2.6 

CAR 42  78,786   21,368   40,000   119,820  42 0.7 0.3 0.3 1.2 

Congo 42  12,789   8,113   2,000   28,300  42 0.7 0.1 0.4 1.0 

Congo DR 42  918,785   359,193   480,000   1,500,626  42 0.8 0.1 0.6 0.9 

Equatorial Guinea 0 

    

0 

    Gabon 42  9,657   4,953   4,100   19,500  42 1.6 0.2 1.3 1.9 

Total 210  284,236   387,352   2,000   1,500,626  210 1.0 0.5 0.3 2.6 

E
a

st
 

Burundi 42  117,359   10,061   90,000   134,000  42 1.2 0.1 0.9 1.4 

Kenya 42  1,328,544   204,495   750,000   1,640,000  42 1.5 0.3 1.1 2.1 

Madagascar 42  140,058   32,175   79,000   194,405  42 1.0 0.1 0.8 1.5 

Rwanda 42  64,481   21,607   3,850   105,560  42 1.2 0.3 0.7 2.0 

Uganda 42  391,399   143,984   159,606   676,000  42 1.3 0.2 0.8 1.8 

Total 210  408,368   487,902   3,850   1,640,000  210 1.2 0.3 0.7 2.1 

S
o
u

th
 

Angola 42  640,358   129,989   480,000   1,047,000  42 0.6 0.2 0.2 0.9 

Botswana 42  34,335   25,199   1,214   100,000  42 0.4 0.2 0.1 1.1 

Lesotho 42  127,115   25,026   76,955   177,485  42 0.8 0.2 0.5 1.6 

Malawi 42  1,140,369   179,189   800,000   1,488,449  42 1.2 0.2 0.5 1.8 

Mozambique 42  762,424   290,028   330,000   1,270,710  42 0.7 0.3 0.2 1.2 

Namibia 42  22,922   7,242   10,000   44,000  42 1.1 0.2 0.5 1.6 

Swaziland 42  72,923   13,823   44,143   105,296  42 1.2 0.5 0.4 2.2 

Tanzania 42  1,557,760   730,293   790,000   3,701,000  42 1.1 0.4 0.5 2.1 

Zambia 42  729,569   187,244   430,000   1,116,000  42 1.4 0.5 0.6 2.7 

Zimbabwe 42  1,106,011   255,152   736,962   1,640,100  42 1.4 0.5 0.4 2.3 

Total 420  619,379   584,704   1,214   3,701,000  420 1.0 0.5 0.1 2.7 

SSA Total 1554  387,204   608,123   936   5,472,000  1554 1.0 0.4 0.1 2.7 
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Table F.3. Summary statistics for millet agronomic data 

 Countries 
A Y 

Obs Mean St Dev Min Max Obs Mean St Dev Min Max 
C

e
n

tr
a
l 

Cameroon 42  88,828   32,713   27,547   150,000  42 0.9 0.2 0.6 1.3 

CAR 42  12,606   2,513   8,000   18,000  42 0.8 0.2 0.3 1.5 

Congo 2 

    

2 

    Congo DR 42  41,200   21,448   15,000   124,766  42 0.7 0.0 0.6 0.7 

Equatorial Guinea 0 
    

0 
    Gabon 0         0 

    Total 126  47,545   38,734   8,000   150,000  126 0.8 0.2 0.3 1.5 

E
a
st

 

Burundi 42  10,136   1,302   8,300   13,000  42 1.0 0.1 0.8 1.7 

Kenya 42  81,458   17,208   29,000   118,570  42 1.1 0.6 0.3 1.9 

Madagascar 0 

    

0 

    Rwanda 42  3,252   1,364   940   6,000  42 0.6 0.1 0.2 0.8 

Uganda 42  451,407   118,206   279,000   730,000  42 1.3 0.3 0.8 1.6 

Total 168  136,563   194,132   940   730,000  168 1.0 0.4 0.2 1.9 

S
o

u
th

 

Angola 42  114,487   50,039   75,000   298,293  42 0.7 0.2 0.3 0.9 

Botswana 42  8,054   5,589   300   29,137  42 0.3 0.2 0.0 0.9 

Lesotho 0 

    

0 

    Malawi 42  13,002   13,036   0   38,634  42 0.3 0.3 0.0 0.7 

Mozambique 42  35,194   29,626   17,000   105,799  42 0.4 0.1 0.3 0.6 

Namibia 42  150,896   60,661   53,000   296,200  42 0.3 0.1 0.1 0.4 

Swaziland 0 

    

0 

    Tanzania 42  252,702   81,481   165,000   450,000  42 0.9 0.3 0.5 2.0 

Zambia 42  85,352   52,207   18,520   295,000  42 0.6 0.1 0.5 0.9 

Zimbabwe 42  314,712   81,012   141,101   450,000  42 0.4 0.2 0.1 0.9 

Total 336  121,800   118,229   0   450,000  336 0.5 0.3 0.0 2.0 

S
u

d
a

n
o
-S

a
h

e
l 

Burkina Faso 42  963,367   229,827  596,972  1,389,618  42 0.5 0.1 0.3 0.8 

Chad 42  517,759   143,911   187,000   848,859  42 0.5 0.1 0.3 0.7 

Gambia 42  41,528   21,144   11,000   97,340  42 1.0 0.1 0.8 1.3 

Mali 42  847,625   266,537   525,000  1,557,590  42 0.7 0.1 0.5 1.0 

Mauritania 42  18,966   10,460   1,700   39,000  42 0.3 0.2 0.1 0.8 

Niger 42 3,269,039  1,292,440  1,640,100  5,576,500  42 0.4 0.1 0.3 0.6 

Senegal 42  885,951  88,808  709,000  1,146,000  42 0.6 0.1 0.3 0.8 

Somalia 0 

    

0 

    Sudan 42 1,352,456   737,448  331,565  3,236,940  42 0.3 0.2 0.1 0.7 

Total 336  987,086  1,104,682   1,700  5,576,500  336 0.5 0.3 0.1 1.3 

W
e
st

 

Benin 42  25,809   11,969   9,829   48,732  42 0.5 0.2 0.3 0.8 

Côte d'Ivoire 42  67,859   8,989   50,000   85,000  42 0.5 0.1 0.4 0.6 

Ghana 42  182,477   41,916   100,000   250,000  42 0.7 0.1 0.5 1.0 

Guinea 42  54,941   30,745   35,000   159,060  42 1.4 0.2 0.9 1.9 

Guinea-Bissau 42  19,134   8,825   9,000   38,086  42 0.7 0.2 0.3 1.5 

Liberia 0 

    

0 

    Nigeria 42  4,116,762   1,134,391  1,698,000  5,814,000  42 1.0 0.3 0.4 1.6 

Sierra Leone 42  13,369   8,638   4,003   31,100  42 1.1 0.3 0.7 1.6 

Togo 42  147,477   71,395   49,900   394,000  42 0.6 0.2 0.3 1.3 

Total 336  578,478   1,398,448   4,003   5,814,000  336 0.8 0.4 0.3 1.9 

SSA Total 1302  457,671   980,445   0  5,814,000  1302 0.7 0.4 0.0 2.0 
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Table F.4. Summary statistics for sorghum agronomic data 

 

Countries 
A Y 

Obs Mean St Dev Min Max Obs Mean St Dev Min Max 
C

e
n

tr
a
l 

Cameroon 42  385,516   79,948   242,218   530,000  42 0.8 0.2 0.6 1.4 

CAR 42  44,353   12,979   16,326   67,000  42 0.8 0.2 0.3 1.3 

Congo 0 

    

0 

    Congo DR 42  32,444   18,719   7,186   78,000  42 0.7 0.1 0.6 0.9 

Equatorial Guinea 0 
    

0 
    

Gabon 0         0 

    Total 126  154,105   171,115   7,186   530,000  126 0.8 0.2 0.3 1.4 

E
a
st

 

Burundi 42  40,679   17,884   17,000   77,000  42 1.1 0.1 0.8 1.3 

Kenya 42  159,403   39,622   84,000   210,000  42 0.9 0.2 0.3 1.1 

Madagascar 42  2,961   1,354   375   5,270  42 0.5 0.1 0.2 0.7 

Rwanda 42  135,702   30,945   67,093   185,444  42 1.1 0.2 0.7 1.5 

Uganda 42  263,458   46,287   167,000   367,000  42 1.3 0.3 0.8 2.0 

Total 210  120,440   97,434   375   367,000  210 1.0 0.3 0.2 2.0 

S
o

u
th

 

Angola 0 
    

0 
    Botswana 42  93,014   52,962   26,000   243,800  42 0.3 0.2 0.1 1.1 

Lesotho 42  53,250   18,980   8,579   85,000  42 0.9 0.3 0.3 1.7 

Malawi 42  65,678   34,493   21,302   130,000  42 0.7 0.1 0.1 0.9 

Mozambique 42  319,071   86,534   216,000   501,622  42 0.7 0.2 0.2 1.0 

Namibia 42  25,378   7,750   10,000   48,500  42 0.2 0.1 0.1 0.4 

Swaziland 42  4,078   5,654   700   30,000  42 0.7 0.4 0.2 2.0 

Tanzania 42  492,901   191,913   162,000   800,000  42 0.9 0.3 0.5 1.8 

Zambia 42  51,975   20,307   16,570   100,000  42 0.6 0.1 0.3 0.8 

Zimbabwe 42  170,783   69,861   74,100   412,908  42 0.5 0.2 0.2 0.8 

Total 378  141,792   171,793   700   800,000  378 0.6 0.3 0.1 2.0 

S
u

d
a

n
o
-S

a
h

e
l 

Burkina Faso 42 1,160,744   176,368   830,600  1,484,369  42 0.7 0.2 0.5 1.1 

Chad 42  531,850   126,379   216,000   789,447  42 0.6 0.1 0.4 0.8 

Gambia 42  9,637   4,352   5,300   26,175  42 0.9 0.2 0.5 1.3 

Mali 42  563,285   187,487   355,000  1,031,131  42 0.8 0.1 0.6 1.1 

Mauritania 42  156,576   58,097   52,200   261,000  42 0.4 0.1 0.2 0.8 

Niger 42 1,218,892   721,444   447,996  2,604,308  42 0.4 0.2 0.1 0.7 

Senegal 42  135,469   30,286   75,000   230,196  42 0.8 0.2 0.5 1.4 

Somalia 42  406,435   87,855   239,560   621,200  42 0.4 0.1 0.3 0.6 

Sudan 42 3,499,193  1,717,809  1,131,057  6,556,000  42 0.7 0.2 0.3 1.0 

Total 378  853,565   1,194,581   5,300   6,556,000  378 0.6 0.2 0.1 1.4 

W
e
st

 

Benin 42  119,387   29,923   57,970   193,520  42 0.7 0.1 0.5 1.0 

Côte d'Ivoire 42  37,997   13,981   12,000   62,300  42 0.6 0.1 0.5 0.7 

Ghana 42  233,348   61,977   145,000   337,150  42 0.8 0.2 0.5 1.2 

Guinea 42  21,203   4,249   13,600   35,245  42 1.3 0.2 1.0 1.8 

Guinea-Bissau 42  14,866   9,570   4,000   40,000  42 0.8 0.2 0.5 1.6 

Liberia 0 

    

0 

    Nigeria 42  4,964,029   1,356,478  2,076,500   7,809,000  42 1.0 0.3 0.5 1.6 

Sierra Leone 42  14,464   10,717   4,750   39,300  42 1.2 0.3 0.5 1.7 

Togo 0         0 
    Total 294  772,184   1,789,502   4,000   7,809,000  294 0.9 0.3 0.5 1.79 

SSA Total 1386  467,515   1,092,950   375   7,809,000  1386 0.8 0.3 0.1 2.0 
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F.2. Weather data 

Table F.5. Summary statistics for cassava weather data 
 Countries 

T P 

Obs Mean St Dev Min Max Obs Mean St Dev Min Max 

S
u

d
a
n

o
-S

a
h

e
l 

Burkina Faso 42 28.2 0.4 27.4 29.2 42 884 105 712 1121 

Chad 42 27.9 0.5 26.9 28.8 42 607 97 397 800 

Gambia 42 26.4 0.5 25.5 27.3 42 989 300 455 1754 

Mali 42 26.6 0.4 25.7 27.3 42 1243 195 830 1701 

Mauritania 0 
    

0 
    Niger 42 28.1 0.5 26.9 29.0 42 597 121 360 841 

Senegal 42 27.4 0.5 26.4 28.3 42 649 168 332 1040 

Somalia 42 27.6 0.3 26.9 28.3 42 501 152 218 896 

Sudan 42 25.5 0.5 24.6 26.5 42 751 132 416 1002 

Total 336 27.2 1.0 24.6 29.2 336 778 286 218 1754 

W
e
st

 

Benin 42 27.4 0.4 26.5 28.5 42 1077 150 781 1495 

Côte d'Ivoire 42 26.3 0.3 25.5 27.1 42 1443 156 1122 1942 

Ghana 42 26.8 0.3 26.0 27.6 42 1239 177 881 1862 

Guinea 42 25.4 0.3 24.8 26.5 42 1967 209 1599 2418 

Guinea-Bissau 42 26.6 0.4 25.9 27.7 42 1813 354 1089 2586 

Liberia 42 25.3 0.3 24.8 26.3 42 2496 257 2049 3269 

Nigeria 42 27.1 0.4 26.4 27.9 42 874 107 627 1060 

Sierra Leone 42 26.0 0.3 25.5 27.1 42 2434 217 1939 2949 

Togo 42 26.4 0.4 25.4 27.3 42 1236 185 861 1806 

Total 378 26.4 0.8 24.8 28.5 378 1620 593 627 3269 

C
e
n

tr
a

l 

Cameroon 42 24.7 0.3 24.0 25.4 42 1561 134 1209 1818 

CAR 42 24.9 0.4 24.2 25.6 42 1281 134 1081 1639 

Congo 42 24.7 0.3 23.9 25.8 42 1604 158 1334 1904 

Congo DR 42 22.4 0.4 21.8 23.1 42 1301 96 1139 1603 

Equatorial Guinea 42 24.7 0.4 23.7 25.4 42 2410 269 1917 2963 

Gabon 42 25.3 0.3 24.5 26.0 42 1800 212 1310 2192 

Total 252 24.4 1.0 21.8 26.0 252 1660 419 1081 2963 

E
a

st
 

Burundi 42 20.3 0.4 19.7 21.1 42 1265 154 895 1717 

Kenya 42 22.5 0.3 21.7 23.3 42 994 192 684 1451 

Madagascar 42 22.2 0.3 21.6 22.8 42 1679 191 1295 2117 

Rwanda 42 18.8 0.4 18.1 19.7 42 1182 124 775 1438 

Uganda 42 22.2 0.5 21.4 23.1 42 1169 135 716 1570 

Total 210 21.2 1.5 18.1 23.3 210 1258 279 684 2117 

S
o
u

th
 

Angola 42 21.7 0.5 20.6 22.8 42 942 124 704 1258 

Botswana 0 

    

0 

    Lesotho 0 
    

0 
    Malawi 42 22.2 0.4 21.5 23.1 42 1055 148 774 1363 

Mozambique 42 23.7 0.4 23.0 24.6 42 991 135 711 1207 

Namibia 0 

    

0 

    Swaziland 0 

    

0 

    Tanzania 42 22.6 0.3 22.0 23.2 42 1068 129 880 1374 

Zambia 42 21.8 0.5 20.9 22.8 42 987 135 740 1255 

Zimbabwe 42 21.4 0.5 20.4 22.7 42 762 176 502 1192 

Total 252 22.2 0.9 20.4 24.6 252 968 174 502 1374 

SSA Total 1428 24.7 2.5 18.1 29.2 1428 1260 541 218 3269 

(continued) 
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Table F.5. Summary statistics for cassava weather data (continued) 

 Countries 
SPI ETo 

Obs Mean St Dev Min Max Obs Mean St Dev Min Max 
S

u
d

a
n

o
-S

a
h

e
l 

Burkina Faso 42 -0.22 0.97 -1.91 1.86 42 13.7 0.2 13.2 14.2 

Chad 42 -0.40 1.04 -2.85 1.48 42 13.9 0.2 13.6 14.4 

Gambia 42 -0.55 0.98 -2.66 1.57 42 12.6 0.1 12.4 12.9 

Mali 42 -0.50 1.05 -2.94 1.74 42 13.2 0.1 12.9 13.6 

Mauritania 0 

    

0 

    Niger 42 -0.31 1.06 -2.65 1.64 42 14.0 0.2 13.6 14.4 

Senegal 42 -0.63 0.95 -2.77 1.32 42 13.7 0.2 13.4 14.0 

Somalia 42 0.31 0.93 -1.90 2.43 42 8.0 0.1 7.6 8.3 

Sudan 42 -0.48 1.14 -3.79 1.49 42 11.8 0.1 11.6 12.2 

Total 336 -0.35 1.04 -3.79 2.43 336 12.6 1.9 7.6 14.4 

W
e
st

 

Benin 42 -0.14 1.09 -2.51 2.65 42 12.2 0.2 11.6 12.7 

Côte d'Ivoire 42 -0.45 0.93 -2.56 2.36 42 11.6 0.1 11.3 11.9 

Ghana 42 -0.30 1.10 -2.82 3.22 42 11.1 0.2 10.7 11.4 

Guinea 42 -0.59 0.96 -2.38 1.39 42 12.0 0.1 11.8 12.4 

Guinea-Bissau 42 -0.48 1.03 -2.88 1.56 42 11.5 0.1 11.3 11.8 

Liberia 42 -0.45 0.88 -2.09 2.04 42 11.7 0.1 11.6 12.1 

Nigeria 42 -0.36 0.99 -2.79 1.24 42 13.2 0.2 12.8 13.6 

Sierra Leone 42 -0.70 0.80 -2.66 1.12 42 11.6 0.1 11.5 12.0 

Togo 42 -0.24 1.08 -2.67 2.76 42 11.7 0.2 11.2 12.1 

Total 378 -0.41 0.99 -2.88 3.22 378 11.8 0.6 10.7 13.6 

C
e
n

tr
a

l 

Cameroon 42 -0.27 1.08 -3.30 1.72 42 11.7 0.2 11.3 12.1 

CAR 42 -0.28 1.05 -1.93 2.37 42 11.8 0.1 11.5 12.1 

Congo 42 0.13 0.77 -1.24 1.54 42 10.1 0.1 9.9 10.4 

Congo DR 42 0.26 0.93 -1.38 3.06 42 10.5 0.2 10.2 10.9 

Equatorial Guinea 42 -0.12 0.89 -1.84 1.60 42 9.5 0.1 9.0 9.8 

Gabon 42 0.07 0.81 -1.95 1.48 42 9.7 0.1 9.4 9.8 

Total 252 -0.04 0.94 -3.30 3.06 252 10.5 0.9 9.0 12.1 

E
a

st
 

Burundi 42 0.26 0.78 -1.82 2.37 42 9.6 0.2 9.2 10.1 

Kenya 42 0.22 1.08 -1.70 2.57 42 9.2 0.1 8.8 9.4 

Madagascar 42 0.28 1.08 -2.05 2.62 42 7.1 0.1 7.0 7.2 

Rwanda 42 0.28 0.80 -2.62 1.80 42 9.1 0.2 8.8 9.5 

Uganda 42 0.10 1.02 -3.78 2.82 42 9.7 0.2 9.4 10.1 

Total 210 0.23 0.96 -3.78 2.82 210 8.9 1.0 7.0 10.1 

S
o
u

th
 

Angola 42 0.04 0.86 -1.75 2.07 42 11.6 0.2 11.1 12.0 

Botswana 0 

    

0 

    Lesotho 0 

    

0 

    Malawi 42 0.14 0.99 -1.89 2.06 42 9.2 0.2 8.8 9.5 

Mozambique 42 0.18 1.08 -2.22 1.82 42 9.3 0.2 9.1 9.7 

Namibia 0 

    

0 

    Swaziland 0 

    

0 

    Tanzania 42 0.26 0.92 -1.15 2.32 42 9.2 0.1 8.9 9.5 

Zambia 42 -0.05 1.19 -2.39 2.18 42 10.9 0.2 10.4 11.4 

Zimbabwe 42 -0.09 1.00 -1.70 2.07 42 10.1 0.3 9.6 10.8 

Total 252 0.08 1.01 -2.39 2.32 252 10.1 1.0 8.8 12.0 

SSA Total 1428 -0.15 1.02 -3.79 3.22 1428 11.1 1.7 7.0 14.4 

(continued) 
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Table F.5. Summary statistics for cassava weather data (continued) 

 Countries 
Drought Flood 

Obs Mean St Dev Min Max Obs Mean St Dev Min Max 
S

u
d

a
n

o
-S

a
h

e
l 

Burkina Faso 42 0.19 0.40 0 1 42 0.10 0.30 0 1 

Chad 42 0.33 0.48 0 1 42 0.00 0.00 0 0 

Gambia 42 0.45 0.50 0 1 42 0.02 0.15 0 1 

Mali 42 0.29 0.46 0 1 42 0.02 0.15 0 1 

Mauritania 0 

    

0 

    Niger 42 0.24 0.43 0 1 42 0.10 0.30 0 1 

Senegal 42 0.55 0.50 0 1 42 0.00 0.00 0 0 

Somalia 42 0.07 0.26 0 1 42 0.29 0.46 0 1 

Sudan 42 0.33 0.48 0 1 42 0.00 0.00 0 0 

Total 336 0.31 0.46 0 1 336 0.07 0.25 0 1 

W
e
st

 

Benin 42 0.19 0.40 0 1 42 0.10 0.30 0 1 

Côte d'Ivoire 42 0.26 0.45 0 1 42 0.07 0.26 0 1 

Ghana 42 0.10 0.30 0 1 42 0.07 0.26 0 1 

Guinea 42 0.48 0.51 0 1 42 0.00 0.00 0 0 

Guinea-Bissau 42 0.50 0.51 0 1 42 0.02 0.15 0 1 

Liberia 42 0.24 0.43 0 1 42 0.05 0.22 0 1 

Nigeria 42 0.21 0.42 0 1 42 0.00 0.00 0 0 

Sierra Leone 42 0.40 0.50 0 1 42 0.00 0.00 0 0 

Togo 42 0.21 0.42 0 1 42 0.07 0.26 0 1 

Total 378 0.29 0.45 0 1 378 0.04 0.20 0 1 

C
e
n

tr
a

l 

Cameroon 42 0.26 0.45 0 1 42 0.07 0.26 0 1 

CAR 42 0.31 0.47 0 1 42 0.26 0.45 0 1 

Congo 42 0.00 0.00 0 0 42 0.07 0.26 0 1 

Congo DR 42 0.00 0.00 0 0 42 0.17 0.38 0 1 

Equatorial Guinea 42 0.19 0.40 0 1 42 0.05 0.22 0 1 

Gabon 42 0.14 0.35 0 1 42 0.00 0.00 0 0 

Total 252 0.15 0.36 0 1 252 0.10 0.30 0 1 

E
a

st
 

Burundi 42 0.05 0.22 0 1 42 0.07 0.26 0 1 

Kenya 42 0.05 0.22 0 1 42 0.19 0.40 0 1 

Madagascar 42 0.10 0.30 0 1 42 0.29 0.46 0 1 

Rwanda 42 0.05 0.22 0 1 42 0.17 0.38 0 1 

Uganda 42 0.07 0.26 0 1 42 0.19 0.40 0 1 

Total 210 0.06 0.24 0 1 210 0.18 0.39 0 1 

S
o
u

th
 

Angola 42 0.17 0.38 0 1 42 0.10 0.30 0 1 

Botswana 0 

    

0 

    Lesotho 0 

    

0 

    Malawi 42 0.07 0.26 0 1 42 0.07 0.26 0 1 

Mozambique 42 0.14 0.35 0 1 42 0.12 0.33 0 1 

Namibia 0 

    

0 

    Swaziland 0 

    

0 

    Tanzania 42 0.00 0.00 0 0 42 0.14 0.35 0 1 

Zambia 42 0.17 0.38 0 1 42 0.19 0.40 0 1 

Zimbabwe 42 0.17 0.38 0 1 42 0.07 0.26 0 1 

Total 252 0.12 0.32 0 1 252 0.12 0.32 0 1 

SSA Total 1428 0.21 0.40 0 1 1428 0.09 0.29 0 1 
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Table F.6. Summary statistics for maize weather data 

 
Countries 

T P 

Obs Mean St Dev Min Max Obs Mean St Dev Min Max 
S

u
d

a
n

o
-S

a
h

e
l 

Burkina Faso 42 28.4 0.4 27.5 29.3 42 754 104 579 986 

Chad 42 27.9 0.5 26.9 28.9 42 582 97 372 790 

Gambia 42 26.4 0.5 25.5 27.3 42 989 300 455 1753 

Mali 42 28.5 0.5 27.5 29.4 42 633 102 446 838 

Mauritania 42 28.0 0.5 26.9 28.9 42 230 85 79 405 

Niger 42 28.3 0.4 27.1 29.1 42 615 121 372 852 

Senegal 42 27.4 0.5 26.5 28.3 42 662 169 344 1047 

Somalia 42 27.5 0.3 26.7 28.2 42 473 139 237 854 

Sudan 42 27.5 0.6 26.4 28.5 42 621 109 380 959 

Total 378 27.8 0.8 25.5 29.4 378 618 243 79 1753 

W
e
st

 

Benin 42 27.4 0.4 26.5 28.5 42 1076 151 779 1496 

Côte d'Ivoire 42 26.3 0.3 25.5 27.2 42 1400 156 1078 1901 

Ghana 42 26.9 0.3 26.0 27.6 42 1237 174 885 1845 

Guinea 42 25.5 0.3 24.9 26.6 42 1930 217 1560 2415 

Guinea-Bissau 42 26.7 0.4 25.9 27.7 42 1699 322 1011 2372 

Liberia 0 

    

0 

    Nigeria 42 27.1 0.4 26.4 27.9 42 883 107 635 1068 

Sierra Leone 42 26.0 0.3 25.4 27.1 42 2302 215 1851 2822 

Togo 42 26.4 0.4 25.5 27.4 42 1231 184 855 1798 

Total 336 26.5 0.7 24.9 28.5 336 1470 486 635 2822 

C
e
n

tr
a

l 

Cameroon 42 24.6 0.3 23.9 25.3 42 1597 135 1243 1858 

CAR 42 24.8 0.4 24.1 25.5 42 1270 137 1066 1644 

Congo 42 24.7 0.3 24.0 25.9 42 1521 160 1208 1833 

Congo DR 42 22.1 0.4 21.6 22.9 42 1277 98 1109 1582 

Equatorial Guinea 0 

    

0 

    Gabon 42 25.4 0.3 24.6 26.1 42 1831 224 1323 2258 

Total 210 24.3 1.2 21.6 26.1 210 1499 262 1066 2258 

E
a

st
 

Burundi 42 20.3 0.4 19.7 21.1 42 1246 148 876 1674 

Kenya 42 22.7 0.3 21.8 23.4 42 971 193 678 1441 

Madagascar 42 22.2 0.3 21.6 22.8 42 1678 191 1294 2116 

Rwanda 42 19.2 0.4 18.6 20.1 42 1118 117 726 1343 

Uganda 42 22.2 0.5 21.3 23.1 42 1183 150 705 1664 

Total 210 21.3 1.4 18.6 23.4 210 1239 287 678 2116 

S
o
u

th
 

Angola 42 21.7 0.5 20.6 22.8 42 935 124 704 1243 

Botswana 42 21.6 0.6 20.2 22.8 42 437 105 212 660 

Lesotho 42 11.4 0.4 10.7 12.3 42 791 125 448 1055 

Malawi 42 21.8 0.4 21.1 22.7 42 1052 144 787 1368 

Mozambique 42 23.6 0.4 22.8 24.4 42 972 133 703 1181 

Namibia 42 21.9 0.6 20.3 23.3 42 493 116 266 840 

Swaziland 42 20.0 0.4 19.4 21.0 42 862 177 544 1328 

Tanzania 42 22.5 0.3 21.9 23.1 42 1061 132 869 1368 

Zambia 42 21.8 0.5 20.9 22.8 42 957 134 706 1224 

Zimbabwe 42 21.2 0.5 20.1 22.5 42 681 163 425 1077 

Total 420 20.7 3.3 10.7 24.4 420 824 250 212 1368 

SSA Total 1554 24.3 3.5 10.7 29.4 1554 1061 482 79 2822 
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Table F.6. Summary statistics for maize weather data (continued) 

 
Countries 

SPI ETo 

Obs Mean St Dev Min Max Obs Mean St Dev Min Max 
S

u
d

a
n

o
-S

a
h

e
l 

Burkina Faso 42 -0.40 0.98 -2.15 1.63 42 14.0 0.2 13.7 14.6 

Chad 42 -0.39 1.04 -2.87 1.62 42 13.9 0.2 13.6 14.5 

Gambia 42 -0.55 0.98 -2.66 1.57 42 12.6 0.1 12.4 12.9 

Mali 42 -0.60 0.94 -2.49 1.17 42 14.2 0.2 13.8 14.6 

Mauritania 42 -0.54 1.11 -2.94 1.32 42 14.4 0.2 14.0 14.7 

Niger 42 -0.28 1.07 -2.66 1.62 42 14.0 0.2 13.5 14.4 

Senegal 42 -0.63 0.95 -2.75 1.29 42 13.7 0.2 13.4 14.0 

Somalia 42 0.34 0.93 -1.59 2.57 42 8.1 0.1 7.8 8.4 

Sudan 42 -0.32 1.22 -3.40 2.99 42 12.3 0.2 11.9 12.8 

Total 378 -0.38 1.05 -3.40 2.99 378 13.0 1.9 7.8 14.7 

W
e
st

 

Benin 42 -0.15 1.09 -2.52 2.66 42 12.2 0.2 11.6 12.7 

Côte d'Ivoire 42 -0.45 0.94 -2.60 2.39 42 11.6 0.1 11.3 12.0 

Ghana 42 -0.31 1.09 -2.80 3.18 42 11.1 0.2 10.8 11.4 

Guinea 42 -0.60 0.97 -2.37 1.49 42 11.9 0.1 11.8 12.3 

Guinea-Bissau 42 -0.52 1.01 -2.94 1.38 42 11.8 0.1 11.6 12.1 

Liberia 0 

    

0 

    Nigeria 42 -0.36 0.99 -2.81 1.25 42 13.1 0.2 12.8 13.6 

Sierra Leone 42 -0.67 0.84 -2.55 1.26 42 11.7 0.1 11.5 12.1 

Togo 42 -0.23 1.08 -2.70 2.78 42 11.7 0.2 11.3 12.1 

Total 336 -0.41 1.01 -2.94 3.18 336 11.9 0.6 10.8 13.6 

C
e
n

tr
a

l 

Cameroon 42 -0.26 1.08 -3.28 1.74 42 11.6 0.2 11.2 12.0 

CAR 42 -0.29 1.06 -1.95 2.43 42 11.8 0.1 11.5 12.1 

Congo 42 0.13 0.76 -1.44 1.54 42 10.0 0.1 9.8 10.2 

Congo DR 42 0.25 0.98 -1.50 3.15 42 10.6 0.2 10.2 11.0 

Equatorial Guinea 0 

    

0 

    Gabon 42 0.05 0.81 -1.94 1.52 42 9.6 0.1 9.3 9.7 

Total 210 -0.03 0.96 -3.28 3.15 210 10.7 0.9 9.3 12.1 

E
a

st
 

Burundi 42 0.27 0.77 -1.85 2.32 42 9.6 0.2 9.2 10.1 

Kenya 42 0.22 1.09 -1.60 2.64 42 9.2 0.1 8.8 9.4 

Madagascar 42 0.28 1.09 -2.05 2.62 42 7.1 0.1 7.0 7.2 

Rwanda 42 0.27 0.81 -2.69 1.70 42 9.3 0.2 8.9 9.7 

Uganda 42 0.10 1.04 -3.70 3.06 42 9.8 0.2 9.5 10.1 

Total 210 0.23 0.96 -3.70 3.06 210 9.0 1.0 7.0 10.1 

S
o
u

th
 

Angola 42 0.03 0.88 -1.73 2.05 42 11.7 0.2 11.1 12.1 

Botswana 42 -0.09 1.01 -2.62 1.79 42 11.5 0.3 10.7 12.1 

Lesotho 42 -0.21 0.94 -3.18 1.59 42 7.6 0.2 7.2 8.0 

Malawi 42 0.16 1.03 -1.86 2.25 42 9.1 0.2 8.8 9.5 

Mozambique 42 0.17 1.08 -2.15 1.76 42 9.3 0.2 9.1 9.8 

Namibia 42 -0.04 1.02 -2.39 2.58 42 12.4 0.3 11.6 13.0 

Swaziland 42 0.05 0.88 -1.73 2.10 42 9.3 0.2 8.9 9.9 

Tanzania 42 0.25 0.93 -1.17 2.30 42 9.2 0.1 8.9 9.5 

Zambia 42 -0.07 1.16 -2.43 2.12 42 10.9 0.2 10.4 11.4 

Zimbabwe 42 -0.13 0.98 -1.85 1.99 42 10.3 0.3 9.7 10.9 

Total 420 0.01 0.99 -3.18 2.58 420 10.1 1.4 7.2 13.0 

SSA Total 1554 -0.15 1.03 -3.70 3.18 1554 11.1 1.9 7.0 14.7 
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Table F.6. Summary statistics for maize weather data (continued) 

 
Countries 

Drought Flood 

Obs Mean St Dev Min Max Obs Mean St Dev Min Max 
S

u
d

a
n

o
-S

a
h

e
l 

Burkina Faso 42 0.33 0.48 0 1 42 0.19 0.40 0 1 

Chad 42 0.33 0.48 0 1 42 0.10 0.30 0 1 

Gambia 42 0.45 0.50 0 1 42 0.02 0.15 0 1 

Mali 42 0.21 0.42 0 1 42 0.00 0.00 0 0 

Mauritania 42 0.45 0.50 0 1 42 0.00 0.00 0 0 

Niger 42 0.21 0.42 0 1 42 0.10 0.30 0 1 

Senegal 42 0.55 0.50 0 1 42 0.00 0.00 0 0 

Somalia 42 0.07 0.26 0 1 42 0.24 0.43 0 1 

Sudan 42 0.31 0.47 0 1 42 0.14 0.35 0 1 

Total 378 0.33 0.47 0 1 378 0.09 0.28 0 1 

W
e
st

 

Benin 42 0.19 0.40 0 1 42 0.10 0.30 0 1 

Côte d'Ivoire 42 0.26 0.45 0 1 42 0.07 0.26 0 1 

Ghana 42 0.10 0.30 0 1 42 0.07 0.26 0 1 

Guinea 42 0.48 0.51 0 1 42 0.00 0.00 0 0 

Guinea-Bissau 42 0.50 0.51 0 1 42 0.00 0.00 0 0 

Liberia 0 

    

0 

    Nigeria 42 0.21 0.42 0 1 42 0.00 0.00 0 0 

Sierra Leone 42 0.40 0.50 0 1 42 0.00 0.00 0 0 

Togo 42 0.21 0.42 0 1 42 0.07 0.26 0 1 

Total 336 0.29 0.46 0 1 336 0.04 0.19 0 1 

C
e
n

tr
a

l 

Cameroon 42 0.26 0.45 0 1 42 0.07 0.26 0 1 

CAR 42 0.31 0.47 0 1 42 0.24 0.43 0 1 

Congo 42 0.00 0.00 0 0 42 0.07 0.26 0 1 

Congo DR 42 0.07 0.26 0 1 42 0.19 0.40 0 1 

Equatorial Guinea 0 

    

0 

    Gabon 42 0.02 0.15 0 1 42 0.02 0.15 0 1 

Total 210 0.13 0.34 0 1 210 0.12 0.32 0 1 

E
a

st
 

Burundi 42 0.05 0.22 0 1 42 0.07 0.26 0 1 

Kenya 42 0.05 0.22 0 1 42 0.19 0.40 0 1 

Madagascar 42 0.10 0.30 0 1 42 0.29 0.46 0 1 

Rwanda 42 0.05 0.22 0 1 42 0.19 0.40 0 1 

Uganda 42 0.07 0.26 0 1 42 0.19 0.40 0 1 

Total 210 0.06 0.24 0 1 210 0.19 0.39 0 1 

S
o
u

th
 

Angola 42 0.17 0.38 0 1 42 0.10 0.30 0 1 

Botswana 42 0.14 0.35 0 1 42 0.17 0.38 0 1 

Lesotho 42 0.12 0.33 0 1 42 0.05 0.22 0 1 

Malawi 42 0.07 0.26 0 1 42 0.07 0.26 0 1 

Mozambique 42 0.17 0.38 0 1 42 0.17 0.38 0 1 

Namibia 42 0.14 0.35 0 1 42 0.07 0.26 0 1 

Swaziland 42 0.02 0.15 0 1 42 0.07 0.26 0 1 

Tanzania 42 0.00 0.00 0 0 42 0.14 0.35 0 1 

Zambia 42 0.17 0.38 0 1 42 0.19 0.40 0 1 

Zimbabwe 42 0.19 0.40 0 1 42 0.07 0.26 0 1 

Total 420 0.12 0.32 0 1 420 0.11 0.31 0 1 

SSA Total 1554 0.20 0.40 0 1 1554 0.10 0.30 0 1 
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305 

 

 

 

Table F.7. Summary statistics for millet weather data 

 Countries 
T P 

Obs Mean St Dev Min Max Obs Mean St Dev Min Max 
S

u
d

a
n

o
-S

a
h

e
l 

Burkina Faso 42 28.4 0.4 27.6 29.3 42 739 104 562 970 

Chad 42 27.9 0.5 26.8 28.8 42 568 99 356 779 

Gambia 42 26.4 0.5 25.5 27.3 42 989 300 455 1754 

Mali 42 28.6 0.5 27.5 29.5 42 620 101 438 827 

Mauritania 42 28.0 0.5 26.9 29.0 42 238 85 88 422 

Niger 42 28.6 0.4 27.4 29.4 42 576 114 354 792 

Senegal 42 27.4 0.5 26.5 28.3 42 644 166 335 1031 

Somalia 0 

    

0 

    Sudan 42 27.8 0.7 26.6 28.8 42 585 83 352 744 

Total 336 27.9 0.8 25.5 29.5 336 620 244 88 1754 

W
e
st

 

Benin 42 27.8 0.4 26.9 28.8 42 987 125 765 1259 

Côte d'Ivoire 42 26.4 0.3 25.6 27.2 42 1354 142 1044 1791 

Ghana 42 27.0 0.3 26.1 27.8 42 1214 166 874 1784 

Guinea 42 26.0 0.3 25.3 27.1 42 1854 225 1506 2371 

Guinea-Bissau 42 26.7 0.4 25.9 27.7 42 1585 314 925 2254 

Liberia 0 
    

0 
    Nigeria 42 27.2 0.4 26.5 28.0 42 848 107 615 1039 

Sierra Leone 42 26.0 0.3 25.5 27.1 42 2425 219 1904 2960 

Togo 42 26.5 0.4 25.6 27.5 42 1217 178 851 1763 

Total 336 26.7 0.7 25.3 28.8 336 1435 516 615 2960 

C
e
n

tr
a

l 

Cameroon 42 26.0 0.4 25.4 26.8 42 1218 110 925 1415 

CAR 42 25.7 0.4 24.9 26.6 42 945 132 707 1301 

Congo 0 

    

0 

    Congo DR 42 21.6 0.4 21.1 22.4 42 1247 97 1099 1529 

Equatorial Guinea 0 

    

0 

    Gabon 0 

    

0 

    Total 126 24.5 2.0 21.1 26.8 126 1137 177 707 1529 

E
a

st
 

Burundi 42 20.4 0.4 19.8 21.2 42 1232 146 864 1645 

Kenya 42 22.6 0.3 21.7 23.4 42 984 191 677 1461 

Madagascar 0 

    

0 

    Rwanda 42 19.3 0.4 18.6 20.2 42 1057 112 681 1248 

Uganda 42 22.4 0.5 21.5 23.3 42 1179 148 710 1662 

Total 168 21.2 1.5 18.6 23.4 168 1113 180 677 1662 

S
o
u

th
 

Angola 42 21.7 0.5 20.6 22.9 42 858 115 627 1093 

Botswana 42 21.9 0.6 20.5 23.1 42 455 111 230 732 

Lesotho 0 

    

0 

    Malawi 42 21.7 0.4 20.9 22.5 42 1051 141 787 1336 

Mozambique 42 23.6 0.4 22.9 24.5 42 970 134 702 1184 

Namibia 42 21.4 0.6 19.7 23.0 42 438 113 223 765 

Swaziland 0 

    

0 

    Tanzania 42 22.5 0.3 22.0 23.1 42 1066 131 872 1380 

Zambia 42 21.9 0.5 20.9 23.0 42 930 132 680 1191 

Zimbabwe 42 21.1 0.5 20.0 22.4 42 680 163 422 1077 

Total 336 22.0 0.9 19.7 24.5 336 806 270 223 1380 

SSA Total 1302 24.9 2.9 18.6 29.5 1302 992 457 88 2960 

(continued) 
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Table F.7. Summary statistics for millet weather data (continued) 

 
 

SPI ETo 

 Countries Obs Mean St Dev Min Max Obs Mean St Dev Min Max 
S

u
d

a
n

o
-S

a
h

e
l 

Burkina Faso 42 -0.41 0.97 -2.16 1.60 42 14.0 0.2 13.7 14.6 

Chad 42 -0.40 1.06 -2.90 1.63 42 14.0 0.2 13.6 14.5 

Gambia 42 -0.55 0.98 -2.66 1.57 42 12.6 0.1 12.4 12.9 

Mali 42 -0.60 0.94 -2.45 1.20 42 14.2 0.2 13.8 14.6 

Mauritania 42 -0.55 1.10 -2.89 1.40 42 14.3 0.2 14.0 14.6 

Niger 42 -0.23 1.06 -2.55 1.62 42 14.1 0.2 13.6 14.4 

Senegal 42 -0.64 0.95 -2.74 1.32 42 13.7 0.2 13.4 14.0 

Somalia 0 

    

0 

    Sudan 42 -0.44 1.11 -3.93 1.51 42 12.5 0.2 12.0 13.0 

Total 336 -0.48 1.02 -3.93 1.63 336 13.7 0.7 12.0 14.6 

W
e
st

 

Benin 42 -0.14 1.07 -2.16 2.04 42 12.7 0.2 12.1 13.1 

Côte d'Ivoire 42 -0.50 0.93 -2.74 2.21 42 11.9 0.1 11.6 12.2 

Ghana 42 -0.31 1.10 -2.85 3.16 42 11.3 0.2 10.9 11.6 

Guinea 42 -0.59 0.99 -2.22 1.57 42 12.0 0.1 11.8 12.3 

Guinea-Bissau 42 -0.53 0.98 -2.85 1.33 42 12.0 0.1 11.8 12.3 

Liberia 0 
    

0 
    Nigeria 42 -0.36 0.99 -2.66 1.28 42 13.2 0.2 12.9 13.7 

Sierra Leone 42 -0.70 0.81 -2.77 1.18 42 11.6 0.1 11.4 12.0 

Togo 42 -0.23 1.09 -2.71 2.80 42 11.9 0.2 11.4 12.3 

Total 336 -0.42 1.01 -2.85 3.16 336 12.1 0.6 10.9 13.7 

C
e
n

tr
a

l 

Cameroon 42 -0.33 1.03 -3.24 1.42 42 12.5 0.2 12.2 13.1 

CAR 42 -0.50 1.02 -2.51 2.04 42 12.9 0.1 12.6 13.3 

Congo 0 

    

0 

    Congo DR 42 0.22 0.96 -1.32 2.89 42 10.5 0.2 10.1 10.9 

Equatorial Guinea 0 

    

0 

    Gabon 0 

    

0 

    Total 126 -0.20 1.05 -3.24 2.89 126 12.0 1.1 10.1 13.3 

E
a

st
 

Burundi 42 0.28 0.76 -1.85 2.27 42 9.6 0.2 9.2 10.1 

Kenya 42 0.22 1.09 -1.72 2.69 42 9.2 0.1 8.9 9.4 

Madagascar 0 

    

0 

    Rwanda 42 0.27 0.83 -2.77 1.58 42 9.4 0.2 9.1 9.8 

Uganda 42 0.08 1.04 -3.69 3.10 42 9.8 0.2 9.5 10.1 

Total 168 0.21 0.93 -3.69 3.10 168 9.5 0.3 8.9 10.1 

S
o
u

th
 

Angola 42 0.02 0.88 -1.88 1.70 42 11.8 0.2 11.2 12.2 

Botswana 42 -0.07 1.01 -2.45 2.09 42 11.7 0.3 10.9 12.3 

Lesotho 0 

    

0 

    Malawi 42 0.19 1.06 -1.94 2.20 42 9.1 0.2 8.8 9.4 

Mozambique 42 0.15 1.08 -2.15 1.78 42 9.4 0.2 9.1 9.8 

Namibia 42 0.00 1.02 -2.32 2.52 42 12.3 0.3 11.5 13.0 

Swaziland 0 

    

0 

    Tanzania 42 0.26 0.92 -1.19 2.34 42 9.2 0.1 9.0 9.5 

Zambia 42 -0.09 1.14 -2.44 2.03 42 11.0 0.2 10.4 11.5 

Zimbabwe 42 -0.13 0.98 -1.85 1.98 42 10.3 0.3 9.7 10.9 

Total 336 0.04 1.01 -2.45 2.52 336 10.6 1.2 8.8 13.0 

SSA Total 1302 -0.21 1.04 -3.93 3.16 1302 11.8 1.6 8.8 14.6 

(continued) 
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Table F.7. Summary statistics for millet weather data (continued) 

 
 

Drought Flood 

 Countries Obs Mean St Dev Min Max Obs Mean St Dev Min Max 
S

u
d

a
n

o
-S

a
h

e
l 

Burkina Faso 42 0.26 0.45 0 1 42 0.19 0.40 0 1 

Chad 42 0.33 0.48 0 1 42 0.10 0.30 0 1 

Gambia 42 0.45 0.50 0 1 42 0.02 0.15 0 1 

Mali 42 0.29 0.46 0 1 42 0.00 0.00 0 0 

Mauritania 42 0.45 0.50 0 1 42 0.00 0.00 0 0 

Niger 42 0.19 0.40 0 1 42 0.17 0.38 0 1 

Senegal 42 0.55 0.50 0 1 42 0.00 0.00 0 0 

Somalia 0 

    

0 

    Sudan 42 0.33 0.48 0 1 42 0.10 0.30 0 1 

Total 336 0.36 0.48 0 1 336 0.07 0.26 0 1 

W
e
st

 

Benin 42 0.24 0.43 0 1 42 0.19 0.40 0 1 

Côte d'Ivoire 42 0.38 0.49 0 1 42 0.07 0.26 0 1 

Ghana 42 0.10 0.30 0 1 42 0.07 0.26 0 1 

Guinea 42 0.36 0.48 0 1 42 0.10 0.30 0 1 

Guinea-Bissau 42 0.48 0.51 0 1 42 0.00 0.00 0 0 

Liberia 0 
    

0 
    Nigeria 42 0.21 0.42 0 1 42 0.00 0.00 0 0 

Sierra Leone 42 0.40 0.50 0 1 42 0.00 0.00 0 0 

Togo 42 0.21 0.42 0 1 42 0.07 0.26 0 1 

Total 336 0.30 0.46 0 1 336 0.06 0.24 0 1 

C
e
n

tr
a

l 

Cameroon 42 0.26 0.45 0 1 42 0.00 0.00 0 0 

CAR 42 0.21 0.42 0 1 42 0.10 0.30 0 1 

Congo 0 

    

0 

    Congo DR 42 0.00 0.00 0 0 42 0.12 0.33 0 1 

Equatorial Guinea 0 

    

0 

    Gabon 0 

    

0 

    Total 126 0.16 0.37 0 1 126 0.07 0.26 0 1 

E
a

st
 

Burundi 42 0.05 0.22 0 1 42 0.07 0.26 0 1 

Kenya 42 0.05 0.22 0 1 42 0.19 0.40 0 1 

Madagascar 0 

    

0 

    Rwanda 42 0.05 0.22 0 1 42 0.14 0.35 0 1 

Uganda 42 0.07 0.26 0 1 42 0.19 0.40 0 1 

Total 168 0.05 0.23 0 1 168 0.15 0.36 0 1 

S
o
u

th
 

Angola 42 0.19 0.40 0 1 42 0.10 0.30 0 1 

Botswana 42 0.17 0.38 0 1 42 0.12 0.33 0 1 

Lesotho 0 

    

0 

    Malawi 42 0.07 0.26 0 1 42 0.19 0.40 0 1 

Mozambique 42 0.17 0.38 0 1 42 0.17 0.38 0 1 

Namibia 42 0.12 0.33 0 1 42 0.17 0.38 0 1 

Swaziland 0 

    

0 

    Tanzania 42 0.00 0.00 0 0 42 0.14 0.35 0 1 

Zambia 42 0.17 0.38 0 1 42 0.17 0.38 0 1 

Zimbabwe 42 0.17 0.38 0 1 42 0.07 0.26 0 1 

Total 336 0.13 0.34 0 1 336 0.14 0.35 0 1 

SSA Total 1302 0.23 0.42 0 1 1302 0.10 0.30 0 1 
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Table F.8. Summary statistics for sorghum weather data 

 
 

T P 

 Countries Obs Mean St Dev Min Max Obs Mean St Dev Min Max 
S

u
d

a
n

o
-S

a
h

e
l 

Burkina Faso 42 28.4 0.4 27.6 29.3 42 740 104 564 974 

Chad 42 27.8 0.5 26.7 28.7 42 566 99 352 777 

Gambia 42 26.4 0.5 25.5 27.3 42 989 300 455 1753 

Mali 42 28.6 0.5 27.5 29.5 42 618 101 434 822 

Mauritania 42 28.1 0.5 27.0 29.1 42 215 82 60 373 

Niger 42 28.6 0.4 27.4 29.4 42 593 117 366 816 

Senegal 42 27.4 0.5 26.5 28.3 42 623 160 327 992 

Somalia 42 27.5 0.3 26.7 28.2 42 462 136 243 841 

Sudan 42 27.8 0.7 26.6 28.9 42 586 83 355 743 

Total 378 27.8 0.8 25.5 29.5 378 599 243 60 1753 

W
e
st

 

Benin 42 27.5 0.4 26.6 28.6 42 1040 139 772 1400 

Côte d'Ivoire 42 26.5 0.3 25.6 27.3 42 1351 148 1041 1842 

Ghana 42 27.0 0.3 26.1 27.7 42 1218 167 875 1795 

Guinea 42 25.8 0.3 25.1 26.9 42 1960 223 1578 2471 

Guinea-Bissau 42 26.7 0.4 25.9 27.7 42 1645 320 968 2330 

Liberia 0 

    

0 

    Nigeria 42 27.1 0.4 26.4 27.9 42 873 107 631 1060 

Sierra Leone 42 26.0 0.3 25.5 27.2 42 2428 219 1906 2961 

Togo 42 26.5 0.4 25.6 27.5 42 1217 178 851 1766 

Total 336 26.6 0.6 25.1 28.6 336 1466 522 631 2961 

C
e
n

tr
a

l 

Cameroon 42 24.9 0.3 24.2 25.6 42 1517 126 1176 1755 

CAR 42 25.3 0.4 24.5 26.1 42 1020 131 794 1368 

Congo 0 

    

0 

    Congo DR 42 21.6 0.4 21.0 22.3 42 1266 102 1089 1572 

Equatorial Guinea 0 

    

0 

    Gabon 0 

    

0 

    Total 126 23.9 1.7 21.0 26.1 126 1268 236 794 1755 

E
a

st
 

Burundi 42 20.3 0.4 19.7 21.1 42 1238 145 865 1649 

Kenya 42 23.2 0.3 22.4 24.0 42 939 185 675 1404 

Madagascar 0 

    

0 

    Rwanda 42 19.2 0.4 18.6 20.1 42 1110 117 720 1335 

Uganda 42 22.3 0.5 21.4 23.2 42 1150 151 709 1652 

Total 168 21.3 1.6 18.6 24.0 168 1109 185 675 1652 

S
o
u

th
 

Angola 0 

    

0 

    Botswana 42 21.6 0.6 20.3 22.9 42 425 107 201 665 

Lesotho 42 11.3 0.4 10.6 12.2 42 786 124 444 1049 

Malawi 42 22.2 0.4 21.4 23.0 42 1059 145 778 1367 

Mozambique 42 23.7 0.4 23.0 24.6 42 990 134 711 1205 

Namibia 42 22.0 0.6 20.3 23.3 42 489 119 260 843 

Swaziland 42 20.3 0.4 19.6 21.2 42 829 171 524 1273 

Tanzania 42 22.5 0.3 22.0 23.1 42 1065 131 874 1376 

Zambia 42 21.9 0.5 21.0 22.9 42 925 131 682 1198 

Zimbabwe 42 21.1 0.6 20.0 22.5 42 648 155 385 1021 

Total 378 20.7 3.5 10.6 24.6 378 802 262 201 1376 

SSA Total 1386 24.5 3.7 10.6 29.5 1386 987 474 60 2961 

 (continued) 
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Table F.8. Summary statistics for sorghum weather data (continued) 

 
 

SPI ETo 

 Countries Obs Mean St Dev Min Max Obs Mean St Dev Min Max 
S

u
d

a
n

o
-S

a
h

e
l 

Burkina Faso 42 -0.41 0.97 -2.15 1.61 42 14.0 0.2 13.7 14.6 

Chad 42 -0.42 1.05 -2.94 1.61 42 14.0 0.2 13.6 14.5 

Gambia 42 -0.55 0.98 -2.66 1.57 42 12.6 0.1 12.4 12.9 

Mali 42 -0.60 0.94 -2.48 1.19 42 14.2 0.2 13.8 14.6 

Mauritania 42 -0.51 1.11 -3.15 1.25 42 14.4 0.2 14.1 14.8 

Niger 42 -0.23 1.06 -2.53 1.63 42 14.0 0.2 13.6 14.4 

Senegal 42 -0.64 0.96 -2.73 1.31 42 13.7 0.2 13.4 14.0 

Somalia 42 0.35 0.92 -1.46 2.62 42 8.2 0.1 7.8 8.5 

Sudan 42 -0.43 1.11 -3.91 1.50 42 12.5 0.2 12.0 13.0 

Total 378 -0.38 1.04 -3.91 2.62 378 13.1 1.9 7.8 14.8 

W
e
st

 

Benin 42 -0.14 1.09 -2.43 2.48 42 12.4 0.2 11.8 12.9 

Côte d'Ivoire 42 -0.48 0.95 -2.69 2.48 42 11.8 0.1 11.5 12.1 

Ghana 42 -0.31 1.10 -2.84 3.16 42 11.3 0.2 10.9 11.6 

Guinea 42 -0.60 0.97 -2.39 1.52 42 11.8 0.1 11.6 12.2 

Guinea-Bissau 42 -0.52 1.00 -2.89 1.38 42 11.9 0.1 11.7 12.2 

Liberia 0 

    

0 

    Nigeria 42 -0.36 1.00 -2.76 1.26 42 13.2 0.2 12.9 13.6 

Sierra Leone 42 -0.70 0.81 -2.77 1.17 42 11.6 0.1 11.4 12.0 

Togo 42 -0.23 1.09 -2.71 2.80 42 11.9 0.2 11.4 12.3 

Total 336 -0.42 1.01 -2.89 3.16 336 12.0 0.6 10.9 13.6 

C
e
n

tr
a

l 

Cameroon 42 -0.27 1.07 -3.36 1.66 42 11.8 0.2 11.4 12.2 

CAR 42 -0.47 1.04 -2.39 2.09 42 12.6 0.1 12.3 12.9 

Congo 0 

    

0 

    Congo DR 42 0.24 0.91 -1.43 2.86 42 10.3 0.2 10.0 10.7 

Equatorial Guinea 0 

    

0 

    Gabon 0 

    

0 

    Total 126 -0.17 1.05 -3.36 2.86 126 11.6 0.9 10.0 12.9 

E
a

st
 

Burundi 42 0.28 0.76 -1.89 2.27 42 9.6 0.2 9.2 10.1 

Kenya 42 0.22 1.09 -1.48 2.72 42 9.2 0.1 8.8 9.4 

Madagascar 0 

    

0 

    Rwanda 42 0.27 0.81 -2.69 1.71 42 9.3 0.2 9.0 9.7 

Uganda 42 0.08 1.05 -3.44 3.19 42 9.9 0.2 9.5 10.1 

Total 168 0.21 0.93 -3.44 3.19 168 9.5 0.3 8.8 10.1 

S
o
u

th
 

Angola 0 

    

0 

    Botswana 42 -0.08 1.03 -2.59 1.90 42 11.5 0.3 10.7 12.2 

Lesotho 42 -0.22 0.94 -3.18 1.57 42 7.5 0.2 7.1 7.9 

Malawi 42 0.15 1.02 -1.96 2.15 42 9.1 0.2 8.8 9.5 

Mozambique 42 0.18 1.08 -2.23 1.82 42 9.3 0.2 9.1 9.7 

Namibia 42 -0.03 1.04 -2.38 2.60 42 12.5 0.3 11.6 13.0 

Swaziland 42 0.05 0.88 -1.71 2.09 42 9.4 0.2 9.0 10.0 

Tanzania 42 0.26 0.92 -1.16 2.32 42 9.2 0.1 9.0 9.5 

Zambia 42 -0.09 1.13 -2.38 2.13 42 10.9 0.2 10.4 11.5 

Zimbabwe 42 -0.11 0.98 -2.00 1.97 42 10.4 0.3 9.8 11.0 

Total 378 0.01 1.01 -3.18 2.60 378 10.0 1.4 7.1 13.0 

SSA Total 1386 -0.19 1.04 -3.91 3.19 1386 11.4 1.9 7.1 14.8 

 (continued) 
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Table F.8. Summary statistics for sorghum weather data (continued) 

 
 

Drought Flood 

 Countries Obs Mean St Dev Min Max Obs Mean St Dev Min Max 
S

u
d

a
n

o
-S

a
h

e
l 

Burkina Faso 42 0.26 0.45 0 1 42 0.19 0.40 0 1 

Chad 42 0.33 0.48 0 1 42 0.10 0.30 0 1 

Gambia 42 0.45 0.50 0 1 42 0.02 0.15 0 1 

Mali 42 0.21 0.42 0 1 42 0.00 0.00 0 0 

Mauritania 42 0.40 0.50 0 1 42 0.00 0.00 0 0 

Niger 42 0.19 0.40 0 1 42 0.14 0.35 0 1 

Senegal 42 0.52 0.51 0 1 42 0.00 0.00 0 0 

Somalia 42 0.00 0.00 0 0 42 0.24 0.43 0 1 

Sudan 42 0.33 0.48 0 1 42 0.10 0.30 0 1 

Total 378 0.30 0.46 0 1 378 0.09 0.28 0 1 

W
e
st

 

Benin 42 0.21 0.42 0 1 42 0.19 0.40 0 1 

Côte d'Ivoire 42 0.36 0.48 0 1 42 0.07 0.26 0 1 

Ghana 42 0.10 0.30 0 1 42 0.07 0.26 0 1 

Guinea 42 0.48 0.51 0 1 42 0.02 0.15 0 1 

Guinea-Bissau 42 0.48 0.51 0 1 42 0.00 0.00 0 0 

Liberia 0 

    

0 

    Nigeria 42 0.21 0.42 0 1 42 0.00 0.00 0 0 

Sierra Leone 42 0.40 0.50 0 1 42 0.00 0.00 0 0 

Togo 42 0.21 0.42 0 1 42 0.07 0.26 0 1 

Total 336 0.31 0.46 0 1 336 0.05 0.23 0 1 

C
e
n

tr
a

l 

Cameroon 42 0.26 0.45 0 1 42 0.07 0.26 0 1 

CAR 42 0.33 0.48 0 1 42 0.14 0.35 0 1 

Congo 0 

    

0 

    Congo DR 42 0.00 0.00 0 0 42 0.12 0.33 0 1 

Equatorial Guinea 0 

    

0 

    Gabon 0 

    

0 

    Total 126 0.20 0.40 0 1 126 0.11 0.32 0 1 

E
a

st
 

Burundi 42 0.05 0.22 0 1 42 0.19 0.40 0 1 

Kenya 42 0.00 0.00 0 0 42 0.21 0.42 0 1 

Madagascar 42 0.00 0.00 0 0 42 1.00 0.00 1 1 

Rwanda 42 0.05 0.22 0 1 42 0.19 0.40 0 1 

Uganda 42 0.07 0.26 0 1 42 0.19 0.40 0 1 

Total 210 0.03 0.18 0 1 210 0.36 0.48 0 1 

S
o
u

th
 

Angola 0 

    

0 

    Botswana 42 0.17 0.38 0 1 42 0.12 0.33 0 1 

Lesotho 42 0.12 0.33 0 1 42 0.05 0.22 0 1 

Malawi 42 0.07 0.26 0 1 42 0.07 0.26 0 1 

Mozambique 42 0.14 0.35 0 1 42 0.17 0.38 0 1 

Namibia 42 0.14 0.35 0 1 42 0.07 0.26 0 1 

Swaziland 42 0.02 0.15 0 1 42 0.07 0.26 0 1 

Tanzania 42 0.00 0.00 0 0 42 0.14 0.35 0 1 

Zambia 42 0.17 0.38 0 1 42 0.17 0.38 0 1 

Zimbabwe 42 0.17 0.38 0 1 42 0.07 0.26 0 1 

Total 378 0.11 0.31 0 1 378 0.10 0.30 0 1 

SSA Total 1428 0.20 0.40 0 1 1428 0.13 0.33 0 1 
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F.3. Price data 

Table F.9. Summary statistics for cassava price data 
 Countries 

CP CCP 

Obs Mean St Dev Min Max Obs Mean St Dev Min Max 

S
u

d
a
n

o
-S

a
h

e
l 

Burkina Faso 37 315 171 130 752 37 412 213 120 897 

Chad 0 
    

0 
    

Gambia 37 131 49 62 262 37 480 222 188 1090 

Mali 37 325 236 70 812 37 349 167 120 810 

Mauritania 0 
    

0 
    

Niger 12† 511 31 474 567 12† 449 81 373 581 

Senegal 0 
    

0 
    

Somalia 0 
    

0 
    

Sudan 33† 3131 2076 742 7944 33† 2260 2702 210 15041 

Total 111 257 191 62 812 111 413 207 120 1090 

W
e
st

 

Benin 0 
    

0 
    

Côte d'Ivoire 37 232 113 59 427 37 1673 789 480 3716 

Ghana 37 231 136 80 531 37 1378 849 343 4122 

Guinea 12† 1344 290 933 1805 12† 1507 857 669 3164 

Guinea-Bissau 0 
    

0 
    

Liberia 0 
    

0 
    

Nigeria 37 306 195 55 815 37 431 332 105 1045 

Sierra Leone 0 
    

0 
    

Togo 37 182 77 39 317 37 421 173 118 758 

Total 148 238 143 39 815 148 976 823 105 4122 

C
e
n

tr
a

l 

Cameroon 37 168 94 41 369 37 343 148 130 666 

CAR 0 
    

0 
    

Congo 37 808 577 126 2061 37 483 273 157 1107 

Congo DR 0 
    

0 
    

Equatorial Guinea 12† 237 62 126 337 12† 2109 753 1058 3927 

Gabon 0 
    

0 
    

Total 74 488 522 41 2061 74 413 229 130 1107 

E
a

st
 

Burundi 37 528 584 100 2021 37 1143 903 296 3296 

Kenya 37 175 111 67 412 37 331 222 92 806 

Madagascar 37 182 152 31 575 37 368 165 139 688 

Rwanda 37 370 290 93 1250 37 306 209 64 787 

Uganda 0 
    

0 
    

Total 148 314 367 31 2021 148 537 594 64 3296 

S
o
u

th
 

Angola 0 
    

0 
    

Botswana 0 
    

0 
    

Lesotho 0 
    

0 
    

Malawi 37 115 69 32 338 37 230 161 50 736 

Mozambique 37 283 233 32 726 37 327 228 39 671 

Namibia 0 
    

33 288 117 86 456 

Swaziland 0 
    

0 
    

Tanzania 0 
    

0 
    

Zambia 0 
    

0 
    

Zimbabwe 34† 524 391 103 1859 37† 341 183 112 797 

Total 74 199 190 32 726 74 278 202 39 736 

SSA Total 555 290 311 31 2061 555 578 599 39 4122 

Notes: † indicates series not considered for the regressions due to limited observations and not considered 

in the calculation of totals. 
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Table F.10. Summary statistics for maize price data 
  CP CCP 

 Countries Obs Mean St Dev Min Max Obs Mean St Dev Min Max 

S
u

d
a
n

o
-S

a
h

e
l 

Burkina Faso 37 421 197 148 823 37 412 213 120 897 

Chad 0 
    

0 
    

Gambia 26† 656 238 414 1294 37 480 222 188 1090 

Mali 37 349 167 120 810 37 349 167 120 810 

Mauritania 0 
    

0 
    

Niger 12† 527 85 378 627 12† 449 81 373 581 

Senegal 0 
    

0 
    

Somalia 0 
    

0 
    

Sudan 33† 2156 1384 563 8500 33† 2260 2702 210 15041 

Total 74 385 185 120 823 74 380 193 120 897 

W
e
st

 

Benin 0 
    

0 
    

Côte d'Ivoire 37 308 138 88 503 37 1673 789 480 3716 

Ghana 37 601 360 135 2055 37 1378 849 343 4122 

Guinea 12† 1108 288 669 1499 12† 1507 857 669 3164 

Guinea-Bissau 0 
    

0 
    

Liberia 0 
    

0 
    

Nigeria 37 435 329 135 1087 37 431 332 105 1045 

Sierra Leone 0 
    

0 
    

Togo 37 421 173 118 758 37 457 182 130 776 

Total 148 441 285 88 2055 148 985 818 105 4122 

C
e
n

tr
a

l 

Cameroon 37 343 148 130 666 37 346 266 139 1276 

CAR 0 
    

0 
    

Congo 37 301 163 78 687 37 808 577 126 2061 

Congo DR 0 
    

0 
    

Equatorial Guinea 0 
    

12† 2109 753 1058 3927 

Gabon 0 
    

0 
    

Total 74 322 156 78 687 74 577 503 126 2061 

E
a

st
 

Burundi 37 749 457 115 1806 37 1143 903 296 3296 

Kenya 37 331 222 92 806 37 706 452 228 1741 

Madagascar 37 526 299 104 1195 37 368 165 139 688 

Rwanda 37 510 327 125 1239 37 306 209 64 787 

Uganda 0 
    

0 
    

Total 148 529 365 92 1806 148 631 615 64 3296 

S
o
u

th
 

Angola 0 
    

0 
    

Botswana 0 
    

0 
    

Lesotho 0 
    

0 
    

Malawi 37 230 161 50 736 37 801 557 175 2556 

Mozambique 37 327 228 39 671 37 283 233 32 726 

Namibia 33 299 127 85 478 33 288 117 86 456 

Swaziland 0 
    

0 
    

Tanzania 0 
    

0 
    

Zambia 0 
    

0 
    

Zimbabwe 37 341 183 112 797 37 284 146 96 672 

Total 111 299 198 39 797 111 456 432 32 2556 

SSA Total 555 413 283 39 2055 555 650 633 32 4122 

Notes: † indicates series not considered for the regressions due to limited observations and not considered 

in the calculation of totals. 
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Table F.11. Summary statistics for millet price data 

  CP CCP 
 Countries Obs Mean St Dev Min Max Obs Mean St Dev Min Max 

S
u

d
a
n

o
-S

a
h

e
l 

Burkina Faso 37 433 240 120 981 37 412 213 120 897 

Chad 0 
    

0 
    

Gambia 37 463 247 141 1201 37 480 222 188 1090 

Mali 37 349 161 113 722 14† 464 130 312 724 

Mauritania 0 
    

0 
    

Niger 12† 449 81 373 581 12† 355 27 309 386 

Senegal 0 
    

0 
    

Somalia 0 
    

0 
    

Sudan 33 3286 3972 427 22944 33 2260 2702 210 15041 

Total 74 448 242 120 1201 74 446 219 120 1090 

W
e
st

 

Benin 0 
    

0 
    

Côte d'Ivoire 37 652 394 117 1687 37 1673 789 480 3716 

Ghana 37 793 388 189 1560 37 1378 849 343 4122 

Guinea 12† 1512 393 913 2045 12† 1507 857 669 3164 

Guinea-Bissau 0 
    

0 
    

Liberia 0 
    

0 
    

Nigeria 37 415 315 111 1049 37 431 332 105 1045 

Sierra Leone 0 
    

0 
    

Togo 37 457 182 130 776 37 421 173 118 758 

Total 148 579 362 111 1687 148 976 823 105 4122 

C
e
n

tr
a

l 

Cameroon 37 466 467 139 2042 37 343 148 130 666 

CAR 0 
    

0 
    

Congo 0 
    

37 808 577 126 2061 

Congo DR 0 
    

0 
    

Equatorial Guinea 0 
    

12† 2109 753 1058 3927 

Gabon 0 
    

0 
    

Total 37 466 467 139 2042 37 343 148 130 666 

E
a

st
 

Burundi 37 543 272 115 1194 37 1143 903 296 3296 

Kenya 37 523 488 107 1472 37 331 222 92 806 

Madagascar 0 
    

37 368 165 139 688 

Rwanda 37 712 376 250 1689 37 306 209 64 787 

Uganda 0 
    

0 
    

Total 111 593 394 107 1689 111 593 671 64 3296 

S
o
u

th
 

Angola 0 
    

0 
    

Botswana 0 
    

0 
    

Lesotho 0 
    

0 
    

Malawi 12† 542 237 320 1018 37 230 161 50 736 

Mozambique 37 336 267 47 833 37 283 233 32 726 

Namibia 33† 288 117 86 456 33† 299 127 85 478 

Swaziland 0 
    

0 
    

Tanzania 0 
    

0 
    

Zambia 0 
    

0 
    

Zimbabwe 37 284 146 96 672 37 341 183 112 797 

Total 74 310 215 47 833 74 312 210 32 797 

SSA 
 
Total 444 507 357 47 2042 444 628 651 32 4122 

Notes: † indicates series not considered for the regressions due to limited observations and not 

considered in the calculation of totals. 
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Table F.12.Summary statistics for sorghum price data 

  CP CCP 
 Countries Obs Mean St Dev Min Max Obs Mean St Dev Min Max 

S
u

d
a
n

o
-S

a
h

e
l 

Burkina Faso 37 412 213 120 897 37 433 240 120 981 

Chad 0 
    

0 
    

Gambia 29† 440 199 206 906 37 480 222 188 1090 

Mali 14† 464 130 312 724 37 349 167 120 810 

Mauritania 0 
    

0 
    

Niger 12† 374 39 329 443 12† 449 81 373 581 

Senegal 0 
    

0 
    

Somalia 0 
    

0 
    

Sudan 33† 2260 2702 210 15041 33† 3286 3972 427 22944 

Total 37 412 213 120 897 37 433 240 120 981 

W
e
st

 

Benin 0 
    

0 
    

Côte d'Ivoire 37 518 246 125 976 37 1673 789 480 3716 

Ghana 37 558 253 201 1181 37 1378 849 343 4122 

Guinea 12† 1180 326 720 1613 12† 1507 857 669 3164 

Guinea-Bissau 0 
    

0 
    

Liberia 0 
    

0 
    

Nigeria 37 431 332 105 1045 37 415 315 111 1049 

Sierra Leone 0 
    

0 
    

Togo 37 482 206 153 812 37 421 173 118 758 

Total 148 497 265 105 1181 148 972 825 111 4122 

C
e
n

tr
a

l 

Cameroon 37 346 266 139 1276 37 343 148 130 666 

CAR 0 
    

0 
    

Congo 0 
    

37 808 577 126 2061 

Congo DR 0 
    

0 
    

Equatorial Guinea 0 
    

12† 2109 753 1058 3927 

Gabon 0 
    

0 
    

Total 37 346 266 139 1276 37 343 148 130 666 

E
a

st
 

Burundi 37 802 667 115 2408 37 1143 903 296 3296 

Kenya 37 352 271 88 970 37 331 222 92 806 

Madagascar 37 213 102 84 445 37 368 165 139 688 

Rwanda 37 655 393 213 1649 37 306 209 64 787 

Uganda 0 
    

0 
    

Total 148 506 472 84 2408 148 537 594 64 3296 

S
o
u

th
 

Angola 0 
    

0 
    

Botswana 0 
    

0 
    

Lesotho 0 
    

0 
    

Malawi 37 298 274 50 1125 37 230 161 50 736 

Mozambique 37 315 257 41 822 37 283 233 32 726 

Namibia 33† 287 116 86 456 33† 288 117 86 456 

Swaziland 0 
    

0 
    

Tanzania 0 
    

0 
    

Zambia 0 
    

0 
    

Zimbabwe 37 290 126 102 660 37 341 183 112 797 

Total 111 301 227 41 1125 111 285 198 32 797 

SSA Total 481 436 343 41 2408 481 590 637 32 4122 

Notes: † indicates series not considered for the regressions due to limited observations and not considered 

in the calculation of totals. 
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Table F.13. Summary statistics for XPI index data 

 Countries 
XPI 

Obs Mean St Dev Min Max 
S

u
d

a
n

o
-S

a
h

e
l 

Burkina Faso 42 94 73 17 301 

Chad 42 66 40 13 127 

Gambia 42 88 33 38 158 

Mali 42 60 33 11 117 

Mauritania 42 94 49 36 182 

Niger 42 158 79 40 300 

Senegal 42 93 42 39 207 

Somalia 0 
    

Sudan 42 104 38 46 188 

Total 336 94 58 11 301 

W
e
st

 

Benin 42 83 39 24 171 

Côte d'Ivoire 42 119 56 43 233 

Ghana 42 123 72 33 311 

Guinea 42 83 40 34 207 

Guinea-Bissau 42 61 37 15 158 

Liberia 0 
    

Nigeria 42 105 56 35 229 

Sierra Leone 42 153 111 27 432 

Togo 42 152 89 51 446 

Total 336 110 74 15 446 

C
e
n

tr
a

l 

Cameroon 42 126 68 35 277 

CAR 42 165 85 84 368 

Congo 42 99 94 18 483 

Congo DR 42 156 90 44 357 

Equatorial Guinea 0 
    

Gabon 42 92 46 38 229 

Total 210 128 83 18 483 

E
a

st
 

Burundi 42 122 75 26 283 

Kenya 42 63 35 13 146 

Madagascar 42 77 53 17 262 

Rwanda 42 89 62 10 243 

Uganda 42 142 99 39 411 

Total 210 99 74 10 411 

S
o
u

th
 

Angola 42 150 117 24 445 

Botswana 42 67 39 8 115 

Lesotho 42 72 43 18 162 

Malawi 42 55 32 10 122 

Mozambique 42 85 38 28 151 

Namibia 42 98 27 44 143 

Swaziland 42 100 55 17 212 

Tanzania 42 86 45 26 166 

Zambia 0 
    

Zimbabwe 42 57 32 17 165 

Total 378 85 60 8 445 

SSA Total 1470 101 70 8 483 
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Appendix G. Panel unit root tests 

G.1. Agronomic variables 

Table G.1. Maddala and Wu panel unit root tests (with constant & trend) for cassava agronomic 

variables 

 lnA ΔlnA lnY ΔlnY 

SSA 102.22*** 1029.73*** 158.22*** 1292.87*** 

Sudano-Sahel 21.02 243.22*** 13.51 352.34*** 

West 11.85 253.13*** 35.81*** 322.70*** 

Central 19.22* 146.39*** 24.77** 211.58*** 

East 28.74*** 245.77*** 72.45*** 165.09*** 

South  21.39** 141.22*** 11.67 241.17*** 

 

Table G.2. Maddala and Wu panel unit root tests (with constant & trend) for maize agronomic 

variables 

 lnA ΔlnA lnY ΔlnY 

SSA 186.01*** 1546.47*** 282.71*** 1777.91*** 

Sudano-Sahel 50.98*** 474.49*** 57.47*** 416.21*** 

West 13.14 227.01*** 40.67*** 346.45*** 

Central 7.28 135.30*** 18.17* 208.07*** 

East 34.49*** 284.79*** 48.12*** 253.16*** 

South  80.12*** 424.88*** 118.27*** 554.02*** 

 

Table G.3. Maddala and Wu panel unit root tests (with constant & trend) for millet agronomic 

variables 

 lnA ΔlnA lnY ΔlnY 

SSA 142.88*** 1210.03*** 420.62*** 1734.78*** 

Sudano-Sahel 75.40*** 333.50*** 150.94*** 474.38*** 

West 23.73* 245.47*** 67.06*** 386.25*** 

Central 21.02*** 129.84*** 26.82*** 128.52*** 

East 7.68 186.09*** 56.40*** 300.97*** 

South  15.05 315.13*** 119.40*** 444.65*** 

 

Table G.4. Maddala and Wu panel unit root tests (with constant & trend) for sorghum agronomic 

variables 

 lnA ΔlnA lnY ΔlnY 

SSA 223.85*** 1390.67*** 440.61*** 2024.05*** 

Sudano-Sahel 86.57*** 413.87*** 139.36*** 565.63*** 

West 35.46*** 286.05*** 53.89*** 413.44*** 

Central 15.15** 110.98*** 16.12** 131.28*** 

East 14.84 165.81*** 83.04*** 341.20*** 

South  71.84*** 413.96*** 148.20*** 572.50*** 
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G.2. Weather variables 

Table G.5. Maddala and Wu panel unit root tests (with constant and trend) for cassava weather variables 

 T ΔT P ΔP SPI ΔSPI ETo ΔETo CO2 ΔCO2 

SSA 687.96*** 1854.59*** 725.77*** 2209.72*** 718.22*** 2191.59*** 743.72*** 2254.60*** 47.79 1033.97*** 

Sudano-Sahel 177.13*** 424.84*** 150.88*** 526.88*** 149.37*** 521.28*** 210.03*** 520.76*** 11.03 238.61*** 

West 150.05*** 496.77*** 180.85*** 590.47*** 178.94*** 584.73*** 192.24*** 597.68*** 11.03 238.61*** 

Central 57.64*** 298.32*** 103.43*** 361.03*** 104.59*** 361.65*** 72.63*** 392.94*** 7.35 159.07*** 

East 137.33*** 255.85*** 94.78*** 277.20*** 92.02*** 272.55*** 101.97*** 283.64*** 6.13 132.56*** 

South 165.81*** 378.80*** 195.82*** 454.14*** 193.31*** 451.37*** 166.86*** 459.59*** 12.26 265.12*** 

 

Table G.6. Maddala and Wu panel unit root tests (with constant and trend) for maize weather variables 

 T ΔT P ΔP SPI ΔSPI ETo ΔETo CO2 ΔCO2 

SSA 761.14*** 2086.27*** 780.49*** 2391.82*** 772.48*** 2364.36*** 832.39*** 2482.82*** 47.79 1033.97*** 

Sudano-Sahel 209.23*** 512.37*** 151.37*** 588.15*** 147.71*** 573.06*** 235.96*** 589.07*** 11.03 238.61*** 

West 118.19*** 444.02*** 167.73*** 528.27*** 167.13*** 522.72*** 165.64*** 537.74*** 11.03 238.61*** 

Central 55.24*** 249.06*** 91.83*** 297.96*** 91.92*** 297.47*** 64.18*** 318.22*** 7.35 159.07*** 

East 139.41*** 254.18*** 95.42*** 274.10*** 92.11*** 268.60*** 107.64*** 289.60*** 6.13 132.56*** 

South 239.06*** 626.65*** 274.14*** 703.34*** 273.61*** 702.52*** 258.97*** 748.19*** 12.26 265.12*** 
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Table G.7. Maddala and Wu panel unit root tests (with constant & trend) for millet weather variables 

 T ΔT P ΔP SPI ΔSPI ETo ΔETo CO2 ΔCO2 

SSA 685.42*** 1790.74*** 595.73*** 1945.58*** 590.15*** 1917.48*** 743.57*** 2143.38*** 47.79 1033.97*** 

Sudano-Sahel 186.48*** 471.49*** 114.73*** 522.71*** 113.25*** 508.17*** 211.07*** 541.42*** 11.03 238.61*** 

West 123.43*** 441.53*** 150.83*** 495.46*** 150.44*** 490.55*** 177.35*** 545.79*** 11.03 238.61*** 

Central 58.16*** 143.67*** 31.41*** 151.03*** 31.65*** 152.06*** 57.22*** 178.66*** 7.35 159.07*** 

East 113.47*** 200.16*** 72.87*** 203.09*** 69.48*** 198.94*** 79.22*** 237.05*** 6.13 132.56*** 

South 203.88*** 533.89*** 225.89*** 573.29*** 225.33*** 567.75*** 218.70*** 640.45*** 12.26 265.12*** 

 

Table G.8. Maddala and Wu panel unit root tests (with constant & trend) for sorghum weather variables 

 T ΔT P ΔP SPI ΔSPI ETo ΔETo CO2 ΔCO2 

SSA 710.64*** 1851.77*** 653.28*** 2076.00*** 647.71*** 2052.52*** 763.82*** 2216.55*** 47.79 1033.97*** 

Sudano-Sahel 205.10*** 518.35*** 144.19*** 586.15*** 141.22*** 570.58*** 233.56*** 600.36*** 11.03 238.61*** 

West 121.20*** 442.03*** 156.25*** 502.46*** 155.27*** 497.35*** 171.56*** 542.99*** 11.03 238.61*** 

Central 51.76*** 139.63*** 35.14*** 166.07*** 35.36*** 165.44*** 51.34*** 180.61*** 7.35 159.07*** 

East 112.99*** 199.91*** 73.77*** 197.40*** 70.40*** 193.61*** 77.19*** 232.05*** 6.13 132.56*** 

South 219.59*** 551.86*** 243.93*** 623.93*** 245.46*** 625.56*** 230.17*** 660.54*** 12.26 265.12*** 
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G.3. Price variables 

Table G.9. Maddala and Wu panel unit root tests (with constant and trend) for cassava price 

variables 

 PC ΔPC PS ΔPC XPi ΔXPi 

SSA 49.65 482.22*** 68.10*** 580.09*** 86.92* 1275.68*** 

Sudano-Sahel 15.61 105.26*** 24.10*** 120.42*** 20.84 316.99*** 

West 11.44 121.47*** 17.79* 167.77*** 19.99 257.49*** 

Central 4.81 53.11*** 2.360 61.89*** 4.70 175.21*** 

East 10.34 117.20*** 14.92* 112.09*** 7.38 186.75*** 

South 7.46 85.19*** 8.930 117.92*** 34.00** 339.24*** 

 

Table G.10. Maddala and Wu panel unit root tests (with constant and trend) for maize price 

variables 

 PC ΔPC PS ΔPC XPi ΔXPi 

SSA 59.03** 565.38*** 65.71** 604.94*** 86.92* 1275.68*** 

Sudano-Sahel 20.29** 138.16*** 24.10*** 120.42*** 20.84 316.99*** 

West 13.11 167.65*** 19.45** 174.46*** 19.99 257.49*** 

Central 3.15 74.14*** 6.470 54.22*** 4.70 175.21*** 

East 14.30* 93.37*** 11.250 107.43*** 7.38 186.75*** 

South 8.18 92.05*** 4.430 148.41*** 34.00** 339.24*** 

 

Table G.11. Maddala and Wu panel unit root tests (with constant and trend) for millet price 

variables 

 PC ΔPC PS ΔPC XPi ΔXPi 

SSA 58.99*** 547.95*** 59.76** 536.14*** 86.92* 1275.68*** 

Sudano-Sahel 23.68*** 147.17*** 15.240 82.41*** 20.84 316.99*** 

West 15.98 148.71*** 17.79* 167.77*** 19.99 257.49*** 

Central 2.17 25.55*** 2.260 57.61*** 4.70 175.21*** 

East 12.34* 120.88*** 14.92* 112.09*** 7.38 186.75*** 

South 4.81 105.64*** 9.550 116.26*** 34.00** 339.24*** 

 

Table G.12. Maddala and Wu panel unit root tests (with constant and trend) for sorghum price 

variables 

 PC ΔPC PS ΔPC XPi ΔXPi 

SSA 92.59*** 688.74*** 73.44*** 588.71*** 86.92* 1275.68*** 

Sudano-Sahel 28.25*** 114.40*** 26.97*** 133.43*** 20.84 316.99*** 

West 12.89 173.77*** 19.00** 143.45*** 19.99 257.49*** 

Central 5.42* 37.97*** 2.260 57.61*** 4.70 175.21*** 

East 25.09*** 193.71*** 14.92* 112.09*** 7.38 186.75*** 

South 20.93*** 168.89*** 10.290 142.13*** 34.00** 339.24*** 
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Appendix H. Time series unit root tests 

H.1. Agronomic variables 

Table H.1. ERS unit root test (with constant and trend) for cassava agronomic variables 

 countries lnA lnY 

S
u

d
a
n

o
-S

a
h

e
l 

Burkina Faso -3.13* (1) -1.5 (1) 

Chad -1.14 (1) -2.12 (1) 

Gambia -2.16 (1) -2.55 (9) 

Mali -1.77 (1) -2.29 (2) 

Niger -1.5 (1) -1.47 (1) 

Senegal -1.45 (1) -3.07* (1) 

Somalia -1.74 (1) -.9400 (1) 

Sudan -2.38 (1) -3.45** (1) 

W
e
st

 

Benin -2 (1) -3.12* (2) 

Côte d'Ivoire -2.38 (1) -2.27 (1) 

Ghana -2.12 (1) -1.79 (1) 

Guinea -1.44 (1) -1.96 (1) 

Guinea-Bissau -4.23*** (3) -1.6 (1) 

Liberia -4.2*** (4) -3.55** (1) 

Nigeria -1.5 (1) -3.15* (1) 

Sierra Leone -2.02 (1) -2.49 (1) 

Togo -2.53 (1) -2.46 (1) 

C
e
n

tr
a

l 

Cameroon -1.81 (1) -1.73 (1) 

CAR -1.96 (1) -2.76 (1) 

Congo -5*** (1) -2.52 (1) 

Congo DR -1.14 (2) -2.15 (1) 

Equatorial Guinea -2.36 (1) -2.43 (1) 

Gabon -2.2 (1) -3.74** (1) 

E
a

st
 

Burundi -1.75 (1) -3.07* (1) 

Kenya -1.82 (2) -2.9* (1) 

Madagascar -.91 (1) -3.1* (1) 

Rwanda -3.34** (3) -1.53 (1) 

Uganda -2.46 (1) -3.11* (1) 

S
o

u
th

 

Angola -1.14 (1) -.9300 (2) 

Malawi -3.33** (2) -.6900 (1) 

Mozambique -4.54*** (1) -1.77 (1) 

Tanzania -2.71 (1) -1.4 (1) 

Zambia -2.56 (1) -1.72 (3) 

Zimbabwe -1.24 (1) -2.12 (1) 
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Table H.2. ERS unit root tests (with constant and trend) for maize agronomic variables 

 Countries lnA lnY 
S

u
d

a
n

o
-S

a
h

e
l 

Burkina Faso -2.56 (1) -3.45** (1) 

Chad -2.23 (1) -1.95 (1) 

Gambia -1.79 (1) -1.79 (2) 

Mali -1.71 (1) -4.27*** (1) 

Mauritania -2.41 (1) -2.51 (1) 

Niger -2.05 (2) -2.55 (1) 

Senegal -2.25 (1) -3.21** (1) 

Somalia -2.93* (1) -4.72*** (5) 

Sudan -3.87*** (1) -1.93 (7) 

W
e
st

 

Benin -2.37 (1) -3.23** (1) 

Côte d'Ivoire -.92 (1) -1.62 (1) 

Ghana -3.6** (1) -2.79 (1) 

Guinea -1.03 (1) -1.32 (1) 

Guinea-Bissau -2.33 (1) -3.11* (1) 

Nigeria -2.21 (3) -4.44*** (1) 

Sierra Leone -2.65 (1) -2.43 (1) 

Togo -1.53 (1) -1.71 (2) 

C
e
n

tr
a

l 

Cameroon -2.13 (1) -2.55 (1) 

CAR -2.05 (1) -2.03 (1) 

Congo -1.95 (1) -3.27** (1) 

Congo DR -1.62 (1) -1.74 (1) 

Gabon -1.91 (1) -2.46 (1) 

E
a

st
 

Burundi -1.84 (1) -1.49 (1) 

Kenya -1.93 (1) -.9300 (4) 

Madagascar -2.34 (1) -2.56 (1) 

Rwanda -3.19* (1) -2.48 (1) 

Uganda -2.21 (1) -3.22** (1) 

S
o

u
th

 

Angola -3.84*** (1) -1.74 (1) 

Botswana -2.58 (1) -4.38*** (1) 

Lesotho -3.02* (1) -3.85*** (1) 

Malawi -3.65** (1) -3.91*** (1) 

Mozambique -3.82*** (1) -1.54 (1) 

Namibia -3.67** (3) -4.85*** (1) 

Swaziland -3.37** (1) -2.44 (1) 

Tanzania -4.46*** (2) -2.83 (2) 

Zambia -2.14 (1) -1.44 (2) 

Zimbabwe -2.9* (1) -2.58 (2) 

   



322 

 

 

 

Table H.3. ERS unit root tests (with constant and trend) for millet agronomic variables 

 Countries lnA lnY 
S

u
d

a
n

o
-S

a
h

e
l 

Burkina Faso -4.06*** (1) -3.89*** (1) 

Chad -2.15 (1) -5.10*** (1) 

Gambia -1.38 (1) -3.36** (1) 

Mali -3* (1) -3.75** (1) 

Mauritania -2.64 (1) -2.63 (1) 

Niger -2.94* (1) -2.09 (2) 

Senegal -4.82*** (1) -4.9*** (1) 

Sudan -2.63 (3) -2.51 (1) 

W
e
st

 

Benin -1.87 (2) -3.96*** (1) 

Côte d'Ivoire -2.15 (1) -3.12* (5) 

Ghana -2.81 (1) -3.01* (1) 

Guinea -.19 (2) -.73 (1) 

Guinea-Bissau -3.2** (1) -2.56 (1) 

Nigeria -1.62 (1) -2.14 (1) 

Sierra Leone -2.67 (1) -2.24 (1) 

Togo -2.69 (1) -2.99* (1) 

C
e
n

tr
a
l Cameroon -2.75 (1) -2.64 (1) 

CAR -2.67 (1) -2.31 (1) 

Congo DR -3.89*** (1) -2.41 (1) 

E
a

st
 

Burundi -1.67 (1) -2.68 (1) 

Kenya -4.31*** (2) -2.52 (1) 

Rwanda -2.38 (2) -2.64 (1) 

Uganda -1.62 (1) -2.81 (1) 

S
o

u
th

 

Angola -1.08 (1) -2.62 (1) 

Botswana -1.28 (1) -3.35** (1) 

Malawi -2.78 (3) -3.48** (1) 

Mozambique -1.5 (1) -1.29 (1) 

Namibia -1.93 (1) -2.34 (2) 

Tanzania -2.44 (1) -3.43** (1) 

Zambia -1.57 (1) -3.28** (1) 

Zimbabwe -2.31 (1) -1.34 (6) 
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Table H.4. ERS unit root tests (with constant and trend) for sorghum agronomic variables 
 Countries lnA lnY 

S
u

d
a
n

o
-S

a
h

e
l 

Burkina Faso -4.19*** (1) -3.6** (1) 

Chad -2.23 (1) -3.87*** (1) 

Gambia -2.56 (1) -3.07
*
 (1) 

Mali -3.13* (1) -3.39** (1) 

Mauritania -2.29 (1) -3.01* (1) 

Niger -2.2 (1) -2.73 (3) 

Senegal -4.14*** (1) -3.47** (1) 

Somalia -3.64** (1) -3.1* (1) 

Sudan -3.48** (1) -3.75** (1) 

W
e
st

 

Benin -.8200 (3) -2.4 (1) 

Côte d'Ivoire -1.49 (1) -2.69 (1) 

Ghana -4.3*** (1) -2.31 (1) 

Guinea -1.72 (1) -2.59 (5) 

Guinea-Bissau -1.54 (1) -2.69 (1) 

Nigeria -1.73 (1) -2.61 (1) 

Sierra Leone -1.65 (1) -1.66 (1) 

Togo -3.12
*
 (1) -3.85

***
 (7) 

C
e
n

tr
a
l Cameroon -2.87 (1) -1.49 (1) 

CAR -2.52 (1) -2.23 (1) 

Congo DR -2.51 (1) -1.99 (1) 

E
a

st
 

Burundi -1.65 (1) -2.44 (1) 

Kenya -3.04* (1) -3.77** (1) 

Madagascar -3.46** (1) -2.12 (2) 

Rwanda -2.48 (1) -3.31** (1) 

Uganda -2.16 (2) -2.3 (1) 

S
o

u
th

 

Botswana -3.89*** (1) -3.54** (1) 

Lesotho -4.23*** (1) -3.94*** (1) 

Malawi -1.7 (1) -2.84 (1) 

Mozambique -4.44*** (1) -2.25 (1) 

Namibia -2 (1) -5.4*** (8) 

Swaziland -2.22 (1) -3.05* (1) 

Tanzania -2.68 (1) -2.07 (2) 

Zambia -2.11 (1) -2.67 (1) 

Zimbabwe -2.59 (1) -4.41*** (1) 
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H.2. Weather variables 

Table H.5. ERS unit root tests (with constant and trend) for cassava weather variable 
 countries lnT lnP SPI ETo CO2 

S
u

d
a
n

o
-S

a
h

e
l 

Burkina Faso -3.97
***

 (1) -3.85
***

 (1) -3.87
***

 (1) -4
***

 (1) -.97 (1) 

Chad -5.79*** (1) -2.87 (1) -1.91 (2) -2.63 (2) -.97 (1) 

Gambia -4.49*** (1) -3.54** (1) -3.61** (1) -4.44*** (1) -.97 (1) 

Mali -4.41*** (1) -3.15* (1) -3.14* (1) -4.3*** (1) -.97 (1) 

Niger -2.11 (2) -2.96* (1) -2.97* (1) -2.32 (2) -.97 (1) 

Senegal -4.14*** (1) -3.12* (1) -3.23** (1) -4.1*** (1) -.97 (1) 

Somalia -5.63*** (1) -3.41** (1) -3.53** (1) -5.78*** (1) -.97 (1) 

Sudan -2.69 (2) -2.42 (2) -2.37 (2) -4.84*** (1) -.97 (1) 

W
e
st

 

Benin -2.97* (1) -5.04*** (1) -4.96*** (1) -3.06* (1) -.97 (1) 

Côte d'Ivoire -3.65** (1) -3.79*** (1) -3.78*** (1) -3.18* (1) -.97 (1) 

Ghana -3.85*** (1) -4.52*** (1) -4.5*** (1) -3.2** (1) -.97 (1) 

Guinea -4.47*** (1) -1.7 (2) -1.69 (2) -4.13*** (1) -.97 (1) 

Guinea-Bissau -2.33 (2) -3.47** (1) -3.58** (1) -2.39 (2) -.97 (1) 

Liberia -5.64*** (1) -3.28** (1) -3.22** (1) -4.11*** (1) -.97 (1) 

Nigeria -2.4 (2) -3.21
**

 (1) -3.23
**

 (1) -2.69 (2) -.97 (1) 

Sierra Leone -4.31*** (1) -4.12*** (1) -4.15*** (1) -3.87*** (1) -.97 (1) 

Togo -2.7 (1) -4.52*** (1) -4.48*** (1) -3.65** (1) -.97 (1) 

C
e
n

tr
a

l 

Cameroon -2.23 (2) -2.63 (1) -2.65 (1) -4.01*** (1) -.97 (1) 

CAR -2.04 (2) -4*** (1) -3.98*** (1) -1.99 (2) -.97 (1) 

Congo -2.64 (1) -1 (4) -1.04 (4) -2.57 (1) -.97 (1) 

Congo DR -5.63*** (1) -4.22*** (1) -4.14*** (1) -3.11* (1) -.97 (1) 

Equatorial Guinea -2.18 (1) -2.83 (1) -2.88 (1) -2.55 (1) -.97 (1) 

Gabon -2.27 (1) -5.06*** (1) -5.11*** (1) -2.23 (1) -.97 (1) 

E
a

st
 

Burundi -5.46*** (1) -5.08*** (1) -4.98*** (1) -2.66 (1) -.97 (1) 

Kenya -2.32 (2) -3.47** (1) -3.69** (1) -5.16*** (1) -.97 (1) 

Madagascar -2.96* (1) -4.06*** (1) -4.12*** (1) -2.92* (1) -.97 (1) 

Rwanda -5.68*** (1) -4.63*** (1) -4.55*** (1) -3.41** (1) -.97 (1) 

Uganda -6.59*** (1) -2.97* (1) -3.17* (1) -3.9*** (1) -.97 (1) 

S
o

u
th

 

Angola -3.21** (1) -2.87 (1) -2.97* (1) -2.98* (1) -.97 (1) 

Malawi -4.87*** (1) -4.77*** (1) -4.8*** (1) -4.62*** (1) -.97 (1) 

Mozambique -4.54*** (1) -4.61*** (1) -4.58*** (1) -4.04*** (1) -.97 (1) 

Tanzania -5.26*** (1) -3.52** (1) -3.63** (1) -5.06*** (1) -.97 (1) 

Zambia -3.99*** (1) -3.53** (1) -3.58** (1) -3.85*** (1) -.97 (1) 

Zimbabwe -4.14*** (1) -3.62** (5) -3.72** (5) -3.89*** (1) -.97 (1) 
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Table H.6. ERS unit root tests (with constant and trend) for maize weather variable 

 countries lnT lnP SPI ETo CO2 
S

u
d

a
n

o
-S

a
h

e
l 

Burkina Faso -4.3*** (1) -2.91* (1) -2.9* (1) -4.24*** (1) -.97 (1) 

Chad -2.51 (2) -1.76 (2) -1.79 (2) -2.63 (2) -.97 (1) 

Gambia -4.49
***

 (1) -3.54
**

 (1) -3.62
**

 (1) -4.44
***

 (1) -.97 (1) 

Mali -4.67*** (1) -3.08* (1) -3.15* (1) -4.59*** (1) -.97 (1) 

Mauritania -3.45** (1) -3.11* (1) -3.25** (1) -3.54** (1) -.97 (1) 

Niger -2.12 (2) -3* (1) -2.99* (1) -2.27 (2) -.97 (1) 

Senegal -4.17*** (1) -3.08* (1) -3.19* (1) -4.13*** (1) -.97 (1) 

Somalia -5.4*** (1) -3.29** (1) -3.42** (1) -6.03*** (1) -.97 (1) 

Sudan -2.04 (2) -1.72 (2) -1.88 (2) -2.45 (2) -.97 (1) 

W
e
st

 

Benin -2.97* (1) -5.03*** (1) -4.95*** (1) -3.06* (1) -.97 (1) 

Côte d'Ivoire -3.54** (1) -3.76** (1) -3.76** (1) -3.17* (1) -.97 (1) 

Ghana -3.79*** (1) -4.51*** (1) -4.49*** (1) -3.23** (1) -.97 (1) 

Guinea -4.31*** (1) -1.66 (2) -1.65 (2) -4.01*** (1) -.97 (1) 

Guinea-Bissau -2.28 (2) -3.5** (1) -3.63** (1) -2.34 (2) -.97 (1) 

Nigeria -2.39 (2) -3.22** (1) -3.23** (1) -2.69 (2) -.97 (1) 

Sierra Leone -4.13*** (1) -4*** (1) -4.05*** (1) -3.78*** (1) -.97 (1) 

Togo -2.71 (1) -4.52*** (1) -4.48*** (1) -3.62** (1) -.97 (1) 

C
e
n

tr
a

l 

Cameroon -2.21 (2) -2.61 (1) -2.64 (1) -3.94*** (1) -.97 (1) 

CAR -2.06 (2) -4.01*** (1) -3.97*** (1) -2.03 (2) -.97 (1) 

Congo -2.69 (1) -.9500 (4) -1.01 (4) -2.64 (1) -.97 (1) 

Congo DR -5.45*** (1) -3.85*** (1) -3.79*** (1) -3.15* (1) -.97 (1) 

Gabon -2.29 (1) -4.8*** (1) -4.86*** (1) -2.29 (1) -.97 (1) 

E
a

st
 

Burundi -5.60*** (1) -4.92*** (1) -4.84*** (1) -2.66 (1) -.97 (1) 

Kenya -2.37 (2) -3.46** (1) -3.67** (1) -5.23*** (1) -.97 (1) 

Madagascar -2.96* (1) -4.06*** (1) -4.12*** (1) -2.92* (1) -.97 (1) 

Rwanda -5.85*** (1) -4.4*** (1) -4.38*** (1) -3.48** (1) -.97 (1) 

Uganda -6.74*** (1) -2.96* (1) -3.22** (1) -4.02*** (1) -.97 (1) 

S
o

u
th

 

Angola -3.2** (1) -2.9* (1) -3* (1) -2.97* (1) -.97 (1) 

Botswana -3.89*** (1) -3.62** (1) -3.71** (1) -3.56** (1) -.97 (1) 

Lesotho -3.99*** (1) -3.66** (1) -3.52** (1) -3.78*** (1) -.97 (1) 

Malawi -5.14*** (1) -4.49*** (1) -4.53*** (1) -5.08*** (1) -.97 (1) 

Mozambique -4.59*** (1) -4.69*** (1) -4.65*** (1) -4.13*** (1) -.97 (1) 

Namibia -3.01* (1) -4.23*** (1) -4.37*** (1) -2.85 (1) -.97 (1) 

Swaziland -5.18*** (1) -4.06*** (1) -4.07*** (1) -5.9*** (1) -.97 (1) 

Tanzania -5.24*** (1) -3.53** (1) -3.63** (1) -5.12*** (1) -.97 (1) 

Zambia -3.98*** (1) -3.67** (1) -3.72** (1) -3.84*** (1) -.97 (1) 

Zimbabwe -3.95
***

 (1) -3.41
**

 (5) -3.52
**

 (5) -4.02
***

 (1) -.97 (1) 
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Table H.7. ERS unit root tests (with constant and trend) for millet weather variable 

  lnT lnP SPI ETo CO2 
S

u
d

a
n

o
-S

a
h

e
l 

Burkina Faso -4.31*** (1) -2.83 (1) -2.82 (1) -4.26*** (1) -.97 (1) 

Chad -2.5 (2) -2.88 (1) -1.87 (2) -2.61 (2) -.97 (1) 

Gambia -4.49*** (1) -3.54** (1) -3.61** (1) -4.44*** (1) -.97 (1) 

Mali -4.66*** (1) -3.08* (1) -3.15* (1) -4.59*** (1) -.97 (1) 

Mauritania -3.55** (1) -3.1* (1) -3.23** (1) -3.62** (1) -.97 (1) 

Niger -2.19 (2) -2.97* (1) -2.94* (1) -2.11 (2) -.97 (1) 

Senegal -4.15*** (1) -3.08* (1) -3.18* (1) -4.11*** (1) -.97 (1) 

Sudan -1.74 (2) -3.37** (1) -3.4** (1) -2.14 (2) -.97 (1) 

W
e
st

 

Benin -2.13 (2) -4.71*** (1) -4.64*** (1) -3.65** (1) -.97 (1) 

Côte d'Ivoire -3.63** (1) -3.59** (1) -3.59** (1) -3.24** (1) -.97 (1) 

Ghana -3.79*** (1) -4.5*** (1) -4.48*** (1) -3.35** (1) -.97 (1) 

Guinea -4.19*** (1) -1.71 (2) -1.71 (2) -3.94*** (1) -.97 (1) 

Guinea-Bissau -2.33 (2) -3.64** (1) -2.44 (2) -2.39 (2) -.97 (1) 

Nigeria -2.38 (2) -3.12* (1) -3.14* (1) -2.68 (2) -.97 (1) 

Sierra Leone -4.2*** (1) -4.02*** (1) -4.05*** (1) -3.83*** (1) -.97 (1) 

Togo -2.73 (1) -4.54*** (1) -4.49*** (1) -3.65** (1) -.97 (1) 

C
e
n

tr
a
l Cameroon -2.61 (2) -2.5 (1) -2.51 (1) -4.7*** (1) -.97 (1) 

CAR -2.62 (2) -4.95*** (1) -4.84*** (1) -2.38 (2) -.97 (1) 

Congo DR -5.59*** (1) -3.63** (1) -3.59** (1) -3.36** (1) -.97 (1) 

E
a

st
 

Burundi -5.69*** (1) -4.81*** (1) -4.74*** (1) -2.66 (1) -.97 (1) 

Kenya -2.36 (2) -3.42** (1) -3.65** (1) -5.23*** (1) -.97 (1) 

Rwanda -6*** (1) -4.2*** (1) -4.21*** (1) -3.65** (1) -.97 (1) 

Uganda -6.76*** (1) -2.91* (1) -3.15* (1) -3.97*** (1) -.97 (1) 

S
o

u
th

 

Angola -3.08* (1) -3.06* (1) -3.14* (1) -2.85 (1) -.97 (1) 

Botswana -3.67** (1) -3.83*** (1) -3.92*** (1) -3.31** (1) -.97 (1) 

Malawi -5.25*** (1) -4.19*** (1) -4.27*** (1) -5.35*** (1) -.97 (1) 

Mozambique -4.56*** (1) -4.63*** (1) -4.59*** (1) -4.02*** (1) -.97 (1) 

Namibia -2.96* (1) -3.87*** (1) -4.02*** (1) -2.84 (1) -.97 (1) 

Tanzania -5.28*** (1) -3.5** (1) -3.61** (1) -5.13*** (1) -.97 (1) 

Zambia -3.87*** (1) -3.74** (1) -3.79*** (1) -3.73** (1) -.97 (1) 

Zimbabwe -3.94*** (1) -3.4** (5) -3.5** (5) -4.03*** (1) -.97 (1) 
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Table H.8. ERS unit root tests (with constant and trend) for sorghum weather variable 
 Countries lnT lnP SPI ETo CO2 

S
u

d
a
n

o
-S

a
h

e
l 

Burkina Faso -4.31*** (1) -2.84 (1) -2.84 (1) -4.25*** (1) -.97 (1) 

Chad -2.49 (2) -1.86 (2) -1.87 (2) -2.61 (2) -.97 (1) 

Gambia -4.49
***

 (1) -3.54
**

 (1) -3.62
**

 (1) -4.44
***

 (1) -.97 (1) 

Mali -4.66*** (1) -3.05* (1) -3.12* (1) -4.58*** (1) -.97 (1) 

Mauritania -3.42** (1) -3.13* (1) -3.3** (1) -3.5** (1) -.97 (1) 

Niger -2.17 (2) -2.98* (1) -2.95* (1) -2.13 (2) -.97 (1) 

Senegal -4.13*** (1) -3.07* (1) -3.17* (1) -4.11*** (1) -.97 (1) 

Somalia -5.32*** (1) -3.25** (1) -3.39** (1) -6.09*** (1) -.97 (1) 

Sudan -1.74 (2) -3.37** (1) -3.39** (1) -2.13 (2) -.97 (1) 

W
e
st

 

Benin -3.19* (1) -4.94*** (1) -4.87*** (1) -3.26** (1) -.97 (1) 

Côte d'Ivoire -3.66** (1) -3.77** (1) -3.76** (1) -3.18* (1) -.97 (1) 

Ghana -3.79*** (1) -4.5*** (1) -4.48*** (1) -3.32** (1) -.97 (1) 

Guinea -4.25*** (1) -1.66 (2) -1.66 (2) -3.92*** (1) -.97 (1) 

Guinea-Bissau -2.31 (2) -3.56** (1) -3.7** (1) -2.37 (2) -.97 (1) 

Nigeria -2.39 (2) -3.16* (1) -3.17* (1) -2.69 (2) -.97 (1) 

Sierra Leone -4.21*** (1) -4.01*** (1) -4.05*** (1) -3.83*** (1) -.97 (1) 

Togo -2.73 (1) -4.55
***

 (1) -4.5
***

 (1) -3.64
**

 (1) -.97 (1) 

C
e
n

tr
a
l Cameroon -2.29 (2) -2.61 (1) -2.63 (1) -4.1*** (1) -.97 (1) 

CAR -2.48 (2) -4.73*** (1) -4.66*** (1) -2.31 (2) -.97 (1) 

Congo DR -5.65*** (1) -4.42*** (1) -4.33*** (1) -3.14* (1) -.97 (1) 

E
a

st
 

Burundi -5.62*** (1) -4.86*** (1) -4.79*** (1) -2.67 (1) -.97 (1) 

Kenya -2.45 (2) -3.39** (1) -3.61** (1) -5.26*** (1) -.97 (1) 

Rwanda -5.86*** (1) -4.39*** (1) -4.37*** (1) -3.49** (1) -.97 (1) 

Uganda -6.88*** (1) -3.05* (1) -3.31** (1) -4.11*** (1) -.97 (1) 

S
o

u
th

 

Botswana -3.77** (1) -3.66** (1) -3.74** (1) -3.47** (1) -.97 (1) 

Lesotho -3.96*** (1) -3.63** (1) -3.49** (1) -3.77** (1) -.97 (1) 

Malawi -4.92*** (1) -4.63*** (1) -4.67*** (1) -4.7*** (1) -.97 (1) 

Mozambique -4.54*** (1) -4.60*** (1) -4.57*** (1) -4.05*** (1) -.97 (1) 

Namibia -3.05* (1) -4.18*** (1) -4.32*** (1) -2.89 (1) -.97 (1) 

Swaziland -5.21*** (1) -4.15*** (1) -4.15*** (1) -2.97* (2) -.97 (1) 

Tanzania -5.25*** (1) -3.5** (1) -3.61** (1) -5.09*** (1) -.97 (1) 

Zambia -3.95*** (1) -3.77** (1) -3.82*** (1) -3.78*** (1) -.97 (1) 

Zimbabwe -3.94*** (1) -3.28** (5) -3.34** (5) -3.92*** (1) -.97 (1) 
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H.3. Price variables 

Table H.9. ERS unit root tests (with constant and trend) for cassava price variable 
 countries lnCP lnCCP XPI 

S
u

d
a
n

o
-S

a
h

e
l 

Burkina Faso -3.53
**

 (1) -2.45 (1) -2.06 (1) 

Chad   -1.99 (1) 

Gambia -2.51 (1) -5.44*** (1) -1.74 (1) 

Mali -2.85 (1) -2.56 (1) -2.66 (1) 

Mauritania   -1.88 (3) 

Niger -1.8 (1) -2.89 (1) -1.76 (1) 

Senegal   -2.85 (1) 

Sudan -2.13 (1) -2.49 (1) -2.07 (1) 

W
e
st

 

Benin   -1.06 (3) 

Côte d'Ivoire -2.2 (1) -1.75 (1) -2.25 (1) 

Ghana -3.28** (6) -2.88 (1) -2.08 (1) 

Guinea -2.07 (1) -2.81 (1) -1.46 (1) 

Guinea-Bissau   -2.89 (1) 

Nigeria -3.32** (2) -1.84 (1) -2.14 (1) 

Sierra Leone   -1.78 (1) 

Togo -2.85 (1) -2.47 (1) -2.35 (1) 

C
e
n

tr
a

l 

Cameroon -2.24 (1) -1.92 (1) -1.74 (1) 

CAR   -1.86 (3) 

Congo -1.72 (1) -1.84 (1) -1.94 (1) 

Congo DR   -1.56 (1) 

Gabon   -2.41 (1) 

E
a

st
 

Burundi -1.88 (1) -1.11 (4) -1.37 (1) 

Kenya -3.15* (3) -2.86 (1) -2.45 (1) 

Madagascar -2.24 (1) -2.3 (1) -2.22 (1) 

Rwanda -2.48 (1) -2.47 (1) -2.39 (9) 

Uganda   -1.56 (1) 

S
o

u
th

 

Angola   -1.42 (1) 

Botswana   -2.25 (1) 

Lesotho   -1.66 (1) 

Malawi -2.95* (1) -2.6 (1) -3.15* (1) 

Mozambique -1.9 (1) -1.45 (1) -1.51 (1) 

Namibia  -1.49 (1) -3.14* (1) 

Swaziland   -2.4 (1) 

Tanzania   -1.44 (1) 

Zimbabwe -1.06 (5) -3.18* (1) -5.64*** (1) 
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Table H.10. ERS unit root tests (with constant and trend) for maize price variable 

 countries lnCP lnCCP XPI 
S

u
d

a
n

o
-S

a
h

e
l 

Burkina Faso -2.53 (1) -2.45 (1) -2.06 (1) 

Chad   -1.99 (1) 

Gambia -2.8 (1) -5.44
***

 (1) -1.74 (1) 

Mali -2.56 (1) -2.56 (1) -2.66 (1) 

Mauritania   -1.88 (3) 

Niger -1.78 (2) -2.89 (1) -1.76 (1) 

Senegal   -2.85 (1) 

Sudan -2.93* (1) -2.49 (1) -2.07 (1) 

W
e
st

 

Benin   -1.06 (3) 

Côte d'Ivoire -1.42 (1) -1.75 (1) -2.25 (1) 

Ghana -2.03 (1) -2.88 (1) -2.08 (1) 

Guinea -2.46 (1) -2.81 (1) -1.46 (1) 

Guinea-Bissau   -2.89 (1) 

Nigeria -2.06 (1) -1.84 (1) -2.14 (1) 

Sierra Leone   -1.78 (1) 

Togo -2.47 (1) -2.48 (1) -2.35 (1) 

C
e
n

tr
a

l 

Cameroon -1.92 (1) -2.74 (1) -1.74 (1) 

CAR   -1.86 (3) 

Congo -2.13 (1) -1.72 (1) -1.94 (1) 

Congo DR   -1.56 (1) 

Gabon   -2.41 (1) 

E
a

st
 

Burundi -2.48 (1) -1.11 (4) -1.37 (1) 

Kenya -2.86 (1) -2.8 (1) -2.45 (1) 

Madagascar -1.29 (1) -2.3 (1) -2.22 (1) 

Rwanda -3.03* (1) -2.47 (1) -2.39 (9) 

Uganda   -1.56 (1) 

S
o

u
th

 

Angola   -1.42 (1) 

Botswana   -2.25 (1) 

Lesotho   -1.66 (1) 

Malawi -2.6 (1) -1.72 (1) -3.15* (1) 

Mozambique -1.45 (1) -1.9 (1) -1.51 (1) 

Namibia -1.33 (1) -1.49 (1) -3.14* (1) 

Swaziland   -2.4 (1) 

Tanzania   -1.44 (1) 

Zimbabwe -3.18* (1) -2.21 (3) -5.64*** (1) 
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Table H.11. ERS unit root tests (with constant and trend) for millet price variable 

  lnCP lnCCP XPI 
S

u
d

a
n

o
-S

a
h

e
l 

Burkina Faso -2.53 (1) -2.45 (1) -2.06 (1) 

Chad   -1.99 (1) 

Gambia -2.77 (1) -5.44*** (1) -1.74 (1) 

Mali -2.32 (1) -2.64 (1) -2.66 (1) 

Mauritania   -1.88 (3) 

Niger -2.89 (1) -2.54 (1) -1.76 (1) 

Senegal   -2.85 (1) 

Sudan -2.42 (1) -2.49 (1) -2.07 (1) 

W
e
st

 

Benin   -1.06 (3) 

Côte d'Ivoire -1.51 (1) -1.75 (1) -2.25 (1) 

Ghana -1.41 (2) -2.88 (1) -2.08 (1) 

Guinea -2.46 (1) -2.81 (1) -1.46 (1) 

Guinea-Bissau   -2.89 (1) 

Liberia    

Nigeria -2.82 (1) -1.84 (1) -2.14 (1) 

Sierra Leone   -1.78 (1) 

Togo -2.48 (1) -2.47 (1) -2.35 (1) 

C
e
n

tr
a

l 

Cameroon -2.29 (1) -1.92 (1) -1.74 (1) 

CAR   -1.86 (3) 

Congo  -1.72 (1) -1.94 (1) 

Congo DR   -1.56 (1) 

Equatorial Guinea  -2.43 (2)  

Gabon   -2.41 (1) 

E
a

st
 

Burundi -2.49 (1) -1.11 (4) -1.37 (1) 

Kenya -2.2 (4) -2.86 (1) -2.45 (1) 

Madagascar  -2.3 (1) -2.22 (1) 

Rwanda -1.98 (1) -2.47 (1) -2.39 (9) 

Uganda   -1.56 (1) 

S
o

u
th

 

Angola   -1.42 (1) 

Botswana   -2.25 (1) 

Lesotho   -1.66 (1) 

Malawi -2.1 (1) -2.6 (1) -3.15* (1) 

Mozambique -1.96 (1) -1.9 (1) -1.51 (1) 

Namibia -1.49 (1) -1.33 (1) -3.14* (1) 

Swaziland   -2.4 (1) 

Tanzania   -1.44 (1) 

Zambia    

Zimbabwe -2.21 (3) -3.18* (1) -5.64*** (1) 
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Table H.12. ERS unit root tests (with constant and trend) for sorghum price variable 
 Countries lnCP lnCCP XPI 

S
u

d
a
n

o
-S

a
h

e
l 

Burkina Faso -2.45 (1) -2.53 (1) -2.06 (1) 

Chad   -1.99 (1) 

Gambia -4.38
***

 (1) -5.44
***

 (1) -1.74 (1) 

Mali -2.64 (1) -2.56 (1) -2.66 (1) 

Mauritania   -1.88 (3) 

Niger -2.7 (2) -2.89 (1) -1.76 (1) 

Senegal   -2.85 (1) 

Sudan -2.49 (1) -2.42 (1) -2.07 (1) 

W
e
st

 

Benin   -1.06 (3) 

Côte d'Ivoire -1.54 (1) -1.75 (1) -2.25 (1) 

Ghana -2.4 (1) -2.88 (1) -2.08 (1) 

Guinea -2.03 (1) -2.81 (1) -1.46 (1) 

Guinea-Bissau   -2.89 (1) 

Nigeria -1.84 (1) -2.82 (1) -2.14 (1) 

Sierra Leone   -1.78 (1) 

Togo -2.17 (1) -2.47 (1) -2.35 (1) 

C
e
n

tr
a
l 

Cameroon -2.74 (1) -1.92 (1) -1.74 (1) 

CAR   -1.86 (3) 

Congo  -1.72 (1) -1.94 (1) 

Congo DR   -1.56 (1) 

Gabon   -2.41 (1) 

E
a

st
 

Burundi -2.98* (1) -1.11 (4) -1.37 (1) 

Kenya -2.28 (4) -2.86 (1) -2.45 (1) 

Madagascar -1.14 (1) -2.3 (1) -2.22 (1) 

Rwanda -2.16 (1) -2.47 (1) -2.39 (9) 

Uganda   -1.56 (1) 

S
o

u
th

 

Angola   -1.42 (1) 

Botswana   -2.25 (1) 

Lesotho   -1.66 (1) 

Malawi -4.02*** (1) -2.6 (1) -3.15* (1) 

Mozambique -1.97 (1) -1.9 (1) -1.51 (1) 

Namibia -1.83 (4) -1.49 (1) -3.14* (1) 

Swaziland   -2.4 (1) 

Tanzania   -1.44 (1) 

Zimbabwe -1.38 (2) -3.18* (1) -5.64*** (1) 
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Appendix I. Regional climate predictions 

Table I.1. Projected climate change compared to the late-1900s by AOGCM in millet zone in Sudano-Sahel  

GCM Scenario 

Temperature  

(in ºC) 

27.9 in late-1900s 

Precipitation  

(in mm) 

584 in late-1900s 

ET  

(in mm/day) 

13.7 in late-1900s 

SPI  

(in st dev from median) 

-0.7 in late-1900s 

Drought  

(in %) 

46% in late-1900s 

Flood  

(in %) 

1 in late-1900s 

Mid-

2000s 

Late-

2000s 

Mid-

2000s 

Late-

2000s 

Mid-

2000s 

Late-

2000s 

Mid-

2000s 

Late- 

2000s 

Mid-

2000s 

Late-

2000s 

Mid-

2000s 

Late-

2000s 

CGCM2 

A1FI +3.0 +5.3 +103 -33 +0.8 +1.2 +0.6 -0.6 -3 +13 +7 -1 

A2 +2.3 +4.2 +111 -21 +0.6 +0.9 +0.7 -0.4 -34 +9 +9 -1 

B1 +1.3 +2.0 +146 +36 +0.2 +0.2 +1.0 +0.2 -38 -11 +22 +3 

B2 +1.6 +2.5 +147 +38 +0.3 +0.3 +1.0 +0.2 -38 -14 +22 +3 

CSIRO2 

A1FI +1.7 +3.3 +103 -34 +0.6 +0.9 +0.7 -0.5 -38 +26 0 -1 

A2 +1.9 +3.6 +100 -40 +0.6 +1.0 +0.6 -0.5 -36 +28 0 -1 

B1 +1.7 +2.5 +114 -6 +0.5 +0.7 +0.8 -0.2 -39 +12 0 -1 

B2 +1.8 +2.8 +101 -27 +0.6 +0.8 +0.6 -0.4 -35 +25 0 -1 

ECHAM4 

A1FI +2.7 +4.9 +184 +104 +0.8 +1.3 +1.3 +0.5 -39 -14 +48 +38 

A2 +2.1 +3.9 +174 +89 +0.6 +1.0 +1.2 +0.5 -39 -15 +46 +34 

B1 +1.5 +2.2 +187 +92 +0.4 +0.5 +1.3 +0.6 -41 -19 +49 +29 

B2 +1.8 +2.7 +195 +106 +0.5 +0.7 +1.4 +0.7 -4 -2 +49 +31 

HadCM3 

A1FI +2.8 +5.0 +104 -31 +0.9 +1.5 +0.8 -0.1 -31 +6 +27 +12 

A2 +2.2 +4.1 +117 -12 +0.7 +1.2 +0.9 -0.1 -32 +4 +29 +8 

B1 +1.6 +2.3 +138 +25 +0.5 +0.6 +1.1 +0.2 -41 -1 +42 +18 

B2 +1.8 +2.8 +150 +42 +0.5 +0.7 +1.2 +0.4 -37 -3 +37 +15 

PCM 

A1FI +1.5 +2.8 +129 +11 +0.3 +0.5 +0.9 +0.2 -34 +3 +3 +9 

A2 +1.1 +2.3 +131 +14 +0.2 +0.4 +1.0 0 -36 +1 +3 +6 

B1 +0.8 +1.2 +122 5 +0.2 +0.1 +0.9 0 -34 -1 +29 +2 

B2 +1.0 +1.6 +119 -1 +0.2 +0.2 +0.9 +0.1 -34 -1 +31 +6 
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Table I.2. Projected climate change compared to the late-1900s by AOGCM in sorghum zone in the West region  

GCM Scenario 

Temperature  

(in ºC) 

26.6 in late-1900s 

Precipitation  

(in mm) 

1416 in late-1900s 

ET  

(in mm/day) 

12 in late-1900s 

SPI  

(in st dev from median) 

-0.7 in late-1900s 

Drought  

(in %) 

38% in late-1900s 

Flood  

(in %) 

0 in late-1900s 

Mid-

2000s 

Late-

2000s 

Mid-

2000s 

Late-

2000s 

Mid-

2000s 

Late-

2000s 

Mid-

2000s 

Late- 

2000s 

Mid-

2000s 

Late-

2000s 

Mid-

2000s 

Late-

2000s 

CGCM2 

A1FI +2.5 +4.4 +173 +23 +0.4 +0.6 +0.9 +0.1 -31 -7 +12 +1 

A2 +1.9 +3.5 +174 +24 +0.3 +0.4 +0.9 +0.1 -31 -9 +11 +1 

B1 +1.0 +1.5 +201 +61 0 -0.1 +1.0 +0.3 -33 -15 +16 +1 

B2 +1.2 +1.9 +205 +68 0 -0.1 +1.1 +0.4 -33 -16 +20 +1 

CSIRO2 

A1FI +1.4 +2.7 +132 -48 +0.4 +0.6 +0.6 -0.4 -27 +2 +16 +13 

A2 +1.6 +3.0 +113 -81 +0.4 +0.8 +0.5 -0.6 -24 +35 +15 +13 

B1 +1.4 +2.0 +146 -13 +0.4 +0.5 +0.7 -0.1 -27 +7 +5 0 

B2 +1.5 +2.3 +127 -41 +0.4 +0.6 +0.6 -0.3 -24 +17 +4 0 

ECHAM4 

A1FI +2.5 +4.5 +190 +51 +0.5 +0.8 +1.1 +0.4 -28 +5 +20 +17 

A2 +1.9 +3.6 +187 +47 +0.3 +0.6 +1.0 +0.4 -28 +1 +20 +15 

B1 +1.3 +2.0 +187 +42 +0.2 +0.3 +1.0 +0.3 -26 +4 +21 +16 

B2 +1.6 +2.5 +188 +45 +0.3 +0.4 +1.0 +0.4 -26 +7 +26 +19 

HadCM3 

A1FI +2.4 +4.4 +145 -24 +0.5 +0.9 +0.8 -0.1 -2 +14 +18 +14 

A2 +1.9 +3.6 +173 +22 +0.4 +0.7 +1.0 +0.2 -27 +5 +21 +11 

B1 +1.3 +1.9 +201 +61 +0.3 +0.3 +1.1 +0.4 -34 -12 +35 +15 

B2 +1.6 +2.4 +244 +122 +0.2 +0.3 +1.3 +0.7 -34 -25 +44 +17 

PCM 

A1FI +1.2 +2.2 +219 +98 0 0 +1.2 +0.6 -33 -19 +3 +12 

A2 +0.9 +1.8 +210 +85 0 0 +1.1 +0.5 -33 -18 +24 +9 

B1 +0.6 +0.9 +203 +62 0 -0.1 +1.1 +0.4 -32 -14 +23 +7 

B2 +0.8 +1.2 +207 +70 0 -0.1 +1.1 +0.4 -32 -16 +27 +7 
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Table I.3. Projected climate change compared to the late-1900s by AOGCM in cassava zone in the Central region  

GCM Scenario 

Temperature  

(in ºC) 

24.4 in late-1900s 

Precipitation  

(in mm) 

1626 in late-1900s 

ET  

(in mm/day) 

10.5 in late-1900s 

SPI  

(in st dev from median) 

-0.2 in late-1900s 

Drought  

(in %) 

21% in late-1900s 

Flood  

(in %) 

6 in late-1900s 

Mid-

2000s 

Late-

2000s 

Mid-

2000s 

Late-

2000s 

Mid-

2000s 

Late-

2000s 

Mid-

2000s 

Late- 

2000s 

Mid-

2000s 

Late-

2000s 

Mid-

2000s 

Late-

2000s 

CGCM2 

A1FI +2.4 +4.0 +80 +11 +0.5 +0.6 +0.3 -0.2 -1 +15 +6 -4 

A2 +1.9 +3.2 +82 +13 +0.4 +0.5 +0.3 -0.1 -12 +15 +7 -4 

B1 +1.2 +1.5 +99 +38 +0.1 +0.1 +0.5 +0.1 -18 -2 +9 -2 

B2 +1.4 +1.8 +100 +41 +0.1 +0.1 +0.5 +0.1 -15 -2 +10 -2 

CSIRO2 

A1FI +1.7 +2.8 +66 -13 +0.6 +0.8 +0.4 -0.1 -17 +1 +6 +7 

A2 +1.8 +3.0 +62 -21 +0.6 +0.9 +0.4 -0.1 -15 +16 +6 +8 

B1 +1.7 +2.1 +67 -5 +0.5 +0.6 +0.4 0 -17 +11 +5 +6 

B2 +1.8 +2.4 +61 -15 +0.6 +0.7 +0.3 -0.1 -15 +1 +4 -2 

ECHAM4 

A1FI +2.8 +4.7 +143 +116 +0.7 +1.1 +1.0 +1.0 -17 -13 +31 +39 

A2 +2.2 +3.8 +131 +98 +0.6 +0.8 +0.9 +0.8 -2 -13 +3 +36 

B1 +1.7 +2.2 +134 +86 +0.4 +0.5 +0.9 +0.7 -18 -13 +33 +25 

B2 +2.0 +2.7 +142 +100 +0.5 +0.6 +1.0 +0.8 -18 -13 +33 +26 

HadCM3 

A1FI +2.8 +4.7 -33 -178 +0.8 +1.3 +0.1 -0.7 15 +25 +16 +28 

A2 +2.3 +3.8 +28 -78 +0.6 +0.9 +0.3 -0.2 +5 +17 +17 +27 

B1 +1.7 +2.1 +26 -58 +0.4 +0.5 +0.2 -0.3 -8 +12 +11 0 

B2 +1.9 +2.5 +43 -39 +0.4 +0.5 +0.3 -0.1 -3 +14 +15 +3 

PCM 

A1FI +1.4 +2.3 +159 +140 +0.2 +0.2 +0.8 +0.7 -19 -19 +31 +2 

A2 +1.1 +1.8 +144 +118 +0.2 +0.2 +0.7 +0.6 -19 -18 +22 +15 

B1 +0.9 +1.0 +157 +113 +0.2 +0.1 +0.8 +0.6 -19 -18 +27 +6 

B2 +1.0 +1.3 +168 +134 +0.2 +0.1 +0.9 +0.7 -19 -19 +34 +2 

 

 



335 

 

 

 

Table I.4. Projected climate change compared to the late-1900s by AOGCM in maize zone in the East  

GCM Scenario 

Temperature  

(in ºC) 

21.4 in late-1900s 

Precipitation  

(in mm) 

1230 in late-1900s 

ET  

(in mm/day) 

9 in late-1900s 

SPI  

(in st dev from median) 

-0.2 in late-1900s 

Drought  

(in %) 

2% in late-1900s 

Flood  

(in %) 

15 in late-1900s 

Mid-

2000s 

Late-

2000s 

Mid-

2000s 

Late-

2000s 

Mid-

2000s 

Late-

2000s 

Mid-

2000s 

Late- 

2000s 

Mid-

2000s 

Late-

2000s 

Mid-

2000s 

Late-

2000s 

CGCM2 

A1FI +1.9 +3.4 -117 -185 +0.4 +0.8 -0.8 -1.3 +31 +64 -8 -10 

A2 +1.4 +2.7 -90 -144 +0.3 +0.6 -0.6 -1.0 +29 +5 -6 -11 

B1 +0.8 +1.3 -19 -11 +0.2 +0.2 -0.1 -0.1 +3 +1 0 -4 

B2 +1.0 +1.6 -23 -19 +0.2 +0.3 -0.2 -0.1 +3 +3 -2 -4 

CSIRO2 

A1FI +1.2 +2.4 +40 +79 +0.2 +0.5 +0.2 +0.5 -1 +1 +10 +24 

A2 +1.4 +2.7 +55 +104 +0.2 +0.5 +0.3 +0.6 -1 +1 +15 +34 

B1 +1.2 +1.8 +40 +67 +0.2 +0.3 +0.2 +0.4 -1 +1 +8 +25 

B2 +1.3 +2.1 +2 +16 +0.3 +0.5 0 +0.1 -1 +3 +6 +06 

ECHAM4 

A1FI +2.5 +4.5 +87 +158 +0.5 +0.9 +0.5 +0.9 +13 +18 +46 +65 

A2 +1.8 +3.5 +70 +132 +0.4 +0.7 +0.4 +0.8 +11 +13 +42 +59 

B1 +1.3 +2.0 +52 +83 +0.3 +0.4 +0.3 +0.5 +12 +9 +25 +40 

B2 +1.6 +2.5 +59 +96 +0.3 +0.5 +0.3 +0.6 +12 +9 +45 +51 

HadCM3 

A1FI +2.5 +4.4 +66 +122 +0.5 +0.8 +0.4 +0.7 -1 +1 +14 +49 

A2 +1.9 +3.6 +33 +66 +0.4 +0.7 +0.2 +0.4 -1 +1 +10 +14 

B1 +1.4 +2.1 +14 +32 +0.3 +0.4 +0.1 0.2 +1 +1 +8 +6 

B2 -0.9 -0.1 +32 +58 -0.4 -0.3 +0.2 +0.3 -1 +1 +10 +12 

PCM 

A1FI +1.2 +2.2 +31 +62 +0.1 +0.2 +0.2 +0.4 -1 +3 +16 +28 

A2 +0.8 +1.7 +27 +56 +0.1 +0.1 +0.2 +0.3 -1 +1 +10 +28 

B1 +0.5 +0.9 +31 +54 0 +0.1 +0.2 +0.3 -1 +1 +8 +21 

B2 +0.7 +1.1 +35 +61 0 +0.1 +0.2 +0.4 -1 +1 +12 +25 
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Table I.5. Projected climate change compared to the late-1900s by AOGCM in maize zone in the South  

GCM Scenario 

Temperature  

(in ºC) 

20.8 in late-1900s 

Precipitation  

(in mm) 

814 in late-1900s 

ET  

(in mm/day) 

10.2 in late-1900s 

SPI  

(in st dev from median) 

-0.1 in late-1900s 

Drought  

(in %) 

12% in late-1900s 

Flood  

(in %) 

7 in late-1900s 

Mid-

2000s 

Late-

2000s 

Mid-

2000s 

Late-

2000s 

Mid-

2000s 

Late-

2000s 

Mid-

2000s 

Late- 

2000s 

Mid-

2000s 

Late-

2000s 

Mid-

2000s 

Late-

2000s 

CGCM2 

A1FI +2.8 +4.8 -67 -137 +0.8 +1.4 -0.5 -1.1 +21 +55 -4 -7 

A2 +2.1 +3.8 -47 -106 +0.6 +1.1 -0.3 -0.8 +17 +43 -4 -7 

B1 +1.2 +1.7 +3 -11 +0.2 +0.3 +0.1 0 +6 +8 2 +2 

B2 +1.5 +2.2 0 -17 +0.3 +0.5 0 -0.1 +10 +14 2 +2 

CSIRO2 

A1FI +1.5 +2.7 +27 +21 +0.4 +0.7 +0.2 +0.1 +2 +8 +16 +17 

A2 +1.6 +2.9 +35 +34 +0.4 +0.7 +0.3 +0.2 +2 +7 +20 +23 

B1 +1.4 +2.0 +37 +34 +0.4 +0.5 +0.3 +0.3 +3 +7 +19 +21 

B2 +1.4 +2.1 +39 +38 +0.3 +0.5 +0.3 +0.3 -3 +3 +18 +20 

ECHAM4 

A1FI +3.2 +5.5 +58 +74 +1.0 +1.7 +0.4 +0.4 -5 +4 +22 +33 

A2 +2.4 +4.4 +51 +63 +0.7 +1.3 +0.4 +0.4 -6 +2 +18 +24 

B1 +1.8 +2.5 +35 +32 +0.5 +0.7 +0.3 +0.2 -5 -4 +11 +9 

B2 +2.2 +3.2 +37 +35 +0.6 +0.9 +0.3 +0.2 -4 +3 +11 +10 

HadCM3 

A1FI +3.2 +5.5 -3 -30 +1.1 +1.9 0 -0.3 +12 +22 +10 +9 

A2 +2.5 +4.4 -17 -55 +0.8 +1.5 -0.1 -0.4 +9 +29 +4 +3 

B1 +2.0 +2.7 -33 -58 +0.7 +1.0 -0.2 -0.4 +12 +32 -2 -5 

B2 +2.2 +3.2 -37 -69 +0.8 +1.2 -0.3 -0.5 +17 +36 -1 -3 

PCM 

A1FI +1.4 +2.5 +9 -8 +0.3 +0.6 +0.1 0 -1 +12 +1 +13 

A2 +1.1 +2.0 +13 -3 +0.2 +0.4 +0.2 0 -1 +9 +1 +12 

B1 +0.7 +1.0 +27 +20 +0.1 +0.2 +0.3 +0.2 -3 0 +12 +12 

B2 +0.9 +1.3 +27 +20 +0.1 +0.2 +0.3 +0.2 -3 +1 +13 +13 
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Appendix J. RMSE 

Table J.1. RMSE of final crops specifications 

  Supply function Production function 

Crop Region LAG MAVG T-P ET-SPI 

Cassava 
SSA 0.189 0.222 0.122 0.122 

Central 0.192 0.197 0.149 0.149 

Maize 

SSA 0.453 0.359 0.254 0.256 

East 1.527 0.896 0.313 0.315 

South 0.878 0.732 0.639 0.294 

Millet 
SSA 0.250 0.398 0.253 0.285 

Sudano-Sahel 0.218 0.251 0.342 0.281 

Sorghum 
SSA 0.354 0.404 0.256 0.298 

West 0.257 0.406 0.268 0.286 
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Appendix K. Impact predictions 

K.1. Aggregate SSA predictions 

Table K.1. Predicted total area using the LAG model, mean yields using the ET-SPI model and total 

production of cassava in SSA 

AOGCM Scenario 

Area 

(in thousand Ha) 

8,070 in late-1900s 

Yield 

(in tonnes per Ha) 

6.6 in late-1900s 

Production 

(in thousand tonnes) 

52,927 in late-1900s 

Mid-2000s 
Late-

2000s 
Mid-2000s 

Late-

2000s 
Mid-2000s 

Late-

2000s 

CGCM2 

Ref. 21,135 30,530 12.1 14.1  255,179  431,808  

A1FI  20,730   29,195  12.1 14.1  250,126   412,918  

A2  20,872   29,504  12.1 14.1  251,780   417,296  

B1  21,070   30,177  12.1 14.1  253,945   426,620  

B2  21,018   30,037  12 14.1  253,268   424,642  

CSIRO2 

Ref.  21,135   30,530  12.1 14.1  255,179   431,808  

A1FI  20,933   29,664  12 14.1  252,212   418,655  

A2  20,893   29,557  12.1 14.1  251,872   417,343  

B1  20,948   29,940  12 14.1  252,342   422,510  

B2  20,914   29,821  12.1 14.1  252,198   421,308  

ECHAM4 

Ref.  21,135   30,530  12.1 14.1  255,179   431,808  

A1FI  20,689   29,089  12 14.1  248,204   409,017  

A2  20,847   29,420  12 14.1  250,225   413,980  

B1  20,977   29,986  12 14.1  252,118   422,664  

B2  20,907   29,805  12 14.1  251,205   419,843  

HADCM3 

Ref.  21,135   30,530  12.1 14.1  255,179   431,808  

A1FI  20,668   29,051  12 14.1  248,665   409,690  

A2  20,812   29,358  12 14.1  250,276   413,926  

B1  20,950   29,952  12 14.1  252,029   422,991  

B2  21,373   30,504  12 14.1  256,901   430,369  

PCM 

Ref.  21,135   30,530  12.1 14.1  255,179   431,808  

A1FI  21,022   29,909  12 14.1  252,912   422,183  

A2  21,105   30,079  12 14.1  254,072   424,694  

B1  21,181   30,398  12 14.1  254,834   429,342  

B2  21,145   30,298  12 14.1  254,305   427,620  
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Table K.2. Predicted total area using the MAVG model, mean yields using the ET-SPI model and total 

production of maize in SSA 

AOGCM Scenario 

Area 

(in thousand Ha) 

14,097 in late-1900s 

Yield 

(in tonnes per Ha) 

1 in late-1900s 

Production 

(in thousand tonnes) 

14,584 in late-1900s 

Mid-2000s 
Late-

2000s 
Mid-2000s 

Late-

2000s 
Mid-2000s 

Late-

2000s 

CGCM2 

Ref.  51,446   87,475   1.9   2.6   98,980   231,103  

A1FI  51,056   90,466   1.8   2.2   89,734   198,286  

A2  50,749   89,796   1.8   2.3   92,039   206,350  

B1  49,724   87,544   1.9   2.6   96,249   230,254  

B2  49,710   87,493   1.9   2.6   95,554   227,160  

CSIRO2 

Ref.  51,446   87,475   1.9   2.6   98,980   231,103  

A1FI  50,128   87,968   1.8   2.3   91,872   204,936  

A2  50,142   87,952   1.8   2.3   91,325   202,184  

B1  49,852   87,170   1.8   2.4   91,927   212,742  

B2  50,397   88,318   1.8   2.4   92,041   211,231  

ECHAM4 

Ref.  51,446   87,475   1.9   2.6   98,980   231,103  

A1FI  48,077   82,418   1.8   2.4   88,610   199,250  

A2  48,416   83,372   1.9   2.4   92,250   198,873  

B1  48,488   84,661   2.0   2.6   95,142   219,832  

B2  48,312   84,020   1.9   2.5   93,243   212,330  

HADCM3 

Ref.  51,446   87,475   1.9   2.6   98,980   231,103  

A1FI  50,433   89,903   1.7   2.2   84,859   194,737  

A2  50,250   88,821   1.9   2.3   94,039   204,988  

B1  50,233   88,244   1.9   2.6   96,898   225,221  

B2  49,660   86,771   1.8   2.4   91,128   209,976  

PCM 

Ref.  51,446   87,475   1.9   2.6   98,980   231,103  

A1FI  48,983   84,906   1.9   2.5   93,549   216,224  

A2  49,119   85,424   1.9   2.6   95,103   221,207  

B1  49,063   85,739   2.0   2.7   96,245   230,232  

B2  48,957   85,493   2.0   2.8   95,497   240,555  
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Table K.3. Predicted total area using the LAG model, mean yields using the T-P model and total 

production of millet in SSA 

AOGCM Scenario 

Area 

(in thousand Ha) 

14,328 in late-1900s 

Yield 

(in tonnes per Ha) 

0.7 in late-1900s 

Production 

(in thousand tonnes) 

9,919 in late-1900s 

Mid-2000s 
Late-

2000s 
Mid-2000s 

Late-

2000s 
Mid-2000s 

Late-

2000s 

CGCM2 

Ref.  29,858   38,111.0   0.7   0.8   22,216   29,847  

A1FI  35,024   51,614.0   0.6   0.5   21,638   26,684  

A2  33,488   48,214.0   0.7   0.6   22,087   27,627  

B1  31,502   41,745.0   0.7   0.7   22,845   29,941  

B2  32,023   43,023.0   0.7   0.7   22,697   29,548  

CSIRO2 

Ref.  29,858   38,111.0   0.7   0.8   22,216   29,847  

A1FI  32,354   45,369.0   0.7   0.6   22,456   28,442  

A2  32,681   46,219.0   0.7   0.6   22,369   28,195  

B1  32,337   43,206.0   0.7   0.7   22,523   29,269  

B2  32,502   43,942.0   0.7   0.7   22,468   28,996  

ECHAM4 

Ref.  29,858   38,111.0   0.7   0.8   22,216   29,847  

A1FI  35,413   52,694.0   0.6   0.5   22,048   27,592  

A2  33,701   49,007.0   0.7   0.6   22,434   28,392  

B1  32,366   43,390.0   0.7   0.7   22,813   29,860  

B2  33,079   45,094.0   0.7   0.7   22,645   29,430  

HADCM3 

Ref.  29,858   38,111.0   0.7   0.8   22,216   29,847  

A1FI  35,539   52,875.0   0.6   0.5   21,674   26,748  

A2  34,025   49,566.0   0.6   0.6   22,048   27,548  

B1  32,639   43,728.0   0.7   0.7   22,382   29,122  

B2  33,196   45,222.0   0.7   0.6   22,260   28,749  

PCM 

Ref.  29,858   38,111.0   0.7   0.8   22,216   29,847  

A1FI  31,957   44,185.0   0.7   0.7   22,713   29,184  

A2  31,137   42,591.0   0.7   0.7   22,949   29,653  

B1  30,447   39,865.0   0.8   0.8   23,152   30,509  

B2  30,807   40,726.0   0.7   0.7   23,046   30,213  
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Table K.4. Predicted total area using the LAG model, mean yields using the T-P model and total 

production of sorghum in SSA 

AOGCM Scenario 

Area 

(in thousand Ha) 

15,452 in late-1900s 

Yield 

(in tonnes per Ha) 

0.8 in late-1900s 

Production 

(in thousand tonnes) 

11,777 in late-1900s 

Mid-2000s 
Late-

2000s 
Mid-2000s 

Late-

2000s 
Mid-2000s 

Late-

2000s 

CGCM2 

Ref.  31,987   40,689   1.2   1.4   37,065   57,054  

A1FI  35,380   48,125   0.9   0.8   30,918   36,634  

A2  34,533   46,376   1.0   0.9   33,178   40,921  

B1  33,543   43,326   1.1   1.2   36,918   52,666  

B2  33,821   44,070   1.1   1.1   36,000   50,262  

CSIRO2 

Ref.  31,987   40,689   1.2   1.4   37,065   57,054  

A1FI  34,027   44,920   1.0   1.0   35,060   44,921  

A2  34,196   45,302   1.0   1.0   34,516   43,533  

B1  34,021   43,875   1.0   1.1   35,269   49,127  

B2  34,110   44,158   1.0   1.1   34,969   47,604  

ECHAM4 

Ref.  31,987   40,689   1.2   1.4   37,065   57,054  

A1FI  35,916   49,651   0.9   0.8   31,270   37,465  

A2  34,929   47,635   1.0   0.9   33,607   41,761  

B1  34,120   44,400   1.0   1.1   35,738   50,271  

B2  34,549   45,356   1.0   1.0   34,637   47,420  

HADCM3 

Ref.  31,987   40,689   1.2   1.4   37,065   57,054  

A1FI  35,807   49,328   0.9   0.7   30,586   36,185  

A2  34,967   47,542   0.9   0.8   32,676   40,011  

B1  34,228   44,384   1.0   1.1   34,818   48,649  

B2  34,525   45,280   1.0   1.0   34,053   46,462  

PCM 

Ref.  31,987   40,689   1.2   1.4   37,065   57,054  

A1FI  33,852   44,755   1.1   1.1   36,052   48,043  

A2  33,356   43,848   1.1   1.2   37,496   50,853  

B1  32,936   42,231   1.2   1.3   38,771   56,332  

B2  33,159   42,771   1.1   1.3   38,099   54,474  
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K.2. Aggregate regional predictions 

Table K.5. Predicted total area using the MAVG model, mean yields using the ET-SPI model and total 

production of millet in Sudano-Sahel 

AOGCM Scenario 

Area 

(in thousand Ha) 

8,285 in late-1900s 

Yield 

(in tonnes per Ha) 

0.5 in late-1900s 

Production 

(in thousand tonnes) 

4,507 in late-1900s 

Mid-2000s 
Late-

2000s 
Mid-2000s 

Late-

2000s 
Mid-2000s 

Late-

2000s 

CGCM2 

Ref.  12,589   12,589  0.5 0.6  6,673   6,987  

A1FI  11,602   14,257  0.6 0.6  6,903   8,071  

A2  11,473   13,940  0.6 0.6  6,881   7,988  

B1  10,808   12,566  0.6 0.6  6,620   7,566  

B2  10,788   12,523  0.6 0.6  6,609   7,554  

CSIRO2 

Ref.  12,589   12,589  0.5 0.6  6,673   6,987  

A1FI  11,612   14,287  0.6 0.6  6,966   8,055  

A2  11,684   14,403  0.6 0.6  6,990   8,079  

B1  11,435   13,604  0.6 0.6  6,906   7,880  

B2  11,709   14,122  0.6 0.6  6,998   7,997  

ECHAM4 

Ref.  12,589   12,589  0.5 0.6  6,673   6,987  

A1FI  10,168   11,135  0.9 0.9  9,133   9,875  

A2  10,318   11,460  0.9 0.9  9,244   10,158  

B1  10,059   11,331  0.9 0.9  9,073   10,128  

B2  9,920   11,066  0.9 0.9  8,958   9,938  

HADCM3 

Ref.  12,589   12,589  0.5 0.6  6,673   6,987  

A1FI  11,584   14,215  0.6 0.9  6,977   12,790  

A2  11,364   13,701  0.6 0.6  6,886   8,010  

B1  10,971   12,831  0.8 0.8  8,858   10,136  

B2  10,743   12,448  0.6 0.6  6,622   7,511  

PCM 

Ref.  12,589   12,589  0.5 0.6  6,673   6,987  

A1FI  11,121   13,171  0.6 0.9  6,759   12,058  

A2  11,086   13,091  0.6 0.6  6,752   7,726  

B1  11,284   13,336  0.6 0.6  6,854   7,881  

B2  11,341   13,456  0.6 0.9  6,883   12,348  
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Table K.6. Predicted total area using the LAG model, mean yields using the T-P model and total 

production of sorghum in the West 

AOGCM Scenario 

Area 

(in thousand Ha) 

5,242 in late-1900s 

Yield 

(in tonnes per Ha) 

0.9 in late-1900s 

Production 

(in thousand tonnes) 

4,663 in late-1900s 

Mid-2000s 
Late-

2000s 
Mid-2000s 

Late-

2000s 
Mid-2000s 

Late-

2000s 

CGCM2 

Ref.  23,825   44,980   1.2   1.3   28,062   60,352  

A1FI  27,498   57,654   1.1   1.2   31,390   71,348  

A2  26,518   54,741   1.2   1.3   30,625   68,986  

B1  25,202   48,713   1.2   1.3   29,656   64,004  

B2  25,519   49,917   1.2   1.3   29,914   65,107  

CSIRO2 

Ref.  23,825   44,980   1.2   1.3   28,062   60,352  

A1FI  25,809   51,728   1.2   1.3   29,969   66,016  

A2  26,020   52,354   1.2   1.3   30,077   66,365  

B1  25,768   49,941   1.2   1.3   29,957   64,666  

B2  25,875   50,534   1.2   1.3   29,993   65,027  

ECHAM4 

Ref.  23,825   44,980   1.2   1.3   28,062   60,352  

A1FI  27,559   57,782   1.1   1.2   31,486   71,644  

A2  26,516   54,815   1.2   1.3   30,662   69,190  

B1  25,665   49,795   1.2   1.3   29,985   64,834  

B2  26,089   51,266   1.2   1.3   30,318   66,139  

HADCM3 

Ref.  23,825   44,980   1.2   1.3   28,062   60,352  

A1FI  27,348   57,050   1.1   1.2   31,202   70,579  

A2  26,555   54,734   1.2   1.3   30,653   68,971  

B1  25,711   49,910   1.2   1.3   30,053   65,038  

B2  26,051   51,486   1.2   1.3   30,431   66,769  

PCM 

Ref.  23,825   44,980   1.2   1.3   28,062   60,352  

A1FI  25,511   51,026   1.2   1.3   29,960   66,241  

A2  25,001   49,588   1.2   1.3   29,529   64,931  

B1  24,601   47,095   1.2   1.3   29,186   62,586  

B2  24,824   47,949   1.2   1.3   29,373   63,391  

 

  



344 

 

 

 

Table K.7. Predicted total area using the MAVG model, mean yields using the ET-SPI model and total 

production of cassava in the Central region 

AOGCM Scenario 

Area 

(in thousand Ha) 

2,472 in late-1900s 

Yield 

(in tonnes per Ha) 

5.8 in late-1900s 

Production 

(in thousand tonnes) 

14,446 in late-1900s 

Mid-2000s 
Late-

2000s 
Mid-2000s 

Late-

2000s 
Mid-2000s 

Late-

2000s 

CGCM2 

Ref.  4,698   6,821   6.7   6.7   31,346   45,986  

A1FI  1,204   522   15.0   17.9   18,013   9,340  

A2  1,592   933   13.4   17.1   21,377   15,939  

B1  2,425   2,775   10.6   12.5   25,633   34,561  

B2  2,133   2,218   11.5   13.8   24,634   30,560  

CSIRO2 

Ref.  4,698   6,821   6.7   6.7   31,346   45,986  

A1FI  1,913   1,225   12.3   16.4   23,526   20,035  

A2  1,698   1,051   13.1   16.9   22,205   17,740  

B1  1,763   1,756   12.8   14.8   22,631   26,051  

B2  1,670   1,526   13.2   15.5   22,020   23,629  

ECHAM4 

Ref.  4,698   6,821   6.7   6.7   31,346   45,986  

A1FI  965   333   15.5   17.9   14,959   5,952  

A2  1,345   664   14.2   17.3   19,038   11,512  

B1  1,735   1,704   12.8   14.5   22,189   24,629  

B2  1,432   1,234   13.8   15.7   19,739   19,351  

HADCM3 

Ref.  4,698   6,821   6.7   6.7   31,346   45,986  

A1FI  941   340   15.8   17.9   14,910   6,077  

A2  1,281   649   14.6   17.6   18,652   11,429  

B1  1,752   1,772   12.9   14.6   22,657   25,815  

B2  1,504   1,348   13.8   15.7   20,691   21,209  

PCM 

Ref.  4,698   6,821   6.7   6.7   31,346   45,986  

A1FI  2,237   1,733   11.2   14.6   25,013   25,208  

A2  2,662   2,406   9.9   13.1   26,393   31,408  

B1  3,054   3,948   9.0   9.8   27,342   38,781  

B2  2,776   3,333   9.6   11.0   26,555   36,764  
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Table K.8 Predicted total area using the MAVG model, mean yields using the T-P model and total 

production of maize in the East 

AOGCM Scenario 

Area 

(in thousand Ha) 

2,121 in late-1900s 

Yield 

(in tonnes per Ha) 

1.3 in late-1900s 

Production 

(in thousand tonnes) 

2,679 in late-1900s 

Mid-2000s 
Late-

2000s 
Mid-2000s 

Late-

2000s 
Mid-2000s 

Late-

2000s 

CGCM2 

Ref.  2,683   2,683   1.2   1.2   3,310   3,310  

A1FI  6,715   12,880   1.0   0.8   6,610   9,730  

A2  5,162   10,354   1.0   0.9   5,401   8,808  

B1  3,807   5,131   1.1   1.0   4,296   5,363  

B2  4,257   6,275   1.1   1.0   4,669   6,240  

CSIRO2 

Ref.  2,683   2,683   1.2   1.2   3,310   3,310  

A1FI  4,466   8,889   1.1   0.9   4,867   8,054  

A2  4,908   9,555   1.1   0.9   5,218   8,378  

B1  4,704   6,908   1.1   1.0   5,044   6,721  

B2  4,827   7,554   1.1   0.9   5,132   7,167  

ECHAM4 

Ref.  2,683   2,683   1.2   1.2   3,310   3,310  

A1FI  8,868   14,849   0.9   0.6   8,034   9,566  

A2  6,859   12,290   1.0   0.8   6,739   9,239  

B1  5,355   8,292   1.0   0.9   5,572   7,693  

B2  6,377   9,927   1.0   0.9   6,354   8,567  

HADCM3 

Ref.  2,683   2,683   1.2   1.2   3,310   3,310  

A1FI  7,930   11,932   0.9   0.7   7,300   7,981  

A2  6,688   10,835   1.0   0.8   6,567   8,227  

B1  5,217   7,708   1.0   0.9   5,435   7,219  

B2  432   609   1.9   1.8   836   1,071  

PCM 

Ref.  2,683   2,683   1.2   1.2   3,310   3,310  

A1FI  4,241   7,998   1.1   0.9   4,697   7,518  

A2  3,584   6,121   1.2   1.0   4,129   6,187  

B1  3,115   3,828   1.2   1.1   3,711   4,329  

B2  3,378   4,426   1.2   1.1   3,944   4,830  
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Table K.9. Predicted total area using the MAVG model, mean yields using the ET-SPI model and total 

production of maize in the South 

AOGCM Scenario 

Area 

(in thousand Ha) 

5,680 in late-1900s 

Yield 

(in tonnes per Ha) 

1 in late-1900s 

Production 

(in thousand tonnes) 

5,869 in late-1900s 

Mid-2000s 
Late-

2000s 
Mid-2000s 

Late-

2000s 
Mid-2000s 

Late-

2000s 

CGCM2 

Ref.  7,911   7,911   0.8   0.8   6,535   6,535  

A1FI  24,521   58,140   0.7   0.6   16,836   33,193  

A2  18,680   38,032   0.7   0.6   13,597   23,840  

B1  12,837   16,613   0.8   0.8   10,401   13,068  

B2  14,390   20,049   0.8   0.8   11,474   15,302  

CSIRO2 

Ref.  7,911   7,911   0.8   0.8   6,535   6,535  

A1FI  13,195   22,901   0.8   0.7   10,205   16,136  

A2  13,900   24,472   0.8   0.7   10,758   17,200  

B1  13,398   17,268   0.8   0.7   10,462   12,909  

B2  13,868   18,535   0.8   0.8   11,023   14,100  

ECHAM4 

Ref.  7,911   7,911   0.8   0.8   6,535   6,535  

A1FI  28,809   72,425   0.7   0.6   19,390   39,850  

A2  21,259   47,193   0.7   0.6   15,248   28,813  

B1  16,906   23,789   0.8   0.7   12,754   17,023  

B2  19,888   30,006   0.7   0.7   14,589   20,402  

HADCM3 

Ref.  7,911   7,911   0.8   0.8   6,535   6,535  

A1FI  28,533   71,157   0.6   0.5   18,229   36,156  

A2  21,673   47,931   0.7   0.6   14,872   27,157  

B1  17,802   24,415   0.7   0.7   12,516   15,964  

B2  19,610   29,307   0.7   0.6   13,389   18,019  

PCM 

Ref.  7,911   7,911   0.8   0.8   6,535   6,535  

A1FI  13,548   23,427   0.8   0.7   10,719   17,140  

A2  11,462   18,146   0.8   0.8   9,309   13,807  

B1  9,939   11,592   0.8   0.8   8,313   9,554  

B2  10,763   13,369   0.8   0.8   8,905   10,796  

 

 


