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ABSTRACT 

This thesis consists of three stand-alone but related empirical studies. Each of 

them explores how the presence or the arrival of immigrants to a country affects the 

non-labour market outcomes of residents in that country.  

The first study (Chapter 2) investigates whether immigration shocks have a causal 

effect on native fertility patterns. It uses a natural experiment, exploiting the large, 

unexpected and localised immigration of Cuban nationals to the Miami area in the 

United States in 1980 in order to examine the fertility consequences for Miami women. 

Using synthetic control estimators and an extended individual difference-in-differences 

analysis, the results suggest that low-skilled immigration shocks have a short-term 

negative impact on the fertility decisions and outcomes of natives. Fertility effects, 

however, are found to vary by residential tenure. While the immigration shock had a 

considerable negative impact on the fertility of women living in rented homes, it had 

practically no effect on those living in owned homes. This differential impact is likely 

due to the rise in local housing rents accompanying immigration, making childbearing 

less affordable for those living in rented homes.  

The second study (Chapter 3) analyses how foreign-born teachers affect the 

academic achievements of secondary school students in the United States, using data 

from the 1988 wave of the National Education Longitudinal Study. Contrary to popular 

belief, results from school fixed effects and within-student between-subject regressions 

indicate that, overall, foreign teachers do not have an adverse impact on the educational 

achievement of students. In fact, there is even some evidence that these teachers 

actually enhance native students’ achievement. The overall non-negative effects are 

driven mainly by the positive effects of foreign White teachers on native students’ 

achievement.  

The final study (Chapter 4) examines how the presence of immigrant pupils 

affects the academic achievement of native peers when the parents of immigrants are 

relatively skilled. To answer this, the peer effects of immigrants from 3 major 

immigrant-receiving countries – Australia, Canada, and the United States – are 

evaluated and compared. Using an internationally comparable dataset, results from non-

parametric regressions and within-school estimations indicate that the effects of 

immigrants are dissimilar across the 3 countries. While exposure to immigrant peers has 

a positive impact on the academic achievements of Australian natives, it has a negative 
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impact on the achievements of Canadian natives. There is little evidence that exposure 

to immigrant peers has an effect on the achievements of U.S. natives. The result for 

Canada suggests that even if immigrant students have relatively skilled parents, this 

does not guarantee that they will have non-adverse impacts on peers’ academic 

outcomes. How immigrants affect their peers is found to depend, as well, and perhaps 

more importantly, on institutional factors such as the way in which countries organise 

their educational systems. That said, within countries, improvements in the quality of 

immigrant children – as measured by parental education, language proficiency, and 

host-country-specific human capital – are found indeed to lessen any negative effects 

which these children potentially impose on the educational achievements of their peers.  
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1 INTRODUCTION 

On 17 November 2012, three hundred people from the British town of Boston, 

Lincolnshire gathered in the town square, waving banners wildly in a bid to show their 

discontent over the rising immigration levels in the town. Organisers claim the 

demonstration was to highlight their concerns over pressures put on local services by 

the recent influx of migrant workers (BBC, 2012). Just 6 months earlier, on 24 May 

2012, a similar episode took place on a different side of the globe. However, the 

situation then was more chaotic as more than a thousand protestors took to the streets of 

Tel-Aviv in Israel to demand the deportation of African immigrants and asylum seekers. 

Protestors set objects on fire, smashed the windows of vehicles and retail establishments 

belonging to the African immigrants, and attacked migrants walking through the streets. 

Signs bearing hostile slogans such as “This is not Africa”, “Infiltrators Get Out of Our 

Houses”, and “Stop Talking, Start Expelling” were rife on the streets (Azriel, 2012; 

Greenwood, 2012). Even the tiny island nation of Singapore, usually politically 

peaceful, was not spared. On 16 February 2013, it witnessed more than four thousand 

people staging a rare demonstration to protest against government plans to use 

immigration to augment the country’s future population. This event turned out to be one 

of the largest mass protests that the city-state would see since the 1960s. Protestors 

blamed immigration for the rise in housing prices, living costs, income inequality, and 

overcrowding (BBC, 2013; Hodal, 2013).    

While the protestors above appear to be vehemently opposed to the idea of 

increased immigration, government officials and many business owners in these 

countries seem to have a markedly different opinion on the matter. For example, the 

United Kingdom’s Office of Budget Responsibility has warned that public debts would 

escalate if immigration were to be completely banned. It argues that immigration will 

reduce the pressures put on the economy by the ageing population and will have a 

positive impact on the sustainability of the country’s public finances (Swinford, 2013). 

Similar views are held by the Singapore government. It argues that immigration is vital 

for the country’s economic growth and sustained global competitiveness (Singapore 

National Population and Talent Division, 2013). Like the government, many business 

owners in Singapore have a favourable view of immigration. For instance, the 

Restaurant Association of Singapore, an employers’ federation, believes that any move 

to curb immigration levels would be dire for businesses. In the Association’s view, 

foreign manpower is needed to keep business costs low and is crucial in addressing the 
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labour shortage faced in the food and beverage sector (Singh, 2013). In a similar vein, 

the Singapore Business Federation argues that without additional immigrant workers, 

the growth of companies, investments, and industries would be stifled and economic 

growth would slow (Singh, 2013).   

As noted by Bodvarsson and Van den Berg (2009), few issues in Economics are 

as capable of stirring up such mixed opinions and reactions among different segments of 

the same society as the debate on the impact of immigration on the host country
1
. 

Perhaps because of the controversy surrounding this issue and the potential for 

immigration to bring about large distributive effects, there now exists numerous studies 

attempting to investigate how immigration affects natives in the destination countries. 

These studies, however, have largely maintained a labour market focus. In particular, 

most of the literature has focused its efforts on asking questions such as whether 

immigration affects the incomes and employment opportunities of (certain groups of) 

native workers or capital owners or whether it affects the industry mix and choice of 

technology used in the destination economies.  

What is, in my view, equally important, but which has received considerably less 

attention, is the question of whether immigration affects other aspects of the host 

society beyond the labour market. Does the arrival of immigrants alter natives’ fertility 

decisions and patterns? How do the increased enrolments of foreign-born children in 

schools affect the learning processes and educational achievement of native-born 

students? Does the hiring of foreign-born individuals as teachers have an adverse effect 

on the learning experiences of students in the host country? Which natives are most 

affected by the inflow or the presence of immigrants and how are they affected? These 

are just some of the many questions that have remained unexplored or underexplored in 

the literature examining the effects of immigration.  

My thesis attempts to fill this gap in the literature by providing some answers to 

the questions posed immediately above. Its overarching objective is to analyse the non-

labour market impacts of immigration on host societies. The thesis comprises three 

separate but related studies. 

Chapter 2 studies whether immigration flows have a causal effect on native 

fertility patterns. It uses a “natural experiment”, exploiting the large, unexpected and 
                                                           
1
 Even amongst economists, the topic of immigration has been controversial. While some economists 

believe that immigration is desirable for the destination countries, others hold a more cautious view (see 

Card, 2009).    
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localised immigration of Cuban nationals to the Miami area in the United States in 1980 

in order to examine the fertility consequences for natives. The impact of the 

immigration shock is estimated by comparing the evolution of fertility outcomes for 

women living in Miami, after the shock, to those for women living in comparable areas 

of the United States unaffected by the Cuban migration. This is done in two ways: 

Firstly, by applying the synthetic control estimator developed by Abadie et al. (2010) 

and assessing the significance of the impact estimates using placebo tests. Secondly, by 

applying the traditional difference-in-differences estimator and using inference 

techniques based on actual person-level data to assess the significance of the impact 

estimates. Both methods yield similar results and suggest that immigration shocks have 

an overall short-term negative impact on the fertility decisions and outcomes of natives. 

In addition, fertility effects are found to vary by residential tenure: while the 

immigration shock had a considerable negative impact on the fertility of women living 

in rented homes, it had no effect on those living in owned homes. This differential 

impact is likely due to the rise in local housing rents accompanying immigration, 

making childbearing activities less affordable for those living in rented homes. The 

findings from this chapter are relevant for public policy, especially for countries that are 

major providers of international refuge since Governments would presumably like to 

know how a mass migration influx – initiated by, say, war or political turmoil in the 

source countries – would affect the future fertility outcomes of their own native 

population. The findings will also be useful for Governments that have chosen to adopt, 

or are considering adopting, a strategy of relaxing immigration laws and encouraging 

both permanent and temporary migration into their territories to counter the problems of 

an ageing population – a phenomenon now common to many developed countries. The 

results provide an indication of the trade-offs involved in such manpower augmenting 

strategies. 

Chapter 3 analyses how foreign-born educators affect the academic achievements 

of students at the secondary school level. Previous research on this issue has focused 

exclusively on student experiences at the undergraduate level; the experiences of 

students at other levels – including the elementary and secondary school levels – have 

been ignored. The study draws on evidence from the National Education Longitudinal 

Study of 1988 (NELS) – a dataset consisting of a nationally representative sample of 8
th

 

grade students in the United States. To identify the impact of a foreign-born teacher on 

student achievement, I use school fixed effects regressions and within-student between-
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subject estimations to account respectively for the confounding effects of unobservable 

school and student characteristics. Within-student estimations are made possible by a 

unique matched-pairs feature of the NELS dataset which provides contemporaneous 

information on the test scores and teachers’ background information in 2 academic 

subjects for each student in the sample. The use of within-student estimation techniques 

represents a novel approach in the literature examining the achievement effects of 

foreign-born educators. The results from this chapter indicate that, overall, foreign-born 

teachers do not have an adverse impact on the educational achievements of native-born 

students. In fact, there is even some evidence that these teachers actually enhance native 

students’ achievement. Alternative specifications which allow for student achievement 

to vary across 4 different groups of teachers defined by nativity / ethnicity (i.e. foreign-

born Hispanic teachers, foreign-born White teachers, foreign-born teachers of “other 

race”, and native-born teachers) indicate that compared to native teachers, foreign 

White teachers raise the educational achievements of native students while foreign 

Hispanic teachers and foreign teachers of “other race” lower the achievements of 

foreign students. Given the growing numbers of foreign-born educators working in the 

United States, the findings from this study will be pertinent for informing U.S. 

education policies and teacher recruitment processes. They will also be of value to 

parents and students who may be interested to know whether the nativity status of a 

teacher matters for academic success. 

Finally, Chapter 4 explores how the presence of first-generation immigrant 

students affects the academic achievement of native students in the same learning 

environment when immigrants have parents that are relatively high-skilled. Given the 

recent phenomenal rise in immigrant student enrolment in the schools of many 

developed countries, this is an important yet understudied issue. Existing studies in the 

literature are almost exclusively based on evidence from the high-immigration European 

countries and the United States, where the parents of immigrants tend to be relatively 

low-skilled. These studies have quite consistently found that exposure to immigrant 

peers has either negative or no effects on the academic performance of native children. 

This chapter investigates whether the negative peer effects documented in much of the 

literature still persist when the parents of immigrants are more skilled than those of 

natives. The study proceeds by providing a comparative study of the peer effects 

generated by migrants in 3 major immigrant-receiving countries – Australia, Canada, 

and the United States. Because parents of immigrants in the U.S. are, on average, lower- 
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skilled than parents of natives whilst parents of immigrants in Australia and Canada are, 

on average, higher-skilled than parents of natives, a comparison of the immigrant peer 

effects across these 3 countries provides an indication on whether exposure to 

immigrant peers is indeed less adverse when the parents of migrants are relatively high-

skilled. The empirical analysis is based on the Third International Mathematics and 

Science Study of 1995 (TIMSS 1995). This dataset provides, for all 3 countries, 

information on the nativity statuses and Math and Science abilities of students from 2 

adjacent grades within sampled schools. Two methods are employed to analyse how the 

presence of immigrant peers affect students’ achievements. The first involves using 

non-parametric regression techniques to estimate the relationship between the presence 

of immigrant peers and students’ achievement. This method has the advantage of not 

restricting estimated relationships to any preconceived functional form; flexibility is 

given to the data to characterise its own shape. The second involves relating variations 

in individual student test scores over adjacent grades within schools to plausibly 

exogenous variations in the share of immigrant students over these grades to identify the 

impact of exposure to immigrant peers. Both methods yield results which account for 

the non-random sorting of students across and within schools.  

I find that while increased exposure to immigrant peers has a positive impact on 

the academic achievements of Australian natives, it has a negative impact on the 

achievements of Canadian natives. There is little evidence that exposure to immigrant 

peers has an effect on the achievements of U.S. natives. The result for Canada suggests 

that even if immigrant students have more educated parents than natives, this does not 

guarantee that immigrants will have non-adverse impacts on the academic achievement 

of peers. However, within countries, improvements in the quality of immigrant children 

– as measured by parental education, language ability, and host-country-specific human 

capital – may lessen the adverse effects which they potentially exert. Because it is 

surprising that immigrants in Australia and Canada exert such different impacts (given 

the similarity in immigration policies of both countries), I additionally examine whether 

differences in the peer effects of immigrants may be explained by differences in the way 

educational systems are organised across countries. I find that the peer effects of 

immigrants are more positive when schools have greater autonomy over the setting of 

curriculum, when the share of immigrant students who speak the test language 

frequently at home is higher, and when immigrant children arrive in the host country at 

younger ages. This finding – that “institutional context matters” – is a novel one in the 
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immigrant peer effects literature. These findings shed light on the role that peer quality 

and educational institutions play in the determination of immigrant peer effects and 

have important implications for the education and immigration policies of host 

countries. 

Understanding how immigrants and migration inflows affect other markets (i.e. 

markets apart from the labour market) in the destination country is important not only 

because it allows for a more holistic approach to the way economists and social 

scientists view the impact of immigration but also because it could potentially aid our 

understanding of certain puzzles which traditional labour market-based studies have not 

been able to satisfactorily explain. For instance, it may help to answer why, despite the 

consensus among many empirical studies which show the arrival of immigrants to have 

zero, or at worst, only modest negative effects on native-born wages and employment 

opportunities
2
, certain groups of natives still strongly oppose immigration (as 

highlighted at the beginning of this chapter). Indeed, the fact that certain natives avoid 

settling in areas where many immigrants locate (see for example, Filer (1992) and Frey 

(1995)), with some even willing to take great pains to uproot and migrate away from 

existing residential locations, does not seem at all consistent with findings from the 

traditional labour market literature. Looking to other markets and contexts (education, 

childbearing, or housing markets, for example) to assess whether immigration affects 

the way resources are distributed amongst natives in these markets may therefore 

provide a potential avenue for us to understand why certain native-born individuals 

react in ways they do. 

 

 

 

 

 

 

 

                                                           
2
 This has been noted in a review of the literature by Friedberg and Hunt (1995).  
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Figure 1.1: Growth in the Number of Immigrants Worldwide 

 

 

Figure 1.2: Growth of Immigrants in Developed Countries in Relative Terms 

 

 

Given the increasing trend of individuals living outside their countries of origin 

(Figures 1.1 and 1.2) and the expectation that this trend will only continue as costs of 

relocation decline and as countries increasingly relax their trade barriers and integrate 

politically and economically with others, a greater knowledge of the ways in which 

migrants affect the lives of those in the receiving countries will become increasingly 

pertinent for informing public policy debates on immigration. This thesis represents a 

small but pioneering step in the progress to assess the impact of immigration from an 

alternative perspective – a non-labour market perspective.  
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CHAPTER 2 

 

 

 

 

 

 

 

The Effect of Immigration Shocks on Native Fertility Outcomes: 

Evidence from a Natural Experiment
3
 

 

 

 

 

 

 

 

  

                                                           
3
 A modified version of this chapter has been submitted for consideration for publication 

in Social Science Research (revise and resubmit stage). Parts of this chapter have also 

been presented at the 1
st
 IZA@DC Young Scholar Program, Washington D.C., United 

States, 22-26 October 2012. 
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“Foreign labour…is necessary and will become increasingly so in a country with the 

lowest birth rate in Europe and a rapidly aging population.” 

~ Spanish National Government, as cited by Crawford (2001)    

 

 

“Our overall fertility rate fell from 1.28 in 2008 to…1.16 in 2010, far below 

replacement level… At these low birth rates, we will rapidly age and shrink.  So we 

need young immigrants. Otherwise, our economy will slow down, like the Japanese 

economy.” 

~ Lee Kwan Yew, Minister Mentor of Singapore, 18 January 2011 
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2.1 INTRODUCTION 

This chapter examines whether immigration shocks have a causal effect on native 

fertility patterns. While there has been a plethora of previous research examining the 

effects of immigration on the labour market outcomes of destination countries, 

relatively few studies exist with a focus on exploring how immigration affects the host 

society in other ways. An area which research has hitherto neglected is the relationship 

between immigration shocks and native fertility behaviour. Yet, a synthesis of the 

research conclusions from studies exploring the effects of immigration on local 

destination markets with those investigating how fertility outcomes respond to 

economic conditions, reveal that it is possible for native fertility outcomes – both at the 

individual decision-making and at the aggregate level – to be altered by such inflows.  

Immigration shocks may influence the childbearing decisions of natives through 

at least three channels: Firstly among labour market participants, if natives view 

immigrants as competitors competing for scarce employment opportunities in the labour 

market, then an immigration influx may lead to increased perceptions of job insecurity 

amongst these workers. Presupposing that childbearing decisions depend positively on 

employment and income security (Sobotka et al., 2011), then any increase in perceived 

job and income insecurity may act to reduce fertility (either contemporaneous/tempo or 

completed fertility, or both) by inducing individuals to delay their childbearing plans or 

to forgo having a child altogether
4
. Secondly, an immigration shock may lead, at least in 

the short run, to an increase in housing prices and rents. To the extent that housing is a 

precondition for childbearing
5
, an increase in housing rents or prices lowers a 

household’s real income and exerts a negative income or price effect on the demand for 

children (Yi and Zhang, 2010). By increasing the cost of raising a child, an increase in 

the price of living space can also impact fertility by increasing the likelihood that 

individuals postpone childbearing (Ranjan, 1999). Lastly, immigration can affect native 

fertility through local price changes. Prior studies that investigate the effects of 

immigration on prices (Cortes, 2008) find that an increase in the share of low-skilled 

immigrants in a city’s labour force leads to a reduction in the local prices of immigrant-

labour-intensive services such as housekeeping and babysitting. Insofar as low-skilled 

                                                           
4
 Although it is recognised that the impact of job insecurity on fertility will vary by characteristics such as 

sex, ethnicity, age, level of completed education, socioeconomic status and/or current family size, there is 

consensus within the fertility literature that “high levels of [economic] uncertainty are generally expected 

to have a negative influence on childbearing decisions” (Sobotka et al., 2011, pp.283).  
5
 Housing has been found to be a precondition for childbearing, especially in societies where nuclear 

living arrangements are the norm (Mulder, 2006).  
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immigration reduces the cost of childbearing and the conflict that native women have 

over childbearing and work (Furtado and Hock, 2010), an increase in low-skilled 

immigration may work to increase native fertility.  

There are two main research questions which this chapter seeks to address: 

Firstly, do immigration shocks affect native childbearing decisions and aggregate 

fertility outcomes? Secondly, do childbearing responses to an immigration shock vary 

by population characteristics? That is, do childbearing responses vary by characteristics 

such as ethnicity, level of completed education, number of children already born to the 

person, or one’s tenure of housing residence? The second question is important because 

it is unlikely that all individuals will respond to an immigration shock in the same 

manner. It seems more likely that how individuals respond to an immigration shock in 

regards to their fertility behaviour will depend very much on their socioeconomic 

characteristics.  

From a public policy standpoint, the answers to these research questions are 

important. As the quotes presented at the beginning of this chapter indicate, 

governments – especially of developed countries – are increasingly beginning to view 

immigration as a solution to their countries’ declining birth rates and ageing population 

problems. The results in this study help to demonstrate whether such manpower 

augmenting strategies are appropriate. Indeed, the case for using replacement migration 

as a policy strategy is enhanced if the results point toward natives responding to 

immigration flows by either expediting their processes into parenthood (by bringing 

forward their fertility plans) and / or increasing the number of children they desire over 

their lifetimes (by increasing the number of children they consider optimal). On the 

other hand, if the results point towards natives responding to immigration flows by 

either delaying their childbearing plans and / or decreasing the number of children they 

consider optimal, then this would imply that some of the population increase arising 

from the use of replacement migration in the current period would be offset by a decline 

in native childbearing propensities in future periods, effectively weakening the case for 

using immigration as a policy instrument.  

This study uses a “natural experiment”, exploiting the 1980 Mariel Boatlift where 

some 125,000 Cuban immigrants arrived in Miami over a 5-month period (May to 

September 1980) in order to generate an exogenous variation in immigration flow so 

that the fertility consequences of native Miami women in the aftermath of the shock can 
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be studied. About half of these immigrants settled in Miami, increasing the Miami 

labour force by roughly 7% (Card, 1990) and the renter population by at least 9% in 

1980 (Saiz, 2003). Of the remaining 50%, thousands were detained and imprisoned by 

U.S. authorities for crimes committed in Cuba against Castro’s government (Masud-

Piloto, 1996) while the rest found their way into other parts of the United States. Due to 

the relatively dispersed nature of their subsequent settlement locations, making for only 

a very diluted immigration effect in the rest of the United States, the assumption that 

other metropolitan areas in the United States, apart from Miami, were unaffected by the 

immigration shock, seems reasonable.  

I measure the fertility impact of the immigration shock in 2 ways. First, I apply 

the synthetic control estimator, using aggregate-level data, and assess the significance of 

the estimates using placebo tests. Second, I apply the traditional difference-in-

differences estimator with inference techniques based on actual person-level data. Both 

methods lead to the same conclusion: The immigration shock led to short-term declines 

in native childbearing activity in 1983 and 1986, although these declines were 

compensated by fertility increases in later years. The short-term declines in native 

childbearing activity after the immigration influx were possibly due to individuals 

delaying their childbearing plans.  

The rest of this chapter is organised as follows: Section 2.2 reviews the separate 

threads of literature on immigration and fertility. Section 2.3 provides an elaboration of 

the research design and presents the background of the Mariel Boatlift in greater detail. 

The data selected for the study and the raw trends in fertility outcomes in Miami before-

and-after the Mariel Boatlift are discussed in Section 2.4.  I outline the properties of the 

synthetic control estimator in Section 2.5 before using the synthetic control method to 

measure the impact of the Mariel Boatlift on the fertility outcomes of native Miami 

residents. The robustness of the impact estimates are additionally assessed in Section 

2.6 using the traditional difference-in-differences estimator with inference techniques 

based on actual individual-level survey data. Finally, I conclude with a discussion of the 

findings and identify areas for future research in Section 2.7. 
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2.2 LITERATURE REVIEW 

Prior economic studies on immigration have tended to focus narrowly on its 

impacts on labour market outcomes. Amongst these, several have been dedicated to 

investigate the effects of immigration on the labour market outcomes of the destination 

economy. With a few exceptions
6
, the majority of empirical studies appear to support 

the view that immigration has little or no adverse impact on the wages and employment 

opportunities of host country natives
7
. In fact, some studies have actually found native 

wages and employment to increase in response to immigration
8
.  

Despite this, there is overwhelming popular belief that immigrants take jobs away 

from natives and exert downward pressure on native wages in labour markets (Friedberg 

and Hunt, 1995). This view partly stems from viewing employment opportunities as a 

zero sum game – the more jobs migrants take, the fewer jobs available for natives – and 

fails to account for the adjustment processes in the destination economy, following 

immigration (Bodvarsson and Van den Berg, 2009). Nevertheless, it seems likely that 

how natives respond to immigration is shaped importantly by how they perceive 

immigration to affect their employability, job security, and wages and not simply by 

how immigration actually affects their labour market outcomes. As such, it appears 

crucial to consider “perceptions” when investigating native responses to immigration.   

A number of studies have documented the way in which natives have responded 

to immigration inflows. Negative attitudes towards further immigration can arise, in 

part, due to native workers’ perceptions that immigrants constitute a threat to their 

labour market opportunities, concerns that immigrants are a burden on the welfare 

system, or racial / cultural prejudice (Daniels and Von der Ruhr, 2003; Dustmann and 

Preston, 2007; Mayda, 2006; Scheve and Slaughter, 2001).  

A public opinion poll in 2010 by the German Marshall Fund, which asked natives 

from the United States, Canada, the United Kingdom and the European countries 

regarding their views on immigrants, reported that 56% of respondents from the U.S. 

believe that immigrants take jobs away from natives while the proportion of 

respondents from Canada, the United Kingdom and the European countries having the 

                                                           
6
 Some studies which found support that immigration impacts the wages and employment opportunities of 

natives adversely include Borjas (2003, 2006) and Card (2001). 
7
 See for example, Butcher and Card (1991), Card (1990), Friedberg and Hunt (1995), Friedberg (2001), 

and Gang and Rivera-Batiz (1994).  
8
 See for example, Ottaviano and Peri (2005) and Ottaviano and Peri’s (2008) long run analysis on the 

wage effects of immigration.  



15 
 

same beliefs were 32%, 58% and 35% respectively
9
.  In the 2004 General Social Survey 

by the University of Chicago, approximately 44% of American respondents surveyed 

believed that immigrants take jobs away from natives while 21.9% neither agreed nor 

disagreed that immigrants were taking jobs away
10

. With data from the Australian 

election study, Sinning and Vorell (2011) report similarly large figures – approximately 

40% of Australian-born people surveyed in 2001 and about 33% in 2006 believe that 

immigrants take jobs away from Australian-born workers. These figures suggest that a 

considerable fraction of people within these countries believe that immigrants constitute 

a threat to their labour market situation. It therefore seems reasonable to expect that 

certain natives may perceive their jobs and future streams of incomes to be less secure 

with an immigration shock
11

.  

 

The link between job and income uncertainty and fertility behaviour has also been 

well explored, with many studies reaching conclusions which support the hypothesis 

that increases in job and income insecurity generally lower fertility – either temporarily, 

through delayed childbearing; or permanently, through a reduction in the number of 

children considered optimal – at least within the developed countries  (Adsera, 2004; 

Adsera and Menendez, 2011; Bhaumik and Nugent, 2011; Hondroyiannis, 2010; 

Ranjan, 1999; Sobotka et al., 2011).   

The effects of immigration on the housing market have been considered by a 

number of researchers. The general consensus, especially for studies examining housing 

markets in the United States, is that immigrant inflows lead to higher local housing 

prices / rents. Similar to the approach used in this chapter but applied to the housing 

market, Saiz (2003) estimates the changes in housing rents experienced in Miami 

relative to three comparison groups
12

 after the Cuban immigration to Miami in 1980. 

His estimates indicate that the immigration shock, which increased Miami’s renter 

population exogenously by approximately 9% in 1980, had a positive short-run causal 

effect on rents, with rents from 1979 to 1981 increasing in real terms by between 8% to 

                                                           
9
 Available online at: http://trends.gmfus.org/immigration/doc/TTI2010_English_Key.pdf 

10
 Data available online at: http://www3.norc.org/GSS+Website/ 

11
 One would have to bear in mind though that these figures are dynamic and should change along with 

economic conditions: for example, the fraction of respondents perceiving immigration to adversely affect 

the labour market conditions of natives are likely to rise with worsening economic conditions and to fall 

when the economy is strengthening. In addition, attitudes towards immigrants would also vary according 

to employment status: generally, employers and the self-employed have a more positive view of 

immigrants compared to workers (Bodvarsson and Van den Berg, 2009).  
12

 The three comparison groups encompass areas: (1) within the rest of Florida (2) with similar previous 

rent growth to that experienced in Miami (3) in all other metropolitan areas included in the national 

Annual Housing Survey.  

http://trends.gmfus.org/immigration/doc/TTI2010_English_Key.pdf
http://www3.norc.org/GSS+Website/
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11% more in Miami, compared to those in three comparison groups. In a later paper, 

Saiz (2007) studied the relationship between immigration inflows and housing rents and 

prices and found that immigration inflows amounting to 1% of a metropolitan area’s 

population are associated with increases in average housing rents and prices of 

approximately 1%. The associations between immigration and the prices of living space 

appear to be causally related. Similar conclusions are reached by Gonzalez and Ortega 

(2013) and Ottaviano and Peri (2012) in separate studies examining the responses of 

housing prices and rents to immigration inflows. 

 Although some researchers have recently attempted to investigate the link 

between the price of living space and fertility, this line of study is still in its infancy. 

Despite this, there appears to be some agreement that housing affordability has a 

positive impact on fertility. 

Simon and Tamura (2009) is possibly the first study which tries to examine if 

fertility is affected by the scarcity of living space using United States census micro and 

American Housing Survey data. The authors find a negative cross-sectional correlation 

between the price of living space (as measured by rent per room) and fertility. They also 

find that increases in housing rents lead to delayed childbearing. Using data on Hong 

Kong, Yi and Zhang (2010) apply a cointegration model to test and estimate the linkage 

between housing prices and fertility rates in the long run. They find that an increase in 

the price of housing in Hong Kong by 1% significantly decreases the total fertility rate 

in the territory by 0.45%.  

In contrast to the aforementioned studies which find a clear negative relationship 

between the price of living space and fertility, Dettling and Kearney (2014) show that 

movements in housing prices affect the fertility decisions of home owners and non-

owners differently. Simulations from the authors’ regression estimates indicate that 

while an increase in the metropolitan area-level house prices by 10% leads to a 1% 

decrease in the birth rates among non-home owners in the U.S., it leads to a 4.5% 

increase in birth rates among homeowners in the country. They argue that this 

difference arises because an increase in housing price potentially increases accessible 

home equity for people who own a home, enabling them to consume more in the current 

period
13

. A rise in housing price therefore induces a positive income effect on the 

                                                           
13

 The authors argue that an increase in house prices allow otherwise credit-constrained homeowners to 

acquire  increased funding for their childbearing goals through sources such as home credit loans, lines of 
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demand for children in the current period for people who are homeowners (increasing 

contemporaneous fertility for people in this category). On the other hand, because 

housing is a major cost associated with (additional) children, an increase in the price of 

housing exerts a negative substitution effect on the current-period demand for children 

for people who do not own a home. Therefore, contemporaneous fertility of non-owners 

falls with rising house prices
14

. 

The aforementioned studies indicate that immigration shocks may lead to an 

increase in perceived job insecurity amongst native workers and higher housing prices / 

rents in the destination localities. It also indicates that the price of living space and 

peoples’ perceptions about their future economic positions do affect childbearing 

decisions by altering the opportunity costs of having a child. Taken together, the above 

studies seem to imply that it is possible for increased immigration flows to induce a fall 

in native fertility. However, this need not necessarily be the case. On the contrary, a 

greater share of immigrants – especially low-skilled immigrants – can, in fact, be 

consistent with an increase in native fertility (Furtado and Hock, 2010).  

Prior empirical studies that investigate the effects of immigration on prices in the 

destination countries find that an increase in the share of immigrants in a city’s labour 

force leads to a reduction in the prices of goods and services in the locality
15

. For 

instance, in estimating the effect of low-skilled immigration on the prices of non-traded 

goods and services in the United States, Cortes (2008) finds that at current immigration 

levels, an increase in the share of low-skilled immigrants in the labour force of a city by 

10% lowers the prices of immigrant-intensive services such as babysitting and 

housekeeping by roughly 2%. Lach (2007) examines retail prices in Israel following the 

mass migration of immigrants from the former Soviet Union to Israel (which began at 

the end of 1989) and found a negative relationship between retail prices and 

                                                                                                                                                                          
credit or refinanced mortgages. Essentially, these constitute avenues for homeowners to liquefy increases 

in home equity, allowing them to enjoy an increase in current-period income.  
14

 Dettling and Kearney (2014) qualify that, in general, an increase in housing price exerts both a positive 

income effect and a negative price effect on people who own a home. For current homeowners who may 

buy a larger house with the addition of a child, the effect of higher house prices on current period fertility 

will depend on the relative strengths of the positive home equity effect from the increase in value of their 

existing homes and the negative price effect due to the increase in value of all other houses. Current 

period fertility will rise if the positive home equity effect dominates the negative price effect. Current 

period fertility will fall if the converse happens. For non-owners, an increase in house price produces only 

a negative price effect on the demand for children – no income effect is generated. 
15

 More generally however, theory predicts that immigration can induce conflicting effects on the prices 

of local goods and services. For example, Bodvarsson et al. (2008) show that while the out-migration of 

natives and the reductions in native and immigrant earnings accompanying immigration tend to exert a 

negative effect on local product prices, the greater number of immigrants and hence consumers in the 

destination economy boosts local demand, thus tending to exert a positive effect. 
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immigration, using 1990 price data. Thus, to the extent that immigration reduces the 

cost of childbearing (say through lowering the price of goods / services associated with 

childbearing) and the conflict that native women have over childbearing and work 

(Cortes and Tessada, 2011; Furtado and Hock, 2010), it is possible for increased 

immigration flows to affect native fertility positively.  

The above literature review has highlighted the possibility that immigration flows 

may have a determining effect on native fertility in the destination countries. The 

direction in which aggregate native fertility moves with immigration is, however, a 

priori ambiguous. While an increase in the price of living space and a reduction in 

perceived job security following a positive immigration shock will likely exert a 

negative effect on the contemporaneous (i.e. current-period) demand for children, the 

lower price of domestic services complementary to childbearing resulting from largely 

unskilled or less-skilled immigration flows tends to create a positive effect. Figure 2.1 

provides a diagrammatic illustration of the hypothesised relationship between 

immigration inflows and native fertility, with the arrows indicating the predicted 

direction in which causality runs. It shows how an immigration shock can alter the 

childbearing decisions of natives (and hence aggregate native fertility outcomes) 

through the three hypothesised channels: perceived job security, price of living space, 

and price of domestic services. 

Figure 2.1: Hypothesised Relationship between Migration Inflows and Native Fertility 
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2.3 RESEARCH DESIGN 

2.3.1 Spatial Correlation Method 

A number of methods are available for identifying the causal effect of 

immigration inflows on native fertility outcomes. A popular method in the Economics 

of Immigration literature is the spatial correlation method: It involves, for our purposes, 

regressing a measure of native fertility (e.g. general fertility rates or the likelihood of a 

birth) on a measure of immigrant penetration (e.g. immigrant concentration) across 

spatial areas. Since changes in immigrant flows to an area are expected to have an effect 

on native childbearing decisions and aggregate fertility outcomes, the causal effect can 

be identified by estimating the coefficient on the variable measuring immigrant 

penetration. If the hypothesis that greater immigration to an area induces a fall in 

fertility is correct, then one should obtain an estimate showing this coefficient to be 

negative
16

. The converse would be true if greater immigration to an area leads to a rise 

in fertility. This method exploits the tendency for migrant populations to cluster in 

particular geographic areas and uses this variation to identify how differences in 

immigrant penetration across well-defined geographical areas result in different fertility 

outcomes across them (Okkerse, 2008). 

     

2.3.1.1 Immigration and Native Fertility: Preliminary Evidence from the Spatial 

Correlation Method 

 Is there any evidence to suggest that a relationship exists between immigration 

and native fertility? To answer this question in a preliminary way, I use data from the 

1998, 2000, 2002, 2004, 2006, 2008, and 2010 United States Current Population Survey 

June supplements and estimate a linear probability model of the form: 

                      
                             

Where   indexes the individual,   indexes the State, and   indexes time. “       ” 

represents a dummy variable indicating the fertility status of native   living in State   at 

time  . It receives a value equal to 1 if the observation has given birth in the past 12 

months of the survey date and a value equal to 0 otherwise.       is the proportion of 

                                                           
16

 This will imply that lower native fertility rates are experienced in areas with more immigrants – 

consistent with the hypothesis that immigration affects native fertility adversely.   
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immigrants in State   one year prior to the survey (during the year    )
17

.      is a 

vector of observable individual and State-level characteristics hypothesised to influence 

an individual’s current-period fertility outcome.    and    represent State-fixed effects 

and year-fixed effects respectively.      denotes the random error. The coefficient of 

interest is   for it measures how the likelihood of having a child changes as the share of 

immigrants in an area changes, holding all other factors constant.  

The proportion of immigrants in each State one year prior to the surveys are 

constructed using the 1997, 1999, 2001, 2003, 2005, 2007, and 2009 Current Population 

Survey March supplements. The Current Population Survey will be dealt with in greater 

detail in Section 2.4. Here, we only need to note that the June and March supplements 

of the survey include, respectively, individual-level data pertaining to respondents’ year 

and month of most recent birth as well as country of birth. Extensive information on 

respondents’ demographic (e.g. age, race, Hispanic origin, sex, marital status), 

educational, family income, labour force, and geographic characteristics are available in 

both supplements. This enables one to link each individual in the June sample to the 

share of immigrants in that individual’s State of residence a year before. 

Table 2.1: Individual-Level Analysis of Birth Probabilities (1998-2010) 

Regressors (1) (2) 

   Immigration Concentration, t-1 -0.142* -0.145* 

 

(0.082) (0.082) 

Non-Hispanic African American 0.017*** 0.017*** 

 

(0.002) (0.002) 

Other Race 0.000 0.000 

 

(0.003) (0.003) 

Hispanic 0.013*** 0.013*** 

 

(0.002) (0.002) 

Number of Previous Births -0.004*** -0.004*** 

 

(0.001) (0.001) 

Married 0.095*** 0.095*** 

 

(0.003) (0.003) 

Female Unemployment Rate, t-1 No 0.044 

  

(0.160) 

Male Unemployment Rate, t-1 No -0.068 

  

(0.082) 

Real GDP Per Capita, t-1 No -8.67 x 10
-7

 

  

(6.21 x 10
-7

) 
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 It is likely the economic conditions prevailing at the time of the conception rather than those prevailing 

at the time of the birth that will be relevant to the fertility decision-making process. 
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Age Dummies Yes Yes 

   Education Dummies Yes Yes 

   Family Income Dummies Yes Yes 

   Year Dummies Yes Yes 

   State Dummies Yes Yes 

   Observations 147,476 147,476 

R-Squared  0.049 0.049 

 

Notes: Sample consists of women age 15-44. Sample weights used in all regressions. Specifications are 

estimated by OLS. Standard errors in parentheses are robust standard errors, clustered at the State level. 

The dependent variable is whether or not the individual has had a birth in the last 12 months. The 

regressions in columns (1) and (2) include 4 ethnicity dummies - non-Hispanic White; non-Hispanic 

African American; Other race; and Hispanic (with non-Hispanic White as the base group), 30 age group 

dummies - one for every age (with age 25 as the base category), 16 educational level dummies - less 

than 1st grade; 1st to 4th grade; 5th to 6th grade; 7th to 8th grade; 9th grade; 10th grade; 11th grade; 

12th grade with no diploma; 12th grade with diploma; some college but without degree; Associate 

college degree in a vocational programme; Associate college degree in an academic programme; 

Bachelor's degree; Master's degree; Professional degree; and Doctorate degree  (12th grade with diploma 

as the base category), 14 family income dummies - $5,000 to $7,499; $7,500 to $9,999; $10,000 to 

$12,499; $12,500 to $14,999; $15,000 to $19,999; $20,000 to $24,999; $25,000 to $29,999; $30,000 to 

$34,999; $35,000 to $39,999; $40,000 to $49,999; $50,000 to $59,999; $60,000 to $74,999; and above 

$75,000  (with below US$5,000 per annum as the base category). *** denotes a coefficient significant at 

the 1% level, ** denotes a coefficient significant at the 5% level, * denotes a coefficient significant at 

the 10% level. 

 

Table 2.1 reports the results from the estimation of equation (2.1).  Column (1) of 

Table 2.1 displays the estimates from running equation (2.1) with only the individual 

level-characteristics included in the vector of covariates     . Specifically,      includes 

dummy variables for age, ethnicity, marital status, family income, level of education 

and a continuous variable for the number of previous births that the individual has had. 

State and year fixed effects are also included in the regression. Column (2) of the table 

shows the estimates when State-level characteristics are additionally included in the 

vector     . The 3 State-level characteristics are female unemployment rates, male 

unemployment rates and the per capita real gross domestic product (GDP) pertaining to 

each State one year prior to the survey. Female and male unemployment rates are 

constructed using the Current Population Survey’s Annual Social and Economic 

supplement (March) series while data on State-level per capita real GDP are obtained 

from the Bureau of Economic Analysis’ Regional Economic Accounts
18

. These State-

level characteristics are intended to control for differences in economic conditions 
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 Data available online at: http://www.bea.gov/iTable/iTable.cfm?ReqID=70&step=1&isuri=1&acrdn=1  

http://www.bea.gov/iTable/iTable.cfm?ReqID=70&step=1&isuri=1&acrdn=1
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between States and across time. The signs of the coefficients on all the variables 

correspond to those predicted by economic theory. In both columns, being married and 

having fewer prior births are associated with a greater likelihood of having a birth. The 

coefficients on the race-ethnicity dummy variables indicate that, all else equal, an 

African American and a Hispanic woman have a higher chance of having a birth than a 

White woman (the base group). Though the coefficient estimates on the age, family 

income, and educational attainment dummies are not reported for brevity reasons
19

, it is 

useful to note that they are of the expected signs. For instance, the likelihood of a birth 

and age (15 to 44) is found to follow an inverted U relationship. Also, the chance of 

having a birth is found to decrease with family income. Turning our attention to the 

State-level variables, the point estimates of the coefficients on the unemployment 

variables in column (2) indicate that male unemployment is negatively associated with 

the likelihood of having a birth while female unemployment is positive associated with 

it. Also, lower per capita GDP in a State is associated with a higher likelihood of a birth. 

This said, none of the coefficient estimates on the 3 State-level variables are statistically 

significantly different from zero. Finally and most importantly, the coefficient estimates 

on the one-year lagged immigration concentration variable across both specifications 

are negative and statistically significant at the 10% level. The estimate in column (1) 

indicates that a 1 percentage point increase in the share of immigrants in a State is 

associated with a 0.142 percentage point reduction in the probability of a birth occurring 

in that State the following year. The estimate in column (2) shows a similar result, 

indicating that a 1 percentage point increase in the share of immigrants is associated 

with a 0.145 percentage point reduction in the likelihood of a birth. Although the above 

spatial correlation exercise indicates a possibility that immigration inflows may have an 

adverse effect on native childbearing outcomes, it does not in itself constitute evidence 

of a causal relationship. 

 One obvious issue with the above method is the possibility of endogeneity in 

estimates of  . Unbiased estimation of equation (2.1) requires that immigrants locate 

themselves randomly across regions within the country of interest (i.e. it requires that 

     and       are uncorrelated). However, if unobserved factors which affect natives’ 

preferences for children also affect immigrants’ locational preferences, then OLS 

regression would produce biased estimates of the true causal effect of immigration 

flows on native fertility. For example, an increase in entertainment amenities within a 
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 These results are available upon request. 
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location may affect residents’ preferences for children negatively whilst simultaneously 

making the place more attractive to immigrants. As another example, consider a positive 

economic shock to an area which increases the employment opportunities as well as the 

wages people earn in the location
20

. Such a shock is likely to make the area more 

attractive to immigrants. At the same time, it should have an effect on contemporaneous 

fertility decisions (Becker, 1960)
21

. In the first example, simple OLS regression will 

lead to a downward bias in the estimate of  . In the second example, OLS regression 

will produce estimates of   that are biased upwards if children are normal goods
22

.  

Another problem with the spatial correlation design is that it could produce 

estimates of immigration’s effect on native fertility which are biased towards zero. This 

may happen if natives respond to immigration inflows by geographically relocating 

elsewhere (Filer, 1992; Frey, 1995). Such a response is possible if native workers seek 

to avoid head-on labour market competition with the incoming immigrants or if they 

want to avoid an increase in rents or price of living space induced by the inflow of 

immigrants into the destination area, or simply because they now perceive the locality 

to be less desirable with the immigration influx. For example, if natives having a 

preference for larger families find that an immigration inflow lowers their childbearing 

propensities, say because of the rent increase or the reduced perception of one’s job 

security, they may respond by relocating to parts of the country that are relatively 

unaffected by such inflows in order to fulfil their childbearing goals. In the extreme, if 

all natives respond in this manner, we may not find any correlation between 

immigration concentration and native fertility outcomes. This does not mean 

                                                           
20

 Assume, say, the researcher has overlooked the fact that employment opportunities and real incomes of 

locations should be controlled for in the regression. 
21

 In the context of cross-country analysis, identification may also be complicated by reverse causality 

problems. Some countries such as Singapore have responded to their low and declining fertility situation 

by encouraging greater immigration inflows into their territories. For instance, the Singapore government 

has tried to draw immigrants by making it easier for potential immigrants to obtain a visa, facilitating 

their relocation to Singapore and developing programmes to help immigrants integrate into the local 

community. These reduce the cost of immigration for the migrant. The immigrant’s locational decision 

therefore becomes a function of the destination country’s fertility rate in this case. 
22

 A number of ways have been suggested in the literature to deal with the endogeneity of immigrant 

flows. One approach is to make the immigration variable exogenous by implementing an instrumental 

variables (IV) estimation. The IV has to satisfy two properties: Firstly, it has to be correlated with 

immigration concentration. Secondly, it cannot be correlated with current area-specific fertility, 

conditional on immigrant concentration. One possible instrument that has been suggested in the literature 

is the historical distribution of immigrants across geographic locations within the country of interest. The 

instrument is based on the notion that immigrants often settle in places where large numbers of 

immigrants from the same source country already reside in because the latter form an informational 

network which aids new migrants in settling down. Furthermore, the determinants of the historical 

distribution of immigrants are unlikely to be correlated with the current fertility outcomes across 

geographic locations, making it a suitable IV (Cortes, 2008). In general, however, obtaining a good IV 

can be challenging. 
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immigration has not had an effect on fertility outcomes. It merely means that the effects 

of immigration on fertility are “entirely mediated through general equilibrium effects in 

the larger [society]” (Autor, 2003).  

 

2.3.2 The Natural Experiment Method 

Another way of proceeding with the study and avoiding the problem of 

endogeneity is to apply the “natural experiment” approach to estimate how a large and 

exogenous immigrant influx to a well-defined geographical area affects native fertility 

outcomes in that area. This approach exploits events in history where a given 

geographical area suddenly receives a large number of immigrants within a short period 

of time. The choice of location for immigration should be random, or at least, 

exogenous to the fertility outcomes and economic variables determining the fertility 

outcomes in geographical areas. The evolution of fertility outcomes for the area 

receiving the immigration shock is then compared to the corresponding evolution for a 

comparable area that was not affected by the shock. The difference in the evolutions in 

the period after the immigration shock then provides an estimate of the fertility impact 

of the shock. This is the approach that we will take in this study.  

I adapt the case study, originally used by Card (1990)
23

, to investigate the impact 

on native fertility in Miami after it received a large and unexpected number of 

immigrants from Cuba between May to September 1980. The impact of the Mariel 

immigration shock is estimated by comparing the evolution of fertility outcomes for 

Miami after the immigration shock to those for comparable geographic regions within 

the United States which were unaffected by the shock.  

The idea is that the evolution in the fertility outcomes for the control regions can 

be used as counterfactuals to estimate how fertility outcomes in Miami would have 

evolved, in the post-treatment period, had the Mariel Boatlift not occurred. Hence, by 

comparing the actual evolution of fertility outcomes for Miami after the immigration 

shock to the counterfactual evolution provided for by the control regions, one is able to 

estimate the fertility impacts of the immigration shock. 
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 Card (1990) uses the Mariel Boatlift as a natural experiment to identify the impact of an immigration 

shock on native labour market outcomes.  
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Since the research design adopted is such, the scope of this chapter is limited to 

studying the effects of temporary immigration shocks on the aggregate fertility 

outcomes of natives in the destination areas. I do not attempt to distinguish between 

changes in fertility caused by changes in the optimal number of children desired by 

economic agents (i.e. permanent changes in fertility which are expected to have 

repercussions for completed fertility) and those caused by changes in the timing of 

childbearing (i.e. tempo effects that do not normally have a measurable impact on the 

number of children individuals have at the end of their reproductive lives). Rather, I 

focus on a broad definition of fertility, measured by the general fertility rate – defined as 

the annual number of births occurring within a well-defined geographic region per 

woman age 15 to 44 (i.e. the childbearing age) – in order to identify responses in the 

childbearing outcomes of natives following an unexpected immigration influx. 

 

2.3.2.1 The Mariel Boatlift 

The 1980 mass exodus from Cuba, popularly known as the Mariel Boatlift, can be 

used as a “natural experiment” to study the effects of a large and unanticipated 

immigration wave on the fertility outcomes of host country natives. Card (1990) 

documents that some 125,000 Cuban immigrants arrived in Miami from May to 

September 1980, driven by Fidel Castro’s unexpected announcement on April 20 1980 

that Cubans wishing to emigrate from the country were free to do so. Card’s estimates 

suggest that 50% of the Mariel immigrants eventually settled in Miami, increasing the 

overall labour force of Miami by approximately 7%. In a related study examining the 

response of housing markets to immigration shocks, Saiz (2003) estimates that the 

influx increased Miami’s renter population by at least 9% in just one year (in 1980). 

Because of the unexpected turn of events leading to the Boatlift
24

 (Larzelere, 

1988; Masud-Piloto, 1996), the Cuban influx was quite unforeseen. The Cuban 

immigrants were unlikely to pick Miami over the other U.S. cities to settle in on the 

basis of economic considerations (i.e. considerations of either wage or employment 
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 Fidel Castro’s decision to allow Cubans to emigrate was sparked by the forced entry of six Cubans on 

April 1, 1980 into the Peruvian embassy in Havana to seek political asylum from the Peruvian 

government. The forced entry led to violence and a subsequent request from the Cuban government for 

the Peruvian authorities to surrender the “gate crashers” so that they could be put to trial. The Peruvian 

government refused to accede despite repeated requests from the Cuban government. This led the Cuban 

government to retaliate by withdrawing all protection from the Peruvian embassy and announcing that 

anyone wishing to leave Cuba could do so by going to the Peruvian embassy. These events subsequently 

set the stage for Castro to launch the large-scale emigration to the United States (Larzelere, 1988).  
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opportunities). Rather, the locational choice was likely due to the large Cuban presence 

already residing in Miami prior to the Boatlift, providing arrivals with the advantages of 

an informational network. Furthermore, a large number of the Mariel immigrants 

specifically chose to settle in Miami because they were motivated by a desire to be 

reunited with family members that had left Cuba earlier during the 1965 Camarioca 

Boatlift and 1966-1973 Cuban Airlift years. As such, the influx was likely to be 

exogenous to any economic opportunities based on wages or employment provided by 

the metropolitan areas
25

.  

Card’s computations of the characteristics of the Mariel immigrants using the 

March 1985 Current Population Survey Mobility supplement suggest that the 

immigrants were largely unskilled (56.5% of them lacked a high school education), 

relatively young (38.7% of them were under 30 years of age), and had somewhat low 

levels of employment (only 60.6% of them worked in 1984). Because the Mariel 

immigration was relatively unskilled, it was expected that the influx would lead to 

downward pressures on the employment rates and wages of less-skilled natives. 

However, Card made the surprising finding that the shock had no effect on either the 

employment outcomes or wages of non-Cubans. Although some negative effect was 

found for the wages of Cubans, this effect was small and weak.  

Despite the absence of any notable impact on the labour market outcomes of 

Miami residents, Card notes that the Boatlift did cause a strain within the Miami 

community. In particular, he notes the occurrence of physical unrests within several 

African American neighbourhoods, sparked in part, by the labour market competition 

posed by the Mariel immigrants. This suggests that the Miami residents – notably 

African American workers – could have perceived their labour market opportunities to 

have been threatened by the arrival of the immigrants. Assuming this is true, we would 

expect the increase in uncertainty to have a negative bearing on native fertility as people 

postpone their childbearing plans in anticipation of tougher economic conditions in the 

future (Ranjan, 1999; Sobotka et al., 2011).  

Saiz’s (2003) analysis of the housing market in Miami following the Mariel 

Boatlift presents evidence of greater real effects generated by the Boatlift. As 

mentioned, the study estimates that the Boatlift led to rents in Miami increasing by 8% 
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 This serves to lessen potential concerns regarding the endogeneity of immigration flows. The  estimates 

will be biased if unobserved economic factors, such as amenities, real wages, or employment 

opportunities, that attract immigrants to a location also affect native fertility outcomes in that location. 
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to 11% more in real terms relative to those in three groups of comparison metropolitan 

areas from 1979 to 1981. While the increase in the price of living space in Miami is 

likely to exert a negative price effect (or a negative real income effect) on the 

childbearing decisions of non-homeowners, it may have a positive income effect on the 

fertility decisions of homeowners (Dettling and Kearney, 2014; Ranjan, 1999; Simon 

and Tamura, 2009).  

Although there has not been any research documenting the effects of the Mariel 

influx on the local prices in Miami, the study by Cortes (2008) gives an indication of 

how the price of goods complementary to childbearing in Miami was likely to change 

following the Boatlift. Using data from the U.S. consumer price index, her study 

exploits the variation across cities and through time in the relative size of the low-

skilled immigrant population in the United States to identify the effect of low-skilled 

immigration on the prices of non-traded goods and services. She finds that a higher 

share of low-skilled immigrants in the labour force reduces the price of immigrant-

labour-intensive services such as babysitting and housekeeping. This effect occurs 

largely through a reduction in the wages of low-skilled immigrants after an immigration 

shock. Her findings suggest that the prices of goods and services complementary to 

childbearing could have declined (or at least risen at a slower rate than it otherwise 

would) in the aftermath of the Boatlift. This may have produced a positive price effect 

for fertility outcomes in Miami. 

 

2.4 DATA 

2.4.1 Current Population Survey June Supplement Series 

The main data source for this study is the United States Bureau of Labor 

Statistics’ 1973 to 1988
26

 Current Population Survey (CPS) June Supplements. The 

survey is administered during the month of June annually to persons in the civilian non-

institutional population of the United States living in households and is intended to 

supplement fertility information on respondents in addition to its primary purpose of 

providing information on the employment position of U.S. residents.  
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 Considerable changes in the geographical definitions of MSAs after 1988 limit the final year of 

analysis in this study to 1988. 
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The survey provides information on each respondent’s demographic (e.g. age, 

race, Hispanic origin, sex, etc), educational, income, and geographic characteristics; 

labour force activity; and marital history. Questions on fertility history were asked of all 

women aged 18 to 75 regardless of whether they were married and were asked of 

women aged 15 to 17 if they had ever been married. Responses to the fertility history 

provide amongst other information, data on the month and year of respondents’ most 

recent child and the number of births that a respondent has had. In some years, women 

were also queried on their childbearing intentions – that is, whether they expected to 

have additional children in the years ahead. Approximately 60,000 households are 

interviewed during each survey in June. The units of observation are individuals within 

households. 

The CPS sample is intended to be representative of the civilian non-institutional 

population of the United States and weights are provided so that estimates from the 

samples can be extrapolated to the wider population. Because geographical information 

on a respondent’s residence is given, this allows respondents to be sorted by 

metropolitan areas (MSAs) within the United States. A total of 28 MSAs exist in the 

dataset
27

. One limitation with the use of the CPS data is that prior to 1994, information 

on a respondent’s nativity / citizenship is not provided. There is therefore no way to tell 

if a respondent was native or foreign born. Hence, we will take “natives” to mean all 

persons of non-Cuban origin residing in the United States. 

Although the use of the difference-in-differences technique to identify changes in 

fertility outcomes in Miami following the Mariel Boatlift only requires aggregate data 

on fertility outcomes (that is, it simply requires us to have information on, say, 

aggregate birth rates), using micro-level data to construct aggregate fertility rates as 

with the CPS brings about several advantages over the use of readily available 

aggregate birth rate data.  
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 To be exact, there were a total of 45 MSAs in the CPS dataset. However, 11 of these MSAs: Phoenix, 

Columbus, Rochester, Sacramento, Fort Worth, Birmingham, Albany Schenectady Troy, Norfolk 

Portsmouth, Akron, Gary Hammond East Chicago, and Greensboro Winston Salem High Point, were 

created only after 1977. Also, 3 MSAs ceased to exist after 1985: Nassau Suffolk, Newark, and Patterson 

Clifton Passaic. These MSAs were therefore excluded from our analysis to ensure consistency in the 

control units throughout the period 1973-1988. Furthermore, the redefinition of MSAs after 1985 resulted 

in a number of preexisting MSAs being merged with other MSAs: A total of 3 mergers were created: (1) 

Anaheim Santa Ana Garden Grove – Los Angeles Long Beach, (2) San Bernardino Riverside Ontario – 

Los Angeles Long Beach, and (3) San Jose – San Francisco Oakland. Hence observations from the 3 

originally independent MSAs: Anaheim Santa Ana Garden Grove, San Bernardino Riverside Ontario, and 

San Jose were subsumed into the combined entities. All in all, these meant that only 28 of the original 45 

geographically identified MSAs were available for use.                         



29 
 

Firstly, it allows us to control for individual-level characteristics that may 

influence individual fertility decisions and aggregate fertility outcomes.  

Secondly, because the CPS allows for individuals within the sample to be 

identified based on ethnicity; it allows us to construct aggregate fertility rates pertaining 

only to non-Cubans. Excluding Cubans from the analysis is important because: (1) we 

intend to restrict the scope of our study to evaluating the effects of an immigration 

shock on the fertility outcomes of natives – that is, residents already living in Miami 

prior to the Boatlift (2) it is difficult to distinguish between births occurring to Cubans 

that settled in Miami prior to the Boatlift from those occurring to the Mariel Cubans.  

Because theory is unclear on how the fertility outcomes among the Mariel Cubans 

themselves would be affected by large-scale emigration, all births pertaining to women 

of Cuban descent are removed from the analysis. In contrast, aggregate birth rate data 

from the U.S. vital statistics are not tailored to pertain specifically to the non-Cuban 

population.  

Thirdly, the childbearing performance of individuals in a metropolitan area (i.e. 

metropolitan area-level fertility) is not well captured by readily available aggregate 

fertility data such as those from the U.S. vital statistics. In particular, vital statistics 

report crude birth rates – defined as the annual number of births occurring in a 

metropolitan area per 1,000 persons living in the area. This is a somewhat crude 

measure of metropolitan fertility since it normalises the number of births occurring in a 

metropolitan area to the entire metropolitan population rather than to the population 

most likely to have children (i.e. women of childbearing age). Say for the sake of 

exposition that a metropolitan area’s crude birth rates increase over time. We cannot be 

sure if the increase in birth rates is due to an actual increase in the number of children 

per woman in the area, which is what we are really interested in knowing, or to a 

relative decline in the (male) population in that area during this time. The aggregate 

fertility measure I construct using the CPS, known as the general fertility rate – defined 

as the annual number of births occurring in a metropolitan area per woman age 15 to 44 

(i.e. the childbearing age) – overcomes this shortcoming by normalising births to a more 

“at risk” population (i.e. women of childbearing age), enabling me to conduct the 

analysis with a more refined measure of fertility (Namboodiri, 1996)
28

. 
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 The literature exploring the relationship between economic activity and fertility has sometimes 

distinguished between short-term (also known as tempo effects) and permanent changes in fertility 

resulting from a contraction in economic activity. While the latter represents a quantum downward shift 
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2.4.2 Sample 

I include in the sample all females age 15 to 44. Women in this age range are 

typically found to have the greatest chance of childbearing. Because a considerable 

percentage of childbirths occurred out of wedlock
29

, there is reason to believe, at least 

for the years analysed, that fertility outcomes need not be tightly linked to the institution 

of marriage in the United States (Willis, 1999). Both married and unmarried women are 

therefore included in the sample. The non-Cuban sample from Miami includes 

approximately 160 observations per year while the sample including Cubans includes 

roughly 200 observations.  

 

2.4.3 Descriptive Statistics and Patterns in General Fertility Rates 

Table 2.2 presents a descriptive summary of the interviewed female samples age 

15 to 44 in Miami in the June 1979 CPS. 1979 marks the year just before the start of the 

Mariel immigration from May to September 1980 and the CPS estimates that year 

provide a picture of the characteristics of the Miami female population just prior to the 

Mariel Boatlift. The summary is based on race-ethnicity, enabling a comparison of the 

characteristics of the female population by the 4 major ethnicities
30

: non-Hispanic 

Whites; non-Hispanic African Americans; Hispanics; and Cubans, in Miami.

                                                                                                                                                                          
in fertility which will likely have consequences for completed fertility (and in the aggregate, on 

completed cohort fertility), the former usually arises from a shift in the timing of childbearing (i.e. 

postponement of childbearing) which is typically compensated in later years. Short-term changes in 

fertility do not normally have a measurable impact on the number of children one would have at the end 

of her reproductive life and are conceptualised at the aggregate level by a decline in fertility rates, 

concentrated at the younger ages, and followed by a “catch-up” increase at the older ages (Sobotka et al., 

2011). However, because of the difficulty in distinguishing between short-term and quantum changes in 

fertility in practice, this study does not attempt to distinguish between changes in fertility caused by 

changes in the optimal number of children desired by economic agents and those caused by changes in the 

timing of childbearing. Rather, as mentioned, it focuses on a very broad definition of fertility, measured 

by the general fertility rate, in order to identify responses in the childbearing outcomes of natives 

following an unexpected immigration influx. 
29

 Between the years 1973-1988, approximately 26% of childbirths in Miami occurred out of wedlock. 

This figure was approximately 20% for all U.S. metropolitan areas.  
30

 Hispanics are defined as all individuals having Mexican, Chicano, Puerto Rican, Central/South 

American, and other Spanish/Latino descent. Non-Hispanic Whites and non-Hispanic African Americans 

are defined respectively as all persons White of non-Hispanic origin and all persons of African descent  

and non-Hispanic origin. Cubans are defined as all persons of Cuban descent.  
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Table 2.2: Characteristics of Females age 15-44 in Miami, 1979 

 

 

White  

African 

American Cuban Hispanic All 

1. Proportion currently married 0.485 0.315 0.600 0.576 0.462 

2. Proportion ever married 0.715 0.562 0.724 0.673 0.660 

3. Mean years of education 13.151 11.836 10.592 12.549 11.993 

4. Mean age 28.657 26.699 30.152 28.963 28.369 

5. Proportion age 15-19 0.197 0.230 0.214 0.212 0.201 

6. Proportion age 20-24 0.198 0.213 0.185 0.212 0.201 

7. Proportion age 25-29 0.181 0.178 0.174 0.194 0.181 

8. Proportion age 30-34 0.168 0.150 0.072 0.140 0.164 

9. Proportion age 35-39 0.139 0.122 0.124 0.131 0.136 

10. Proportion age 40-44 0.118 0.107 0.231 0.111 0.116 

11. Proportion in labour force 0.789 0.660 0.587 0.452 0.663 

12. Proportion with 1 or more births 0.456 0.610 0.443 0.464 0.505 

      Notes: Data from the 1979 U.S. Current Population Survey, June Supplement. Sample weights used in all computations.  

3
1
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The proportion of Whites, African Americans, Hispanics, and Cubans that are 

married are 0.49, 0.32, 0.58, and 0.60 respectively. Although the proportion of married 

females is lowest for African Americans, the fraction of women having children is 

highest for African Americans. The proportion of African American females with 

children is 0.61, compared to 0.46, 0.46, and 0.44 respectively for Whites, Hispanics, 

and Cubans. Whites are generally the highest-educated, with an average of 13.2 years of 

completed education, while Cubans have the lowest average levels of education at 10.6 

years. This figure is 11.8 years for African Americans and 12.5 years for Hispanics. 

White females generally have the highest labour force attachment, with 79.0% of those 

age 15 to 44 in the labour force. African Americans come next with 66.0% in the labour 

force, followed by Cubans at 58.7%. Hispanics have the lowest labour force attachment, 

with only 45.2 % of females in the labour force.  

The evolution in general fertility rates from 1973 to 1988 for non-Cuban Miami 

women are shown in Table 2.3. The fertility rates pertain respectively to: (1) all females 

of childbearing age (age 15-44); (2) all married females of childbearing age; (3) all 

females in the prime childbearing ages (age 18-34); and (4) all married females in the 

prime childbearing ages.  

The patterns in fertility rates exhibited by all 4 groups are rather similar 

throughout the entire period of the analysis. All are relatively constant from 1973 to 

1976 and show a sharp decrease in 1977. They remain low in 1979 before returning to 

levels in line with those observed for 1973-1976 in 1980. In all cases, fertility rates fell 

sharply in 1983 and remained fairly low till 1984. However, fertility rates seem to 

return to and even exceeded the high early 1980s levels, in 1985.  Fertility rates fell 

again in 1986 but exhibited an upward trend thereafter. 
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Table 2.3: Evolution of Fertility Rates in Miami (1973-1988) 

 

Year Females age 15-44 Married Females age 15-44 Females age 18-34 Married Females age 18-34 

     

1973 0.065 (0.019) 0.114 (0.033) 0.096 (0.029) 0.170 (0.049) 

1974 0.084 (0.022) 0.139 (0.036) 0.108 (0.031) 0.175 (0.048) 

1976 0.080 (0.024) 0.100 (0.036) 0.124 (0.036) 0.145 (0.051) 

1977 0.036 (0.015) 0.053 (0.026) 0.059 (0.024) 0.085 (0.041) 

1979 0.038 (0.016) 0.061 (0.030) 0.062 (0.025) 0.090 (0.044) 

1980 0.067 (0.020) 0.105 (0.036) 0.100 (0.029) 0.138 (0.047) 

1981 0.093 (0.024) 0.116 (0.039) 0.117 (0.032) 0.153 (0.054) 

1982 0.081 (0.023) 0.134 (0.042) 0.107 (0.031) 0.173 (0.056) 

1983 0.033 (0.015) 0.054 (0.027) 0.050 (0.022) 0.088 (0.043) 

1984 0.053 (0.018) 0.107 (0.037) 0.081 (0.028) 0.161 (0.057) 

1985 0.082 (0.020) 0.119 (0.036) 0.123 (0.030) 0.162 (0.050) 

1986 0.046 (0.011) 0.062 (0.018) 0.071 (0.018) 0.093 (0.028) 

1987 0.065 (0.014) 0.102 (0.024) 0.082 (0.020) 0.125 (0.034) 

1988 0.078 (0.014) 0.107 (0.025) 0.111 (0.021) 0.169 (0.039) 

 

 

Notes: Samples exclude all women of Cuban origin. Standard errors of the estimated means in parentheses. Sample weights used in all computations. Data were 

unavailable for years 1975 and 1978. 

3
3
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Assuming it takes approximately 2 to 2.5 years for the Mariel Boatlift to affect the 

childbearing outcomes of Miami residents through the hypothesised channels, the trends 

observed in Table 2.3 are consistent with a temporary delay in the timing of 

childbearing
31

 after the Mariel Boatlift (so that contemporaneous fertility falls sharply 

from 1982 to 1983 and remains low till 1984) and a “catch up” phase where fertility 

rises above its “normal” levels in the later years (from 1984 to 1985). It is not clear how 

the sharp fall in fertility rates observed in 1986 (and the recovery thereafter) should be 

interpreted and whether it is appropriate for us to attribute it to the Mariel Boatlift since 

we would expect any fertility impacts to diminish with time. The trends do not preclude 

the possibility, however, that the Mariel Boatlift may have impacted native fertility 

twice: once in 1983 and again in 1986. Of course, this hypothesis would have to be 

tested using more sophisticated identification methods which I now turn to.   

 

2.5 SYNTHETIC CONTROL ANALYSIS 

In all subsequent analyses, I take the year 1982 to be the first year for which 

fertility outcomes in Miami are potentially affected by the immigration shock. The year 

1982 therefore represents the start of the post-treatment period. While it is possible that 

fertility outcomes might have been affected in as early as 1981, the likelihood of this is 

low. The reason is that if a respondent reports having a birth in the last 12 months 

during the 1981 survey (conducted in June 1981), this would mean that the birth(s) must 

have occurred between the period July 1980 – June 1981. Because it takes an average of 

42 weeks (or 9.7 months) between the time of conception and the time of delivery, the 

decision to have the child must have been made, at latest, between September 1979 to 

August 1980. Although the Mariel immigrants arrived in Miami between May 1980 and 

September 1980, slightly overlapping with this period, it is unlikely that either 

perceived job market security, or the price of living space and goods complementary to 

childbearing would have adjusted fast enough so as to alter the childbearing outcomes 

reflected in the 1981 data. In any case, to be sure, robustness checks were conducted in 

all analyses to see if the results changed in any way when 1981 and 1983 were instead 

taken to be the start of the post-treatment period. The results remained practically 

unchanged when these alternative years were taken to be the years in which the 

treatment occurred. I therefore take 1982 to be the treatment year.   

                                                           
31

 See Sobotka et al. (2011).  
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The raw data showing the evolution of fertility rates in Miami indicated that the 

rates fell sharply twice in Miami (once in 1983 and once in 1986) after the Boatlift. 

Although this is consistent with an interpretation that the Mariel Boatlift had a short-

term negative influence on the fertility of native women, we cannot be certain that the 

observed declines in fertility were due to the Mariel Boatlift rather than to other 

confounding factors (e.g. common fertility shocks affecting all metropolitan areas in the 

United States) unless we know how fertility outcomes would have evolved in Miami in 

the absence of the immigration influx.  

Ideally, I would like to know how fertility outcomes in Miami would have 

evolved during the period post-1982 in the absence of the immigration shock so that I 

can compare this evolution to the actual post-1982 evolution to identify whether the 

observed declines in fertility were indeed the result of the influx. If one had knowledge 

regarding how fertility outcomes would have evolved in Miami in the alternative world 

where Miami had not been affected by the Mariel influx, then one can compare the 

actual evolution of fertility outcomes in Miami to the counterfactual evolution to 

identify the impact of the Boatlift on fertility.  

Although it is impossible to observe the fertility outcomes in Miami in the 

absence of the Mariel Boatlift, it is possible to approximate how fertility outcomes in 

Miami would have evolved in the counterfactual situation if one can find a suitable 

comparison area (or a group of comparison areas) which was unaffected by the Mariel 

influx and is able to closely mirror Miami in terms of its characteristics and attributes. 

The fertility changes pertaining to such a comparison area will provide a counterfactual 

for the fertility changes for Miami.  

Because I rely on the aforementioned strategy to identify the causal effect of the 

immigration shock, the comparison areas have to be carefully selected so that they are 

representative of Miami. There are a number of ways to select the comparison areas 

against which the fertility path of Miami can be compared to. One strategy is to “hand-

select” comparison metropolitan areas on the basis of subjective measures of similarity 

between the treated (i.e. Miami) and non-treated units (see, for example, Card (1990)). 

However, this approach has been criticised as being “ad hoc” and of lacking clarity and 

objectivity in the way comparison units are chosen (Abadie et al., 2010). An alternative 

strategy, first proposed by Abadie and Gardeazabal (2003) and later formalised by 

Abadie et al. (2010), involves constructing comparison areas based on a data-driven 



36 
 

procedure. This strategy – known as the synthetic control method – involves 

constructing a comparison area based on a convex combination of individual 

metropolitan areas with weights chosen so that the resultant comparison area resembles 

the treated area closely in term of its characteristics (i.e. characteristics relevant for 

predicting the outcome(s) of interest) before the treatment.  

The weighted average of the contributing metropolitan units is conceptualised as 

the “synthetic twin” of the treated area and the outcome changes pertaining to this 

resultant comparison area in the post-treatment period are taken to reflect how outcomes 

in the treated area would have changed, absent the treatment. Since the synthetic 

comparison area is constructed to resemble the treated area, the selection procedure 

provides one with greater confidence that any observed differences in the changes in 

fertility outcomes between the treated and control areas are due to the immigration 

shock rather than to poor identification design – wherein differences arise only because 

the treated and comparison areas are fundamentally different to start with.  

Because of the advantages presented by the synthetic control method developed 

by Abadie et al. (2010) over the more ad hoc technique, the present study employs this 

method to reproduce the counterfactual fertility path for Miami in the absence of the 

Boatlift to provide a reference for which the actual fertility evolution can be compared 

to. 

 

2.5.1 The Synthetic Control Method  

This section briefly reviews the material and model developed in Abadie et al. 

(2010) in order to demonstrate the rationale behind the synthetic control technique. 

Interested readers may refer to Abadie et al. (2010) for further details on the method. 

Suppose there are              time periods. Let     be the number of pre-

treatment periods, where           . Also, let                    
    be a vector 

of pre-treatment characteristics for Miami that includes the fertility outcomes in each 

year of the pre-treatment period (i.e.           ) as well as covariates that are predictive 

of metropolitan area fertility (given by the vector   ). Similarly, let    be a matrix 

containing the same variables for each of the   metropolitan areas potentially 
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contributing to the comparison synthetic control unit
32

. The idea behind the synthetic 

control method is to choose an optimal weighting vector       
         

     such 

that it minimises: 

‖      ‖                       

subject to  

        and    ∑        
         for               33 

where    represents the weight of metropolitan area   in the synthetic control. 

Each metropolitan area’s contribution to the synthetic version of Miami would be 

given by the weights contained in the optimal weighting vector. In doing so, the 

synthetic control is designed to resemble the actual Miami in terms of its (observable) 

attributes in the pre-treatment period. The fertility outcomes pertaining to the synthetic 

control in the post-treatment period is then taken to be an approximation of the actual 

fertility outcomes that would have been observed in Miami had the Mariel Boatlift not 

occurred. The pre- and the post-treatment fertility outcomes are computed for the 

synthetic Miami by taking the weighted average of fertility outcomes pertaining to the 

metropolitan areas receiving positive weights. The evolution of fertility outcomes for 

Miami in the post-treatment period is compared to that for the synthetic control in order 

to identify the effects of the immigration shock on the fertility outcomes in Miami.  

More formally, let the average treatment effect be:  

 ̂  (                 )  (                     )                                  

where          denotes average fertility in Miami in the post-treatment period,           

denotes average fertility in Miami in the pre-treatment period;             denotes 

average fertility in “synthetic Miami” in the post-treatment period; and            

denotes average fertility in “synthetic Miami” in the pre-treatment period.   ̂ is thus an 

estimate of the effect of the immigration shock on the average fertility of Miami 

residents.  If   ̂ < 0, then this is evidence that the Mariel Boatlift had a negative impact 

on native fertility outcomes in Miami.  The converse is true if   ̂    0.   

                                                           
32

 Each of the columns in the         matrix,    is a data vector containing pre-intervention fertility 

outcomes and covariates predictive of metropolitan area fertility for a different metropolitan area.  
33

 Where             are the   metropolitan areas potentially contributing to the synthetic control 

unit. 
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The significance of these treatment estimates have to be probed subsequently 

using placebo (or permutation) tests. Put simply, the placebo test involves the 

following:  for each metropolitan area in the potential collection of units contributing to 

the “synthetic Miami”, the process as described for Miami is repeated so that a synthetic 

comparison control is constructed for each area. Estimates of the treatment effects are 

then computed for each metropolitan area as if each had been affected by the Mariel 

Boatlift in 1980. The distribution of these placebo estimates then form a sampling 

distribution for the actual impact estimates with which to test against the hypothesis of 

null treatment effects.  

The idea is that since the other metropolitan areas were not affected by the Mariel 

Boatlift in 1980, the evolution of fertility outcomes for these areas, should in principle, 

follow those of their synthetic controls closely. In other words, we should not see 

outcomes for these areas deviating very much from those of their synthetic versions in 

the post-treatment period. Hence, by comparing the estimated treatment effect for 

Miami to these placebo effects, we can ascertain the rarity of the magnitude of the 

treatment effect. The null hypothesis is rejected if there is clear indication that the 

changes in fertility outcome in Miami relative to its synthetic control after the Boatlift 

exceed in magnitude those pertaining to these other metropolitan areas. This inferential 

technique is akin to a permutation test because it allows one to assess if the effect 

estimated for Miami is large relative to the placebo effects estimated for some other 

metropolitan area drawn at random (Abadie et al., 2011a).  

 

2.5.2 Estimated Impacts on Fertility Outcomes 

The fertility outcomes over the period 1973 to 1988 presented in Section 2.4.3 

showed that trends in fertility rates were similar for: (1) all women of childbearing ages, 

(2) married women of childbearing ages, (3) women of prime childbearing ages and, (4) 

married women of prime childbearing ages. Because of the considerably larger sample 

sizes provided by women of childbearing ages relative to the other three groups, 

allowing for more precise and reliable estimates to be derived, I conduct the rest of the 

analysis taking all females of childbearing age (i.e. females age 15 to 44) to be the 

reference population with which fertility rates are derived and with which changes in 

fertility are analysed.   
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All persons of Cuban origin are removed from the samples. This is done primarily 

because it is difficult to distinguish between the earlier Cubans that settled in Miami 

before the Mariel occupation from those arriving with the Boatlift. Recall that what we 

are really interested in knowing is how the childbearing behaviour among Miami 

natives – defined as all persons living in Miami prior to the Boatlift – changed in the 

years following the immigration shock. Since theory is unclear on how fertility 

outcomes among the Mariel Cubans themselves would be affected by the large-scale 

emigration, all births pertaining to women of Cuban descent are removed from the 

analysis to prevent confounding the fertility estimates and complicating interpretations. 

We assume that the immigration shock is localised only to Miami and that all 

other metropolitan areas in the United States contributing to the comparison groups are 

unaffected by it. Further, we assume that the immigration shock in Miami does not 

produce any spill-over effects by affecting the contemporaneous fertility decisions and 

outcomes of women living in the “unaffected” metropolitan areas.  

We begin by discussing the evolution of fertility rates in Miami and its synthetic 

control for the period 1973-1988. The metropolitan areas contributing to “synthetic 

Miami” are St. Louis, Cleveland, Houston, San Diego, Tampa St. Petersburg, and 

Portland, with Panel A in Table 2.4 showing the exact weights assigned to these areas 

for the purposes of constructing the control
34

. These metropolitan units were chosen 

based on the minimisation process given by condition (2.2) in Section 2.5.1 so as to best 

approximate Miami in terms of its characteristics (i.e. characteristics that are predictive 

of metropolitan fertility rates) and the fertility trends exhibited in the pre-treatment 

period. To this end, I include in the set of characteristics to be matched –  the MSA 

marriage rate
35

, the proportion of females in the labour force, the female unemployment 

rate, the male unemployment rate, the female unemployment rate 1 year ago, the male 

unemployment rate 1 year ago
36

, the proportion of women in the MSA falling within 

                                                           
34

 2 of 6 of these metropolitan areas were also used in Card (1990) to form the control group. Card’s 

control group is constructed using 4 MSAs: Atlanta, Houston, Los Angeles, and Tampa St. Petersburg. 

These MSAs were chosen because they “had relatively large populations of Blacks and Hispanics 

and…exhibited a pattern of economic growth similar to Miami over the late 1970s and early 1980s” 

(Card, 1990, pp.249). 
35

 This is defined as the proportion of women between 15 and 44 years of age that are currently married 

and are not separated from their spouses.   
36

 In addition to the current male and female unemployment rates and the 1-year lagged male and female 

unemployment rates, I initially also included 2-year lagged male and female unemployment rates in the 

list of predictor variables. However, the inclusion of these unemployment rates led to relatively higher 

mean squared prediction errors, indicating that these variables do not predict contemporaneous MSA-

level fertility rates well. They were therefore removed from the analyses. 
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each ethnic category
37

, the proportion of women in each MSA falling within each 

family income category
38

, the proportion of women falling within each 5 year age 

category
39

, and the proportion of women falling within each educational attainment 

category
40

. These variables were chosen because they have been identified in the 

fertility literature as being the most relevant for predicting fertility rates in MSAs. 

Notice that I include male and female unemployment rates separately as predictors of 

fertility outcomes. This is meant to account for the fact that male and female 

unemployment can impact the fertility outcomes for women differently. While higher 

male unemployment in an MSA is generally expected to lower fertility rates since male 

incomes are important in providing the financial resources necessary for childbearing 

goals, it is unclear how higher female unemployment would affect fertility. On one 

hand, unemployment amongst females may induce them to enter motherhood since the 

opportunity costs associated with childbearing are now lower. On the other, 

unemployment and the reduced stream of income flows can lead women to refrain from 

entering into long-term financial commitments (having a child is necessarily a long-

term financial commitment) and in so doing, postpone or cancel childbearing plans 

(O’Donoghue and O’Shea, 2006).  

                                                           
37

 Individuals can fall into 1 of 4 of these ethnic groups: White, African American, Hispanic, or Other 

race. 
38

 Individuals can fall into 1 of 6 of these family income categories: having a family with annual income 

(1) below US$5,000, (2) between US$5,000 to US$7,499, (3) between $7,500 to US$9,999, (4) between 

US$10,000 to US$14,999, (5) between US$15,000 to US$24,999, or (6) US$25,000 and above. 
39

 Individuals can fall into 1 of these 6 age categories: (1) age 15 to 19, (2) age 20 to 24, (3) age 25 to 29, 

(4) age 30 to 34, (5) age 35 to 39, or (6) age 40 to 44. 
40

 Individuals can fall into 1 of 11 of these educational categories: (1) 0 to 8 years of completed 

education, (2) 9 years of completed education, (3) 10 years of completed education, (4) 11 years of 

completed education, (5) 12 years of completed education, (6) 13 years of completed education, (7) 14 

years of completed education, (8) 15 years of completed education, (9) 16 years of completed education, 

(10) 17 years of completed education, or (11) 18 or more years of completed education. 
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Table 2.4: Metropolitan Areas Contributing to Synthetic Controls 

Panel A: MSA weights in synthetic Miami when Fertility is measured with respect to 

women age 15-44 

 

 MSA Weight 

St. Louis 0.066 

Cleveland 0.218 

Houston 0.334 

San Diego 0.004 

Tampa St. Petersburg 0.237 

Portland 0.140 

Panel B: MSA weights in synthetic Miami when Fertility is measured with respect to 

women living in rented homes 

 

MSA Weight 

New York 0.354 

Los Angeles 0.014 

Baltimore 0.008 

Houston 0.370 

Dallas 0.065 

Indianapolis 0.114 

New Orleans 0.075 

Panel C: MSA weights in synthetic Miami when Fertility is measured with respect to 

women living in owned homes 

 

MSA Weight 

New York 0.293 

Philadelphia 0.407 

Tampa St. Petersburg 0.300 

  

The average values of these predictors over the pre-treatment years 1973-1981 are 

tabulated in Panel A of Table 2.5 for Miami and its synthetic counterpart. Apart from 

indicators measuring the proportion of women falling within each ethnic category, the 

values of the rest of the characteristics are remarkably similar for both Miami and the 

synthetic control during this period. The reason that the proportion of women falling in 

each ethnic category for the synthetic control does not match those for Miami well is 

because of Miami’s unique racial composition during the pre-treatment period (which 

has persisted till today). Miami was the most immigrant-intensive MSA in the United 

States and its population consisted of a much larger proportion of Cubans, African 

Americans and Hispanics than any other MSA. As such, no convex combination of 

other MSAs is able to reproduce the ethnic composition of Miami. 
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Table 2.5: Characteristics Relevant to Predicting Fertility Rates 

 Panel A Panel B Panel C 

 
Women age 15-44 

Women in Rented 

Homes 

Women in Owned 

Homes 

Variables Miami Synthetic  Miami Synthetic  Miami Synthetic  

Married  0.488 0.536 0.362 0.444 0.543 0.507 

In the Labour Force 0.613 0.604 0.587 0.605 0.620 0.615 

Non-Hispanic White 0.492 0.774 0.307 0.504 0.483 0.768 

Non-Hispanic African American 0.372 0.157 0.465 0.268 0.367 0.163 

Other Race 0.016 0.012 0.012 0.022 0.042 0.021 

Hispanic 0.121 0.057 0.217 0.206 0.108 0.048 

Family income below US$5,000 0.165 0.104 0.258 0.153 0.037 0.028 

Family income US$5,000-US$7,499 0.091 0.096 0.119 0.126 0.017 0.057 

Family income US$7,500-US$9,999 0.120 0.098 0.167 0.092 0.047 0.047 

Family income US$10,000-

US$14,999 
0.228 0.218 0.221 0.255 0.161 0.138 

Family income US$15,000-

US$24,999 
0.261 0.270 0.188 0.261 0.369 0.330 

Family income US$25,000 and up 0.136 0.212 0.048 0.114 0.369 0.400 

Current Female Unemployment 

Rate 
0.074 0.083 0.068 0.082 0.068 0.085 

Current Male Unemployment Rate 0.058 0.054 0.049 0.061 0.049 0.069 

Female Unemployment Rate 1 Year 

ago 
0.078 0.085 0.084 0.084 0.084 0.087 

Male Unemployment Rate 1 Year 

ago 
0.053 0.053 0.043 0.061 0.043 0.064 

Age 15-19 0.190 0.210 0.138 0.141 0.213 0.242 

Age 20-24 0.207 0.208 0.238 0.263 0.182 0.161 

Age 25-29 0.195 0.192 0.252 0.250 0.117 0.128 

Age 30-34 0.165 0.158 0.173 0.174 0.212 0.172 

Age 35-39 0.132 0.117 0.125 0.095 0.138 0.150 

Age 40-44 0.111 0.113 0.074 0.077 0.138 0.148 

8 or Less Years of Completed 

Education  
0.075 0.073 0.067 0.137 0.060 0.040 

9  Years of Completed Education  0.064 0.062 0.077 0.071 0.064 0.048 

10  Years of Completed Education  0.086 0.080 0.093 0.091 0.066 0.088 

11  Years of Completed Education  0.078 0.079 0.079 0.078 0.067 0.073 

12  Years of Completed Education  0.385 0.407 0.388 0.371 0.428 0.417 

13  Years of Completed Education  0.083 0.083 0.112 0.057 0.086 0.086 

14  Years of Completed Education  0.085 0.065 0.070 0.057 0.093 0.081 

15  Years of Completed Education  0.025 0.026 0.010 0.031 0.030 0.022 

16  Years of Completed Education  0.088 0.090 0.074 0.077 0.069 0.094 

17  Years of Completed Education  0.013 0.013 0.013 0.009 0.016 0.019 

18  Years of Completed Education  0.018 0.020 0.018 0.020 0.021 0.032 

       

Notes: The values of the predictor variables are averaged over the entire pre-treatment period, 1973-1981. 

Apart from unemployment rates, all figures are proportions. 

 

Figure 2.2 (Panel A) plots the fertility rates experienced in the two areas over the 

period 1973-1988. The movements in fertility rates for Miami and its synthetic control 
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are quite similar for the entire pre-treatment period (1973-1981). The similarity in pre-

treatment fertility trends and characteristics between Miami and the control suggests 

that the synthetic control provides a reasonable counterfactual for Miami in the absence 

of the Mariel Boatlift. The fertility patterns exhibited by the synthetic control over the 

post-treatment period (1982-1988) can therefore be used to predict how fertility 

outcomes in Miami would have moved from year to year in the absence of the Boatlift. 

As can be seen, outcomes begin to diverge between Miami and the control after 1982. 

While fertility rates in Miami declined sharply from 1982 to 1983, the rates in the 

synthetic control demonstrated an increase instead during this time. Fertility rates 

appear to return to step from 1984 to 1985. However in 1986, outcomes diverged again, 

with fertility rates in Miami declining more sharply from 1985 to 1986 relative to that 

for its synthetic control. After the occurrence of this second fertility dip in 1986, the 

fertility rate in Miami followed an upward trend, increasing continuously from 1986 to 

1988. These movements are in contrast to those exhibited by the synthetic control, 

which did not show a sharp fall in fertility in 1986 and which exhibited a falling, rather 

than increasing, fertility pattern from 1986 to 1988. 

 

Figure 2.2 (Panel A): Evolution of Fertility Rates for Women age 15-44 (1973-1988):                       

Miami vs Synthetic Control Area 
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Figure 2.2 (Panel B): Placebo Test: Estimated Fertility Impacts for Miami and Placebo 

Fertility Impacts for 27 Comparison MSAs. Women age 15-44. 

 

Since the synthetic control is designed to reproduce the pattern of fertility 

outcomes that would have occurred in Miami in the years after 1982 in the alternative 

world where the immigration shock did not occur, the divergences in fertility paths 

between Miami and the synthetic control after 1982 provides support for our earlier 

postulate (based on raw fertility rate trends) that the Mariel Boatlift had a short-term 

negative impact on the fertility outcomes of natives in Miami (in 1983 and 1986). To be 

exact, actual fertility rates in Miami fell quite substantially – by 3.7% and 2.5% more 

than those predicted by the synthetic control respectively in 1983 and 1986. These year 

treatment effects are calculated based on the formula in equation (2.3), taking 1983 and 

1986 respectively to be the post-treatment years and 1973-1981 to be the pre-treatment 

period. The negative fertility effect, however, was only temporary and was followed by 

a compensatory rise in fertility after each dip. This suggests that the Mariel Boatlift may 

have initially led to a postponement of childbearing among people in Miami but that 

this was subsequently compensated through a fertility rise in later years
41

. 

                                                           
41

 Both Card (1990) and Saiz (2003) report that population growth rates in Miami slowed after the Mariel 

Boatlift. This could have occurred because natives living in Miami responded to the immigration inflow 

by moving out of Miami. It could also have occurred because the inflow deterred potential migrants living 

within the rest of the United States from moving to Miami. To the extent that the age distribution of 

women within the childbearing age (i.e. 15-44) group was significantly altered by the out-migration of 

existing Miami residents, inference on the effects of the immigration shock on fertility might be 
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Calculating the average treatment effect based on the formula in equation (2.3), 

and taking 1973-1981 to constitute pre-treatment years and 1982-1988 to constitute 

post-treatment years, one finds that fertility decreased by 0.25% in Miami after the 

influx relative to the synthetic control. However the magnitude of this estimate is 

sensitive to the pre- and post-treatment periods used. For example, if we instead take the 

pre-treatment period to be 1980-1981 and the post-treatment period to be 1983-1984 – 

reflecting the outcomes just prior to and after the treatment – then a very different 

conclusion is reached: In this case, fertility would have declined by 3.3% in Miami after 

the influx relative to the control. This is not surprising because the declines in fertility 

notably occur in 1983 and 1984. The smaller impact estimate obtained from using 1973-

1981 and 1982-1988 as the relevant pre- and post-treatment periods masks the actual 

negative impact of the immigration shock because the decreases in fertility were only 

temporary, with fertility rising above predicted levels after each episode of fertility 

decline. 

Because childbearing responses to an immigration shock can vary based on 

individual characteristics (Sobotka et al., 2011), there may possibly be heterogeneity in 

responses based on differences by: (1) ethnicity, (2) number of children already born to 

an individual
42

, (3) level of completed education
43

, and (4) residential tenure
44

. In order 

                                                                                                                                                                          
compromised (since age is an important predictor of childbirth). To check if the age distribution of 

women within the childbearing age group in Miami was altered after the Mariel Boatlift, the female 

sample was separated into 6 age categories: (1) age 15-19, (2) age 20-24, (3) age 25-29, (4) age 30-34, (5) 

age 35-39, and (6) 40-44. An analysis was then conducted, where control units were selected based on the 

synthetic control method in order to evaluate whether a change in the proportion of women belonging to 

these age groups occurred as a result of the Mariel Boatlift. If so, then this would be indicative of a shift 

in the age composition of women in Miami following the Boatlift. The results from the analysis, which 

are not shown here for brevity, indicate that the Mariel Boatlift did not have any systematic effect on the 

age distribution of women in Miami. Hence, there seems to be little need for worry about shifts in 

Miami’s female composition introducing biases to the fertility impact estimates. 
42

 An immigration shock is expected to have a differential impact on fertility based on the number of 

children already born to an individual. A number of studies have found adverse economic conditions to 

exert a negative effect on the childbearing rates leading to first births (Hoem, 2000; Santow and Bracher, 

2001). In contrast, rates leading to higher-order births do not demonstrate as much sensitivity to economic 

conditions as first births (Sobotka et al., 2011).   
43

 Economic uncertainty can have different implications for females with different education levels. There 

is evidence that while better educated women find it less attractive to have a child when they perceive 

themselves to be more vulnerable to losing their jobs and tend to respond to uncertain situations by 

delaying childbearing plans, their lower educated counterparts actually find it more attractive to enter 

motherhood as this presents them with a way of structuring and reducing the uncertainty they face in their 

lives (Sobotka et al., 2011). It is therefore expected that an immigration shock, which generally invokes 

increased fears of job insecurity amongst workers, should increase the likelihood of lower-educated 

women entering motherhood while reducing the likelihood for higher-educated women.  
44

 An immigration influx is likely to alter the opportunity cost of childbearing differently for homeowners 

and renters.  As discussed in Section 2.2, research in housing markets has found that local housing prices 

and rents generally rise with greater in-migration to an area. The higher prices of living space resulting 

from an immigration shock implies that: (1) renters suffer a fall in their disposable resources available for 

other activities such as childrearing and (2) potential couples hoping to purchase a house (or a bigger 
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to test for these possibilities, I repeat the analysis, separating individuals into sub-

groups based on differences with respect to these characteristics, to identify possible 

differences in impacts across groups. The differential impacts on fertility based on 

differences in ethnicity, birth parity, and level of completed education are not 

remarkable and therefore we do not elaborate on them further here
45

. More interestingly 

however, a large differential impact on fertility was found between renters and 

homeowners, suggesting that fertility responses to an immigration shock differ by 

housing tenure. 

In general, women can fall into 1 of 3 residential tenure groups: Women can 

either be living in a home: (a) owned or bought by a household member, (b) rented for 

cash or, (c) where occupation is free of charge (i.e. cash rents need not be paid). For 

simplicity and because of the tiny sample sizes belonging to category (c)
46

, I exclude 

women in category (c) from the analysis by residential tenure status. Hence, women are 

either classified as living in an owned home (i.e. home-owner) or a rented home (i.e. 

home-renter).  

Figure 2.3 (Panel A) displays the evolution of fertility rates for women living in 

rented homes. Only 9 years of data are presented here. This is because information on 

residential tenure was not available prior to 1980. I take 1980-1981 to constitute the pre-

treatment years and 1982-1988 to constitute the post-treatment period. The synthetic 

Miami is constructed as a weighted combination of 7 metropolitan areas: New York, 

Los Angeles, Baltimore, Houston, Dallas, Indianapolis, and New Orleans. Their precise 

contributions to the control unit are shown in Panel B of Table 2.4. The same predictors 

used earlier to analyse fertility outcomes for women age 15-44 are used again as 

characteristics of Miami for which the synthetic control should match.  

                                                                                                                                                                          
home) to start a family (or to have more children) find it harder to do so. The result of an immigration 

shock is therefore likely to be a fall in the childbearing rates among renters. The fertility response 

expected for the case of homeowners is not as straightforward, and it may fall, rise, or stay constant. All 

other things being the same, it would fall if there are many current homeowners wanting to purchase a 

larger home because they would like to have more children but find it more difficult to do so as a result of 

the higher property prices. It would remain constant if this was not the case. On the other hand, if rising 

property prices allow allow otherwise credit-constrained homeowners to acquire increased funding for 

their childbearing goals, through sources such as home credit loans, lines of credit or refinanced 

mortgages, as Dettling and Kearney (2014) posit, then increases in property prices may result in higher 

aggregate fertility amongst current homeowners. Although all three outcomes are possible, the empirical 

evidence does not support the view that fertility rates among homeowners decline with rising property 

prices (Dettling and Kearney, 2014). It is therefore expected that aggregate fertility outcomes among 

homeowners will either remain constant or increase with an immigration shock.  
45

 These results are available upon request. 
46

 An average of only 0.74% of Miami women belonged in category (c) during the years 1980-1988. 

Similarly, an average of only 0.82% of women in the U.S. belonged in this category in 1980-1988. 
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Figure 2.3 (Panel A): Evolution of Fertility Rates for Women Living in Rented Homes     

(1980-1988): Miami vs Synthetic Control Area 

 

Figure 2.3 (Panel B): Placebo Test: Estimated Fertility Impacts for Miami and Placebo 

Fertility Impacts for 27 Comparison MSAs. Women Living in Rented Homes 
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Panel B of Table 2.5 indicates that apart from the marriage rate and ethnic 

composition, as well as the greater proportion of women belonging to higher family 

income brackets in the synthetic control, the average values for the other characteristics 

pertaining to the synthetic closely match those of Miami during the pre-treatment years. 

Figure 2.3 (Panel A) shows that fertility rates in both Miami and the synthetic are 

somewhat constant between 1980 and 1982, with fertility rates in Miami systematically 

above those of its synthetic during these years. From 1982 to 1983, fertility rates dipped 

dramatically in Miami, falling from 0.102 to 0.014. Fertility rates stayed at a low level 

until 1985, when it rose to 0.109. In 1986, birth rates in Miami fell again to 0.050 before 

increasing thereafter. Although the post-treatment patterns in fertility rates for Miami 

from 1982 to 1985 were also observed for the case of the synthetic control, the decline 

in fertility from 1982 to 1984 was much gentler in the case of the synthetic. Estimates of 

the average treatment effect with 1980-1981 as pre-treatment years and 1982-1988 as 

post-treatment years indicate that fertility amongst home renters decreased by 4.0% in 

Miami after the influx relative to its synthetic control. If instead, we had specified 1983-

1984 as the post-treatment period, then there is no change in the sign of the estimate, 

although the magnitude of the estimate increases (-7.9%). Also, while fertility rates for 

renters fell in Miami from 1985 to 1986, no such decline was observed for the synthetic 

control. In fact, fertility rates for the synthetic control showed a modest increase during 

this time. The subsequent increase in fertility rate observed for Miami from 1987 to 

1988 was also not seen for the synthetic control. In fact, the fertility rate for the 

synthetic control showed a slight decrease in this period. The actual and counterfactual 

fertility paths for Miami in the post-treatment period indicate that the Mariel Boatlift 

might have led to a short-term decline in fertility twice: once in 1983-1984 and another 

time in 1986. The fertility declines were likely caused by individuals delaying their 

childbearing plans. The fertility increases experienced in Miami relative to those for the 

synthetic control after the temporary declines in fertility are suggestive of this.  

Next, we turn to consider fertility trends amongst women living in owned homes. 

The synthetic control in this case is formed by a weighted average of 3 metropolitan 

areas: New York, Philadelphia, and Tampa St. Petersburg (Table 2.4, Panel C). As 

shown in Panel C of Table 2.5, again, apart from the fraction of women falling within 

each ethnic group, the average values of the characteristics (predictive of metropolitan 

fertility) for the synthetic control match those of Miami reasonably well.   
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Figure 2.4 (Panel A) plots the fertility rates for women living in owned homes.  

As with the case for renters, only 9 years of data are displayed. I take 1980-1981 to be 

the pre-treatment years and 1982-1988 to be the post-treatment period. While a modest 

fall in fertility is documented from 1982 to 1983, trends suggest that this was possibly 

not an anomaly since the decline in birth rates had already begun in 1981. This 

mentioned, fertility rates seem to have increased in 1984 before falling again in 1985. 

The actual evolution of fertility rates appears to be in contrast to the counterfactual 

predictions given by the synthetic control. While fertility outcomes for the synthetic 

control predict that Miami should have experienced an increase in homeowner fertility 

rates in 1983 before a decrease in 1984, the actual changes in Miami occurred in exactly 

the opposite directions. The estimated average treatment effect indicates that fertility 

increased by 0.9% in Miami after the shock relative to the synthetic control. The 

conclusion does not change much when the post-treatment period is taken to be 1983-

1984 instead: In this case, fertility in Miami increases by 1.6% after the shock relative 

to the control. 
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Figure 2.4 (Panel A): Evolution of Fertility Rates for Women Living in Owned Homes          

(1980-1988): Miami vs Synthetic Control Area 

 

 

Figure 2.4 (Panel B): Placebo Test: Estimated Fertility Impacts for Miami and Placebo 

Fertility Impacts for 27 Comparison MSAs. Women Living in Owned Homes 
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Notice the differential impacts that the Mariel Boatlift had on the fertility 

outcomes of homeowners and renters. While the immigration shock appears to have led 

to a short-term decline in fertility amongst renters, no such effect is produced for 

homeowners. In fact, fertility rates for home-owning women seem to have increased, on 

average, after the shock. These observations are consistent with the postulates by 

Dettling and Kearney (2014), which were earlier discussed in Section 2.2. The 

differential fertility impacts based on residential tenure suggests that the price of living 

space is a key pathway through which immigration shocks affects fertility. 

 

2.5.2.1 Placebo Tests for Inference of Fertility Impact Estimates 

The analysis presented in the previous sub-section revealed that actual fertility 

outcomes in Miami fell dramatically relative to the counterfactual outcomes predicted 

by the synthetic control in 1983 and 1986. Since the fertility trends exhibited by the 

synthetic control represent the counterfactual fertility path for Miami in the alternative 

world where the Boatlift did not occur, it may be inferred that the immigration shock 

led to a short-term decline in contemporaneous fertility during these years.  

However, it would be sensible to suspect that these results may have been driven 

entirely by chance. Indeed, it is possible that the divergences may have occurred simply 

because of the inability of the synthetic control method to reproduce the counterfactual 

fertility paths for Miami in the post-treatment period. If this is true, then the estimated 

treatment effects would be biased
47

. In order to test if the estimates are statistically 

significant, a series of placebo tests are performed. This involves applying the synthetic 

control method to each of the 27 metropolitan areas in the donor pool (i.e. metropolitan 

areas which were unaffected  by the Mariel Boatlift in 1980) to see if the placebo effects 

generated for 1983 and 1986 for each metropolitan area are as large as the one obtained 

for Miami. In effect, what we want to know is whether we would see a negative fertility 

effect in 1983 and 1986 that is as large as the one seen for Miami if we happen to pick 

at random another metropolitan area for the study rather than Miami. If the placebo 

studies yield placebo treatment effects that are as large as the ones estimated for Miami, 

then this indicates that the analysis fails to provide sufficient evidence for the Mariel 

Boatlift having a temporary negative effect on fertility in Miami during these two years. 

                                                           
47

 Furthermore, because micro-level survey data were employed to construct MSA-level fertility rates, 

any differences in the evolution of outcomes might be reflecting the additional source of uncertainty from 

sampling errors as opposed to true causal effects of the Boatlift.   
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On the other hand, if the placebo studies show that the treatment effects for Miami are 

unusually large relative to the placebo treatment effects estimated for the other 

metropolitan areas, then we can be more confident that the estimated treatment effects 

for Miami are not simply artefacts of chance, but that they instead, represent some real 

fertility impacts occurring in Miami during these periods, possibly driven by the 

Boatlift. Essentially, the placebo studies allow one to compare the magnitude of the 

treatment effects for Miami vis-a-vis the placebo effects for the unaffected metropolitan 

areas and thereby determine if the treatment effects for Miami are large and rare enough 

so that one can be confident about rejecting a hypothesis of null treatment effects.  

As mentioned in Section 2.5.1, I construct a synthetic control unit iteratively for 

each of the 27 metropolitan areas in the donor pool and proceed as if each had been 

affected by the Mariel immigration shock in 1980. As with the case for Miami, the pre-

treatment period is taken to be 1973-1981 and the post-treatment period is taken to be 

1982-1988. I then measure the differences in outcomes between each metropolitan area 

and its synthetic control for each year, over the entire period 1973-1988. The 

differences in outcomes, or gaps, as I shall call them, in each of the post-treatment years 

represent the placebo treatment effects for each year. Of course, this procedure is also 

done for Miami in order to derive the actual treatment effects for each year. Such an 

iterative procedure therefore provides me with a distribution of 1 treatment and 27 

placebo effects.  

The results of the placebo test are presented in Figure 2.2 (Panel B). Each grey 

line in the figure traces the yearly differences in fertility rates between each 

metropolitan area in the donor pool and its synthetic counterpart over the period 1973-

1988. The red line denotes the estimated yearly differences for the case of Miami. As 

can be seen from the diagram, the estimated gap for Miami during the years 1982-1983 

and 1985-1986 are large relative to those estimated for the other metropolitan areas in 

the donor pool. To reduce the subjectivity of this interpretation based on simple visual 

identification, I additionally conduct a more formal test of the significance of the 

treatment effect estimates as suggested in Bohn et al. (2013). This involves comparing 

the actual treatment effect estimates for 1983 and 1986 to the complete distribution of 

the other 27 placebo effect estimates to determine if the treatment effect estimates for 

1983 and 1986 are indeed much more negative than the placebo estimates. A simple p-

value for the one-tailed test of the likelihood of observing an estimate at least as 

negative as that for Miami can be computed for 1983 and 1986 by taking the rank of the 
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estimates obtained for Miami and dividing this by 28 (since there are 27 placebo 

estimates and 1 treatment estimate). The estimate which is most negative receives a rank 

of 1. The second most negative estimate receives a rank of 2 and so on. The p-value 

from the test is therefore bounded from below by 0.036 (i.e. 1/28). The lower the p-

value for the treatment effect estimate, the more statistically significant the estimate is 

since it implies that there is a low probability of obtaining placebo effects that are as 

large as the one obtained for Miami. Panel A of Table 2.6 summarises the fertility 

impact estimates obtained for women age 15-44 during the years 1983 and 1986 and 

indicates the p-values of the likelihood of observing placebo estimates that are at least 

as negative as the ones obtained for Miami. As the results in Panel A show, the impact 

estimates obtained for Miami are the third most negative in 1983 and most negative in 

1986, yielding p-values of 0.107 (i.e. 3/28) and 0.036 respectively. This demonstrates 

that there is a low probability of obtaining gaps as large as the ones obtained for Miami 

during the years 1983 and 1986 and provides one with greater certainty that the 

estimated negative treatment effects found in these years are statistically significant.
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Table 2.6: Estimated Impact of the Mariel Boatlift on Fertility of Miami Women (Synthetic Control Method) 

 

 1983 Treatment Effect 

(taking 1973-1981 to 

be the pre-treatment 

period) 

 

 

Rank of 1983 

Treatment Effect 

Estimate 

(Rarity of Magnitude) 

 

P-value of 1983 

Treatment Effect 

Estimate 

 

1986 Treatment Effect 

(taking 1973-1981 to 

be the pre-treatment 

period) 

Rank of 1986 

Treatment Effect 

Estimate 

(Rarity of Magnitude) 

 

P-value of 1986 

Treatment Effect 

Estimate 

 

 

Panel A       

Women age 15-44 

 

-0.037 

 

2 of 28 

 

0.071 

 

-0.025 

 

1 of 28 

 

0.036 

 

 1983-1984  

Treatment Effect 

(taking 1980-1981 to 

be the pre-treatment 

period) 

 

Rank of 1983-1984 

Treatment Effect 

Estimate 

(Rarity of Magnitude) 

 

P-value of 1983-1984 

Treatment Effect 

Estimate 

 

1986 Treatment Effect  

(taking 1980-1981 to 

be the pre-treatment 

period) 

Rank of 1986 

Treatment Effect 

Estimate 

(Rarity of Magnitude) 

 

P-value of 1986 

Treatment Effect 

Estimate 

 

 

Panel B       

Women living in 

Rented Homes 

 

-0.079 

 

1 of 28 

 

0.036 

 

-0.060 

 

3 of 28 

 

0.107 

 

Panel C       

Women living in 

Owned Homes 

 

0.016 

 

11 of 28 

 

0.393 

 

-0.014 

 

9 of 28 

 

0.321 

Note: The p-value  from a one-tailed test of the likelihood of observing a treatment effect estimate at least as negative as that for Miami is bounded from below by 0.036 (i.e. 1/28).  

 

  

5
4
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Recall that I found fertility outcomes for women with rented homes to be 

negatively affected by the Mariel Boatlift. In contrast, I did not find such effects for 

women with owned homes. To test if this negative effect could be driven by chance, I 

again apply the placebo study to test the significance of my earlier fertility impact 

estimates.  

Panel B of Figure 2.3 displays the results of the placebo test with women living in 

rented homes taken to be the reference population with which fertility changes are 

analysed. Again, each of the grey lines plots the yearly differences in fertility rates 

between a specific unaffected metropolitan area and its synthetic version for the years 

1980-1988. The yearly difference in fertility rates between Miami and its synthetic 

counterpart for this period is represented by the red line. The figure makes apparent that 

the estimated differences, or gaps, for Miami during the period 1982-1984 are unusually 

large and negative relative to the distribution of the placebo gaps for the other 

metropolitan areas in the donor pool. Since the treatment effects for Miami from 1982 

to 1984 clearly lie outside the distribution of placebo effects, this provides significant 

evidence of a temporary negative impact of the Mariel Boatlift on the fertility of home-

renting women in Miami. As the figure shows, the negative impact disappeared after 

1984 when the estimated gaps for Miami returned into line with the distribution of the 

placebo estimates. Panel B of Table 2.6 presents the fertility impact estimates for 

women living in rented homes during the years 1983-1984 and 1986 and the p-values of 

the likelihood of observing placebo estimates that are at least as negative as the ones 

obtained for Miami. The 1983-1984 and 1986 year impact estimates are calculated 

based on the formula in equation (2.3), taking 1983-1984 and 1986 respectively to be 

the post-treatment years and 1980-1981 to be the pre-treatment period. The results 

indicate that the impact estimate obtained for Miami in 1983-1984 is more negative than 

any other (placebo) impact estimate, yielding the lowest possible p-value of 0.036. 

Also, the impact estimate for Miami in 1986 is the third most negative in the 

distribution, providing some evidence that the Mariel Boatlift had a negative impact on 

the fertility outcomes of home-renting women that year. 

The placebo test for the case of home-owning women is shown in Panel B of 

Figure 2.4. In contrast to the case for home-renting women, no significant negative or 

positive fertility impacts are found over the post-treatment period. Across the post-

treatment period, the estimated gaps for Miami consistently lie within the distribution of 

placebo estimates, implying that there is no evidence that the Mariel Boatlift led to any 
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changes in fertility outcomes for home-owning women in the years after the influx. The 

results in Panel C of Table 2.6 present this conclusion more formally for the selected 

post-treatment years 1983-1984 and 1986. As before, the 1983-1984 and 1986 year 

impact estimates are calculated based on the formula in equation (2.3), taking 1983-

1984 and 1986 respectively to be the post-treatment years and 1980-1981 to be the pre-

treatment period. As can be seen from their associated ranks and p-values, the impact 

estimates for 1983-1984 and 1986 are far from being the most negative (or positive) 

within the distribution of all (placebo) estimates. As such, there is no evidence to 

suggest that the Mariel Boatlift had any effect on the fertility of home-owning women 

in the selected post-treatment years.   

 

2.5.3 Estimated Impacts on Fertility Intentions 

To verify if the observed declines in fertility in 1983 and 1986 had been planned 

and to ascertain if changes in childbearing decisions were indeed made at around the 

same time as when the Mariel Boatlift occurred, I turn to consider how childbearing 

intentions among Miami women changed after the Mariel Boatlift (Schoen et al., 

1999)
48

. As with analysing changes in fertility outcomes, I construct synthetic 

comparison controls for Miami to approximate how movements in the fertility 

intentions among non-Cuban women in Miami would have evolved in the absence of 

the Mariel Boatlift.  

The Current Population Survey poses women with three specific questions in 

regards to their fertility intentions. The first is whether they expect to have more 

children in the years ahead. Women could either respond “yes”, “no”, or “uncertain” to 

this question. The second question, asked if respondents answered “yes” to the first 

question, is the number of additional children they expect to have. The final question, 

again asked if respondents answer in the affirmative to the first, is the number of 

additional children they expect to have over the next 5 years. Because these 3 questions 

were posed to women of different ages and different marital statuses over different 

years of the survey, I analyse only the responses given by married women between the 

ages 18 and 34 in order to standardise the population used for my assessment.

                                                           
48

 Schoen et al. (1999) show that individual fertility intentions are strong and consistent predictors of 

future fertility behaviour. 
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Table 2.7: Evolution of Fertility Intentions of Miami Women 

 

Panel A            

 

1973 1974 1977 1980 1981 1982 1983 1985 1986 1987 1988 

Proportion that expect additional children   0.390 0.478 0.449 0.385 0.344 0.412 0.403 0.405 0.421 0.452 0.461 

 

(0.066) (0.068) (0.080) (0.068) (0.072) (0.077) (0.075) (0.067) (0.053) (0.053) (0.057) 

 

Panel B            

 

1973 1974 1977 1980 1981 1982 1983 1985 1986 1987 1988 

Mean number of additional births expected  1.290 1.711 1.627 1.854 1.385 1.677 1.763 1.499 1.764 1.822 1.436 
 

(0.095) (0.149) (0.156) (0.171) (0.125) (0.157) (0.150) (0.127) (0.137) (0.118) (0.096) 

 

Panel C      

 

1973 1974 1977 1981 1983 

Mean number of additional births expected in the next 5 years  1.203 1.419 1.375 0.997 1.449 

 

(0.083) (0.112) (0.115) (0.110) (0.185) 

 

Notes: Standard errors of the estimated means in parentheses. Sample consists of married women age 18 to 34. Sample weights used in all computations. Data on the 

proportion of women that expect to have additional children in the years ahead and on the number of additional births expected per woman were unavailable in 1975, 

1976, 1978, 1979, and 1984. Data on the number of additional births expected per woman in the next 5 years were unavailable in 1975, 1976, 1978, 1979, 1980, 

1982, 1984, 1985, 1986, 1987, and 1988. 

5
7
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Table 2.8: Metropolitan Areas Contributing to Synthetic Controls: Fertility Intentions 

Panel A: MSA weights in synthetic Miami for analysing impact on the proportion of women expecting to have 

additional children 

 

MSA Weight 

Minneapolis - St. Paul 0.682 

Dallas 0.085 

Seattle Everett 0.233 

Panel B: MSA weights in synthetic Miami for analysing impact on the number of additional children expected per 

woman 

 

MSA Weight 

Baltimore 0.001 

Seattle Everett 0.048 

San Diego 0.068 

Denver 0.121 

Indianapolis 0.413 

New Orleans 0.103 

Portland 0.246 

Panel C: MSA weights in synthetic Miami for analysing impact on the number of additional children expected in the 

next 5 years per woman 

 

MSA Weight 

Detroit 0.347 

Pittsburgh 0.084 

Cleveland 0.108 

Houston 0.054 

San Diego 0.053 

Portland 0.354 

5
8
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We first focus our attention on analysing the evolution in the proportion of non-

Cuban married women age 18 to 34 that expect to have more children. The outcomes 

are based on a binary variable indicative of additional children expected, with the 

observation receiving a 1 if she expects to have more children in the years ahead and a 0 

if she does not or is uncertain. The entries represent the means of this binary variable for 

each metropolitan area in a year. Panel A of Table 2.7 shows how the proportion of 

women expecting to have more children in Miami has evolved through the years 1973-

1988. Data for the years 1975, 1976, 1978, 1979 and 1984 are absent because data on 

birth expectations were unavailable in these years.  

The entries in Panel A of Table 2.7 reveal that since 1974, there has been a 

declining trend in the proportion of women expecting to have additional children. Recall 

that bulk of the Mariel Boatlift occurred from May to September 1980. Also recall that 

the CPS interviews for fertility and marriage are conducted annually in June. This 

means that the earliest time in which the Mariel Boatlift could possibly have had an 

impact on birth intentions is in 1980. Due to the spread in the timing of the Mariel 

arrivals however, it is expected that any impact of the Mariel Boatlift on fertility 

intentions would only be fully experienced in 1981. Consistent with our earlier 

hypothesis regarding the impact of the Mariel Boatlift, we see that the proportion of 

women expecting to have more children declined from 44.9% in 1977 to 38.5% in 1980. 

A further fall is seen from 1980 to 1981 where this proportion falls from 38.5% to 

34.4%. However, birth intentions appear to return to levels in line with those 

experienced in the 1980s, beginning 1982. 

Figure 2.5 (Panel A) illustrates the movements in fertility intentions as measured 

by the proportion of women expecting to have additional children for Miami and the 

synthetic control over the years 1973-1988
49

. The synthetic control is constructed using 

3 metropolitan areas: Minneapolis-St. Paul, Dallas, and Seattle Everett, with 

Minneapolis-St. Paul having the largest contribution to the synthetic control (Table 2.8, 

Panel A). I include as characteristics (predictive of metropolitan-level childbearing 

intentions) of Miami to be matched in the pre-treatment period (1973-1977): the 

proportion of women in the labour force, the female unemployment rate, the male 

unemployment rate, the proportion of women in the MSA falling within each ethnic 

category, the proportion of women in each MSA falling within each family income 

                                                           
49

 The sample consists of all non-Cuban women age 18 to 34 in Miami who are married and are not 

separated from their spouses. 
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category, the proportion of women falling in each age group, as well as the proportion 

of women falling within each educational attainment category
50

. These variables have 

been found in the fertility literature to constitute the most important determinants of 

fertility intentions.  

 

Figure 2.5 (Panel A): Evolution in the Proportion of Women that Expect to Have 

Additional Children (1973-1988): Miami vs Synthetic Control Area 

 

 

 

 

 

 

 

 

                                                           
50

 In addition to the current male and female unemployment rates, I initially also included the 1 and 2-

year lagged male and female unemployment rates in the list of predictor variables. However, the inclusion 

of these lagged unemployment rates led to relatively higher mean squared prediction errors, indicating 

that these variables do not predict contemporaneous MSA-level fertility intentions well. They were 

therefore removed from the analyses. 
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Figure 2.5 (Panel B): Placebo Test: Estimated Impacts on Fertility Intentions in Miami 

and Placebo Impacts for 27 Comparison MSAs. Fertility Intentions measured by the 

Proportion of Women Expecting to have Additional Children 

 

Panel A of Table 2.9 shows that apart from the proportions in each ethnic group, 

the average values pertaining to the rest of the characteristics for the synthetic control 

match those of Miami’s. I specify as the pre-treatment period, the years 1973-1977 and 

as the post-treatment period, the years 1980-1988. Figure 2.5 (Panel A) indicates that 

the synthetic control does a good job in reproducing the actual movements in fertility 

intentions for Miami throughout the pre-treatment period. However, the trajectories for 

Miami and the synthetic control begin to diverge considerably after 1977, the year in 

my dataset which just precedes the treatment (observations for the years 1978 and 1979 

are missing). More specifically, while the proportion of women expecting to have 

additional children in Miami experienced a dramatic fall from 1977 to 1981 before 

recovering in 1982, a modest increase was observed for the synthetic control during this 

period. This divergence was rather short-lived because patterns in fertility intentions for 

Miami appear to move back into step with those of the synthetic from 1981 to 1983. 

Beginning 1983 however, while the proportion of women expecting to have more 

children stayed relatively constant in Miami through till 1985, a relatively large increase 

was documented for the synthetic control over this period. One may interpret this as 

evidence that the Mariel Boatlift depressed birth intentions so much so that the 
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proportion of women expecting to have more children in Miami did not rise as much as 

it would have had during this time. Relative to the synthetic control, the actual 

proportion of women in Miami expecting to have additional children fell by 

approximately 12.9% and 12.5% respectively during the years 1981 and 1985. Notice 

that movements in fertility intentions for Miami and the synthetic control began to move 

in opposite directions from 1985 to 1987. While the proportion of women expecting to 

have additional children fell in the synthetic control over the years 1985 to 1987, the 

proportion of women expecting to have additional children rose in Miami.  

Table 2.9: Characteristics Relevant to Predicting Fertility Intentions 

 Panel A Panel B Panel C 

 Proportion of Women 

Expecting to Have 

Additional Children 

Mean Number of 

Additional Children 

Expected 

Mean Number of 

Additional Children 

Expected in Next 5 

Years 

 Miami Synthetic Miami Synthetic Miami Synthetic 

In the Labour Force 0.558 0.494 0.530 0.543 0.530 0.528 

Non-Hispanic White 0.571 0.943 0.615 0.899 0.615 0.890 

Non-Hispanic African American 0.282 0.018 0.220 0.065 0.220 0.072 

Other Race 0.016 0.025 0.015 0.019 0.015 0.019 

Hispanic 0.131 0.015 0.150 0.017 0.150 0.018 

Family income below US$5,000 0.143 0.045 0.120 0.117 0.120 0.064 

Family income US$5,000-US$7,499 0.104 0.071 0.076 0.148 0.076 0.113 

Family income US$7,500-US$9,999 0.131 0.102 0.164 0.132 0.164 0.141 

Family income US$10,000-US$14,999 0.288 0.374 0.328 0.318 0.328 0.319 

Family income US$15,000-US$24,999 0.257 0.326 0.214 0.230 0.214 0.283 

Family income US$25,000 and up 0.077 0.083 0.098 0.055 0.098 0.080 

Current Female Unemployment Rate 0.073 0.060 0.073 0.076 0.073 0.091 

Current Male Unemployment Rate 0.063 0.046 0.063 0.051 0.063 0.055 

Age 18 0.018 0.009 0.030 0.031 0.030 0.021 

Age 19 0.043 0.028 0.026 0.095 0.026 0.084 

Age 20 0.065 0.027 0.073 0.096 0.073 0.078 

Age 21 0.030 0.057 0.025 0.063 0.025 0.053 

Age 22 0.053 0.047 0.115 0.066 0.115 0.075 

Age 23 0.080 0.056 0.097 0.105 0.097 0.095 

Age 24 0.053 0.073 0.043 0.100 0.043 0.106 

Age 25 0.036 0.073 0.076 0.093 0.076 0.109 

Age 26 0.078 0.065 0.128 0.065 0.128 0.065 

Age 27 0.107 0.065 0.127 0.089 0.127 0.081 

Age 28 0.065 0.062 0.038 0.064 0.038 0.059 

Age 29 0.085 0.062 0.085 0.060 0.085 0.069 

Age 30 0.085 0.086 0.070 0.022 0.070 0.038 

Age 31 0.044 0.091 0.000 0.025 0.000 0.021 

Age 32 0.053 0.069 0.018 0.012 0.018 0.024 

Age 33 0.064 0.076 0.026 0.006 0.026 0.014 
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Age 34 0.042 0.057 0.022 0.008 0.022 0.008 

8 or Less Years of Completed Education  0.062 0.007 0.013 0.014 0.013 0.014 

9  Years of Completed Education  0.046 0.028 0.032 0.017 0.032 0.017 

10  Years of Completed Education  0.057 0.035 0.035 0.036 0.035 0.034 

11  Years of Completed Education  0.091 0.033 0.061 0.075 0.061 0.076 

12  Years of Completed Education  0.480 0.494 0.541 0.464 0.541 0.487 

13  Years of Completed Education  0.082 0.095 0.091 0.090 0.091 0.083 

14  Years of Completed Education  0.059 0.067 0.041 0.061 0.041 0.068 

15  Years of Completed Education  0.032 0.045 0.030 0.037 0.030 0.022 

16  Years of Completed Education  0.081 0.142 0.130 0.145 0.130 0.132 

17  Years of Completed Education  0.006 0.031 0.013 0.030 0.013 0.039 

18  Years of Completed Education  0.006 0.024 0.013 0.032 0.013 0.027 

Notes: The values of the predictor variables are averaged over the entire pre-treatment period, 1973-1979. Apart from unemployment rates, all figures are 

proportions.  

 

The trends in fertility intentions support the hypothesis that the Mariel Boatlift led 

to the observed dips in fertility which occurred in Miami during 1983 and 1986. In other 

words, the observed declines in fertility were planned. The relative decline in the 

proportion of Miami women expecting to have additional children in 1980-1981 and in 

1983-1985 is consistent with the actual declines in fertility outcomes in Miami from 

1982 to 1983 and from 1985 to 1986, providing support for the view that the Mariel 

Boatlift had a negative causal impact on short-run fertility outcomes in Miami. Because 

the immigration shock seems to have altered fertility intentions only temporarily, with 

the proportion of women expecting to have additional children rising above predicted 

levels after each decline, this possibly explains why the Mariel Boatlift appears to have 

impacted actual native fertility outcomes only very briefly. In both cases, the desire to 

play “catch up” on the lost births may explain why fertility intentions and outcomes 

increased in the periods after the observed declines in fertility.  

 The average treatment effect on fertility intentions is calculated from equation 

(2.3) by redefining           to be the average proportion of women in Miami expecting 

to have additional children in the post-treatment period (i.e. 1980-1988);          to be 

the average proportion of women in Miami expecting to have additional children in the 

pre-treatment period (i.e. 1973-1977);            to be the average proportion of women 

in “synthetic Miami” expecting to have additional children in the post-treatment period; 

and            to be the average proportion of women in “synthetic Miami” expecting to 

have additional children in the pre-treatment period. The estimated average treatment 

effect indicates that the Mariel Boatlift resulted in a 6.6% reduction in the proportion of 

women that expected to have additional children.  
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 In order to check that the decline in fertility intentions in 1981 was not merely 

an artefact of coincidence, I also analyse how the mean number of additional births 

expected per woman in Miami changed following the Mariel Boatlift. Panel B of Table 

2.7 presents the mean number of additional births expected by married women age 18 to 

34
51

 in Miami across the years 1973 to 1988
52

. We would like to know if the average 

number of additional children expected by Miami women changed significantly after 

the Boatlift. As the entries in the table indicate, the mean number of additional births 

expected was relatively constant from 1974 to 1980 (after experiencing a large increase 

from 1973 to 1974), experienced a large decline from 1.85 births per woman in 1980 to 

only 1.38 births per woman in 1981, before returning to values similar to those in the 

1970s in 1982. The mean number of expected births fell again from 1983 to 1985 before 

rising in 1986.  

Of course, we cannot attribute the sharp decline in fertility expectations in 1981 

and 1985 to the Mariel Boatlift unless we know how fertility expectations would have 

evolved in the absence of the Boatlift. We therefore use the synthetic control method to 

eliminate possible confounding effects.  Figure 2.6 (Panel A) shows the evolution of the 

mean number of expected additional births for Miami and the synthetic control over the 

years 1973-1988. The synthetic control is constructed using a weighted combination of 

7 metropolitan areas: Baltimore, Seattle Everett, San Diego, Denver, Indianapolis, New 

Orleans, and Portland (Table 2.8, Panel B). The set of characteristics specified for the 

matching process is identical to the one specified for the proportion of women expecting 

to have additional children. Panel B of Table 2.9 shows that apart from the proportion of 

women belonging to each ethnic category and the proportion of women falling in 

certain age groups, the average values for the rest of the characteristics for Miami over 

the pre-treatment period (1973-1977) are matched by those for the synthetic. Figure 2.6 

(Panel A) shows that fertility expectations, as measured by the number of additional 

children expected per woman, for Miami and its synthetic follow very similar paths 

from 1973 to 1977. However, both paths seem to diverge significantly after 1977. More 

precisely, the mean number of births expected by women in Miami increased relative to 

its synthetic in 1980 before experiencing a sharp relative decrease the following year. 

Fertility expectations diverged again from 1983 to 1985: While fertility expectations in 

Miami fell during this period, the mean number of additional children expected by 

                                                           
51

 The sample used to construct the entries consist of married women age 18 to 34 who are not separated 

from their spouses and who indicated that they expect to have more children in the years ahead.  
52

 Data for the years 1975, 1976, 1978, 1979, and 1984 were unavailable.  
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women in the synthetic control rose modestly. Relative to the synthetic control, the 

mean number of additional children expected by women in Miami fell by 30.1% and 

25.8% respectively in 1981 and 1985. Beginning 1986 however, the paths for Miami 

and the synthetic control return to step.  

 

Figure 2.6 (Panel A): Evolution in the Number of Additional Children Expected per 

Woman (1973-1988): Miami vs Synthetic Control Area
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Figure 2.6 (Panel B): Placebo Test: Estimated Impacts on Fertility Intentions in Miami 

and Placebo Impacts for 27 Comparison MSAs. Fertility Intentions measured by the 

Mean Number of Additional Children Expected 

 

The divergence in paths between Miami and the synthetic control from 1977 to 

1980 is particularly queer. Interpreted plainly, it implies that the Mariel Boatlift may 

have initially had a positive impact on the fertility expectations of women in Miami. 

However, another possibility is that this may have resulted due to the lack of data 

pertaining to fertility expectations in 1978 and 1979, masking trends that would 

otherwise have accounted for the observed relative increase for Miami from 1977 to 

1980. The relative decline in fertility expectations among Miami women in 1981 and 

1985 (and the subsequent increases in 1982 and 1986) suggests that the Mariel Boatlift 

had a short-term negative impact on childbearing intentions. It also suggests that the 

observed fertility reductions experienced in Miami in 1983 and 1986 had been planned, 

since the actual fertility outcomes changed in accordance with the reductions in fertility 

expectations.  

The robustness of this interpretation is tested by analysing the evolution in the 

mean number of births expected over the next 5 years by Miami women. There are 

reasons to believe that comparing changes in the mean number of births expected in the 

next 5 years provide a sharper indicator of changes in fertility expectations than by 

simply assessing the mean number of births expected in the years ahead. This is 
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because the former measures shorter-term fertility intentions, which are expected to be 

more sensitive to changes in peoples’ confidence regarding their future economic 

positions. Unfortunately, data for birth expectations over the next 5 years are limited, 

available only for the years 1973, 1974, 1977, 1981, and 1983, rendering analyses of 

adjacent year-to-year changes impossible.  

Panel C of Table 2.7 presents the mean number of additional births expected over 

the next 5 years by Miami women for the years 1973, 1974, 1977, 1981, and 1983. 

Included in the sample are all women aged 18 to 34 that are married, not separated from 

their spouses, and who indicated that they expect to have more children in the years 

ahead. The years 1973, 1974, and 1977 are taken to constitute the pre-treatment years 

while 1981 and 1983 are taken to constitute the post-treatment years. It is obvious from 

the entries in Panel C that the mean number of births expected in the next 5 years for 

Miami women experienced a very sharp decline in 1981, relative to the years before. 

However, the value of this indicator appears to return to pre-treatment levels by 1983.  

The mean number of births expected over the next 5 years is plotted for Miami 

and the synthetic control over the years 1973-1983. The synthetic Miami is constructed 

using 6 metropolitan areas: Detroit, Pittsburgh, Cleveland, Houston, San Diego, and 

Portland (Table 2.8, Panel C). As in all previous cases, apart from the proportion of 

women in each ethnic group, the average values of the other characteristics predictive of 

fertility expectations for the synthetic control in the pre-treatment period are very close 

to those of Miami’s (Table 2.9, Panel C). As shown in Figure 2.7 (Panel A), the mean 

fertility expectations for Miami and its synthetic are also remarkably close for the pre-

treatment years: 1973-1977. However, while the fertility expectations remained 

relatively constant in the synthetic throughout the years analysed, the mean number of 

additional births expected over the next 5 years for Miami women experienced a sharp 

decline in 1981, before returning to a level which was similar to the ones experienced in 

the pre-treatment years in 1983. Relative to the synthetic control, the mean number of 

additional children expected over the next 5 years by women in Miami fell by 33.2% in 

1981. This corroborates with the trends observed earlier using the mean number of 

births expected as the indicator for fertility intentions. Once again, the changes are 

consistent with the interpretation that the Mariel Boatlift had a temporary negative 

impact on the fertility intentions of women in Miami.  
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Figure 2.7 (Panel A): Evolution in the Number of Additional Children Expected in the 

next 5 Years per Woman (1973-1988): Miami vs Synthetic Control Area 

 

Figure 2.7 (Panel B): Placebo Test: Estimated Impacts on Fertility Intentions in Miami 

and Placebo Impacts for 27 Comparison MSAs. Fertility Intentions measured by the 

Mean Number of Additional Children Expected in the Next 5 Years 
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To quantify the fall in average fertility expectations in Miami after the Mariel 

Boatlift, I use equation (2.3) but redefine          to be the average number of 

additional births expected over the next 5 years for women in Miami during the post-

treatment period (i.e. 1981 and 1983);          as the average number of additional 

births expected per woman in Miami in the pre-treatment period (i.e. 1973-1977); 

           as the average number of additional births expected over the next 5 years for 

women in the synthetic control in the post-treatment period; and            as the 

average number of additional births expected per woman in the synthetic control in the 

pre-treatment period. The estimate suggests that the Boatlift led, on average, to a 10% 

reduction in the number of additional births expected per woman in Miami. The 

evidence therefore indicates that the immigration influx had a considerable impact on 

the childbearing intentions of Miami natives, although this effect was very short-lived. 

 

2.5.3.1 Placebo Tests for Inference of Fertility Intentions Impact Estimates 

As with the case for fertility outcomes, we want to evaluate the statistical 

significance of our estimated treatment effects on fertility intentions. Is there sufficient 

statistical evidence to indicate that the impact estimates are driven by the immigration 

shock rather than by chance? The significance of the treatment effect estimates are 

assessed as before using placebo tests.  

I first focus on analysing the statistical significance of the estimated treatment 

effects on the proportion of women expecting to have additional children in the years 

ahead. The results for the placebo test are displayed in Figure 2.5 (Panel B). Each of the 

27 grey lines plots the yearly difference in the proportion of women expecting to have 

additional children for a specific metropolitan area and its synthetic control over the 

years 1973-1988. The red line represents the same information for Miami. By itself, the 

red line reveals that the synthetic version of Miami predicts that the proportions of 

women expecting to have more children in Miami should have been higher than the 

actual observed proportions over the years 1981-1986, implying that the Mariel Boatlift 

may have had a negative impact on birth expectations during these years. However, 

little can be said about the significance of these year treatment effect estimates until we 

compare them to the distribution of placebo estimates. 
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Table 2.10: Estimated Impact of Mariel Boatlift on Fertility Intentions of Miami Women (Synthetic Control Method) 

 1981 Treatment Effect 

(taking 1973-1977 to 

be the pre-treatment 

period) 

 

 

Rank of 1981 

Treatment Effect 

Estimate 

(Rarity of Magnitude) 

 

P-value of 1981 

Treatment Effect 

Estimate 

 

1985 Treatment Effect 

(taking 1973-1977 to 

be the pre-treatment 

period) 

Rank of 1985 

Treatment Effect 

Estimate 

(Rarity of Magnitude) 

 

P-value of 1985 

Treatment Effect 

Estimate 

 

 

Panel A 

Proportion of Women 

Expecting to Have 

More Children 

 

-0.129 

 

 

 

 

1 of 28 

 

0.036 

 

-0.125 

 

1 of 28 

 

0.036 

Panel B 

Mean Number of 

Additional Children 

Expected 

 

-0.301 

 

 

 

 

1 of 28 

 

0.036 

 

-0.258 

 

 

4 of 28 

 

0.143 

 1981 Treatment Effect 

(taking 1973-1977 to 

be the pre-treatment 

period) 

 

 

Rank of 1981 

Treatment Effect 

Estimate 

(Rarity of Magnitude) 

 

P-value of 1981 

Treatment Effect 

Estimate 

 

   

Panel C       

Mean Number of 

Additional Children 

Expected in Next 5 

Years 

 

-0.332 

 

1 of 28 0.036    

Note: The p-value  from a one-tailed test of the likelihood of observing an impact estimate at least as negative as that for Miami is bounded from below by 0.036 (i.e. 1/28).

7
0
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Figure 2.5 (Panel B) indicates that the estimated gaps for Miami during the years 

1981 and 1985 are unusually large and negative relative to the gaps for the other 

metropolitan areas. To be sure, I construct p-values for the treatment effect estimates as 

I had done before in evaluating the significance of the treatment effect estimates for 

fertility outcomes (see sub-section 2.5.2.1). The estimates of the impacts on fertility 

intentions for the years 1981 and 1985 and their associated p-values are reported in 

Panel A of Table 2.10. The results indicate that the impact estimates obtained for Miami 

are the most negative during the years 1981 and 1985, yielding p-values of 0.036 (i.e. 

1/28). This therefore provides strong evidence that the immigration shock had a 

statistically significant negative impact on the proportion of Miami women expecting to 

have additional children in 1981 and 1985. 

 Next, I probe the significance of the estimated treatment effects on the mean 

number of additional births expected per woman. Figure 2.6 (Panel B) presents the 

results of the placebo test. Again, the red line plots the yearly difference in the mean 

number of additional children expected in Miami and its synthetic control over the years 

1973-1988 while the grey lines present the same information for each of the 27 other 

metropolitan areas. Similar to the preceding case, Figure 2.6 (Panel B) shows that the 

estimated gaps for Miami during the years 1981 and 1985 are unusually large and 

negative relative to the gaps for the other metropolitan areas over the same periods. The 

impact estimates obtained for Miami are the most negative in 1981 and fourth-most 

negative in 1985, yielding p-values of 0.036 (i.e. 1/28) and 0.143 (i.e. 4/28) respectively 

(Table 2.10, Panel B). The data therefore suggests that the immigration shock had a 

statistically significant negative impact on the mean number of births expected by 

Miami women in 1981 and a marginally significant negative impact in 1985. 

 Finally, I assess the significance of the estimated treatment effects pertaining to 

the mean number of additional births expected over the next 5 years by Miami women. 

The results for the placebo test are found in Figure 2.7 (Panel B). The figure shows 

clearly that while the estimated gap for Miami during the pre-treatment periods 1973-

1977 are small, indicating that the synthetic control method provides an excellent fit for 

fertility intentions in Miami in the years prior to the Mariel Boatlift, the estimated gap 

grew dramatically relative to the gaps for the other metropolitan areas in 1981. The 

large gap obtained for Miami in 1981 relative to the other placebo gaps provides 

significant statistical evidence that the immigration shock had a negative causal effect 

on the childbearing intentions of Miami women that year. One is able to arrive at the 
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same conclusion with the more formal inference procedure based on the associated p-

value of the impact estimate (Table 2.10, Panel C).  

 

2.6 INDIVIDUAL DIFFERENCE-IN-DIFFERENCES ANALYSIS 

The earlier analysis relied on aggregate data, albeit constructed from micro-level 

CPS data
53

. To assess the robustness of the earlier results, I additionally test for impacts 

on the fertility outcomes of Miami residents using a difference-in-differences estimator 

with inference techniques based on actual CPS micro data. 

 

2.6.1 Regression Analysis of the Impact of the Mariel Boatlift 

Similar to the synthetic control approach, the identification strategy I use here to 

identify and estimate the impact of the Mariel influx is to compare average native 

fertility outcomes in Miami, before-and-after the immigration shock, to those in 

comparable metropolitan areas that were unaffected by the shock. I conduct the 

difference-in-differences analysis using regression methods to control for differences in 

sample characteristics which may influence fertility outcomes. The primary regression 

specification used is: 

                                            

Where “    ” represents the fertility status of an individual and is measured by a 

dummy variable indicating the incidence of a birth in the last 12 months. It is coded 1 if 

the observation has had a birth in the past 12 months prior to the survey date and 0 

otherwise. “     ” is a dummy variable for years after which the Boatlift is expected 

to have an effect on fertility (i.e. the years 1982-1988) and “     ” is a dummy 

variable coded 1 if the observation is from Miami and 0 otherwise. The interaction term 

“           ” is a product of the “     ” and “     ” dummies. Hence, 

“           ” is a dummy variable equal to 1 if the observation is from Miami in 

the post-treatment period and equal to 0 otherwise.    is a vector of MSA- and 

individual-level covariates which control for other factors influencing individual-level 

fertility outcomes.    is the intercept. Finally,   represents the error term which 

captures unobserved effects influencing fertility.  

                                                           
53

 MSA-specific birth rates, fertility intentions, and MSA-specific characteristics were derived using data 

from the CPS. 
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The parameter we are really interested in is on the interaction term 

“           ” for it measures the change in average fertility in Miami due to the 

immigration influx. A statistically significant negative point estimate for this parameter, 

for example, would provide evidence that fertility outcomes in Miami were negatively 

affected by the immigration shock. The opposite is true if a positive point estimate is 

obtained.  

My estimation strategy is to begin with the simplest regression model by 

including only (a) MSA dummies and (b) year dummies in the vector  . The purpose of 

the MSA dummies is to capture systematic metropolitan area differences in fertility 

assumed to be constant over time, while the year dummies are intended to capture time 

varying effects assumed to be constant across MSAs.  

I next add additional covariates which influence fertility but which are likely to be 

exogenous with respect to individual fertility decisions and outcomes. Included in this 

expanded list of covariates are: (c) age dummies – to capture systematic age differences 

in fertility; (d) dummy variables for ethnicity and family income
54

 – intended 

respectively to capture differences in fertility due to ethnic differences and family 

incomes; (e) number of previous births by the individual – to allow for the likelihood of 

a birth occurring to an individual to change as birth parity increases; and (f) MSA-level 

male and female unemployment rates 1-year prior to the survey
55

 – to allow for the 

likelihood of a birth to vary with economic conditions
56

.  

Next, I add covariates that potentially determine fertility outcomes but which are 

at the same time possibly endogenous with respect to fertility outcomes. I add these 

variables one-by-one to the regression specification to see whether their inclusion 

changes the estimated coefficient on the “           ” interaction term in any 

considerable way. These covariates are (g) a variable indicating the level of completed 

education of an individual, and (h) a dummy variable for marital status.  

                                                           
54

 Observations fall into 1 of 4 ethnic groups: White, African American, Hispanic, or Other race. 

Observations may fall into 1 of 6 of family income (annual) categories: income of (1) under US$5,000, 

(2) US$5,000-US$7,499, (3) US$7,500-US$9,999, (4) US$10,000-US$14,999, (5) US$15,000-

US$24,999, or (6) US$25,000 and above. 
55

 Initially, I included unemployment rates in the year of the survey and unemployment rates with a 2-

year lag as explanatory variables in the regressions. However, these variables do not explain the variation 

in fertility well. In most cases, their coefficient estimates were non-significant. Because parsimonious 

models are preferred, they were therefore removed from the regressions. 
56

 An increase in male unemployment rate in an MSA is expected to lower the likelihood of a birth 

occurring in that MSA, with a lag. Theory is unclear about how the likelihood of a birth in an MSA would 

change with an increase in female unemployment rate.    
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Covariates (g) and (h) are essentially choice variables that might depend on an 

individual’s preference for having children. For example, if individuals have a 

preference for having (more) children, they may respond by choosing a lower level of 

education so as to increase their chances of fulfilling childbearing goals earlier. Also, 

since social norms might regard marriage to be a pre-requisite for family formation 

(Willis, 1999), individuals may have a higher likelihood of entering marriage if they 

have a preference for (more) children.  

Finally, I add two interaction terms: (i) an interaction term for ethnicity and 

education and an interaction term for ethnicity and marital status. 

The covariates listed in (c) to (h) are intended to account for the possibility that 

the sample characteristics and economic conditions may be markedly different within 

the same geographic area before-and-after the immigration influx and also the 

possibility that the sample characteristics and economic conditions may be different 

across geographic areas in the same year. The covariates in (c) to (h) therefore act to 

control for possible differences in sample characteristics which might affect fertility. 

The interaction terms listed in (i) are meant to account respectively for the possibility 

that the effect of education on fertility and the effect of marriage on fertility may be 

different for women of different ethnicities. Covariates (c) to (i) have been found to be 

important determinants of contemporaneous fertility in the demography literature. 

In addition, because it may be possible that fertility outcomes are only impacted 

after a delay and because the immigration shock may have had only a temporary effect 

on the fertility outcomes of Miami women (or it could have had changing consequences 

for fertility across the years after the immigration shock), I alter the regression 

specification in (2.4) by replacing the variable “           ” with separate post-

treatment Year –       interactions. This allows the impact of the shock on fertility to 

vary across the post-influx years and allows one to obtain separately – the treatment 

effects for each of the years following the Mariel Boatlift (i.e. 1982 to 1988). Again, my 

estimation strategy is to start with the simplest regression model by including only the 

MSA and year dummies as explanatory variables before adding covariates successively 

to see if the estimates of interest (i.e. the coefficient estimates on the separate post-

treatment Year-      interaction terms) change in any substantive way.  
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To correct for potential correlation in individual error terms within metropolitan 

areas, the standard errors presented in this chapter are cluster-robust at the metropolitan 

area level. 

The selection of metropolitan areas to form comparison groups which serve as 

counterfactuals for Miami in the absence of the Boatlift is done in 2 ways: Firstly, by 

applying the synthetic control method discussed in Section 2.5.1 to select and weight 

comparison units. This means that the metropolitan areas contributing to the comparison 

groups are the same as those presented in Section 2.5.2. Essentially, I first sort the 

individual-level observations by metropolitan areas, before using the weights derived 

from the synthetic control method to weigh the contributions for each observation to the 

comparison group. Secondly, by constructing a comparison group consisting of all 

metropolitan statistical areas apart from Miami. This comparison group is intended to 

capture national trends in fertility and economic conditions.  

We begin by focusing on the fertility outcomes pertaining to non-Cuban women 

of childbearing ages (women age 15 to 44). As with the synthetic control approach, the 

first control group consists of observations from St. Louis, Cleveland, Houston, San 

Diego, Tampa St. Petersburg, and Portland. I weigh each individual-level observation in 

these metropolitan areas by the weights shown in Table 2.4, Panel A so that movements 

in aggregate fertility for the synthetic resemble those for Miami in the pre-treatment 

period.  

Tables 2.11 and 2.12 present results from a variety of regressions showing the 

estimated impact of the Mariel Boatlift on the fertility of native women in Miami
57

. The 

results in Table 2.11 pertain to those derived when the comparison group is chosen 

using the synthetic control method while Table 2.12 shows the results derived when the 

comparison group is chosen such that it consists of all the other MSAs apart from 

Miami. As the results are similar for both comparison groups, I shall focus only on 

interpreting and discussing the results where the comparison group is selected using the 

synthetic control method (i.e. Table 2.11). The average treatment effects in Panels A are 

the estimated coefficients on the “           ” interaction term: Each is derived by 

running regression specification (2.4) using a different set of covariates as discussed 

earlier. Columns (1) display the estimates from running specification (2.4) with only the 
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 Since the dependent variable is binary, for each case, I run the regressions using both probit and 

ordinary least squares (OLS). However, to reduce clutter, only the OLS estimates are presented here. It is 

worth noting though that the estimates using probit are very similar to those obtained using OLS.  
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MSA and year dummy variables included in the vector of covariates  . Columns (2) 

show the estimates when the exogenous explanatory variables – namely, the dummy 

variables for age, ethnicity and family income, the number of previous births occurring 

to the individual, and the MSA male and female unemployment rates 1 year ago – are 

added to the vector Z. The estimates in columns (3) and (4) are derived by including the 

plausibly endogenous explanatory variables – namely, the number of years of 

completed education and a dummy variable for marital status – one-by-one in vector  . 

Hence, columns (3) show the estimates with only years of completed education added to 

the pool of covariates while columns (4) show the estimates when both variables – years 

of completed education and marital status – are added to the pool of covariates.  Lastly, 

columns (5) present the estimated coefficients on the “           ” interaction 

when the full set of covariates (i.e. all variables listed from (a) to (i)) are included in the 

regression. As can be seen from Panel A of Table 2.11, the estimated fertility effects 

range from zero when only the MSA and year dummies are included as explanatory 

variables to -0.30% when the full set of covariates are included in the model. The 

estimated impacts are quite similar across all the specifications where individual-level 

explanatory variables have been included in the regression (i.e. specifications in 

columns (2) to (5)). However, the coefficient estimates in all cases are not statistically 

different from zero. These conclusions do not change when all other metropolitan areas 

are taken instead to constitute the comparison group. As can be seen, the estimates in 

Panel A of Table 2.12 are very similar to those in Panel A of Table 2.11. 

  



 

77 
 

Table 2.11: Estimated Impact of Mariel Boatlift on Fertility of Women age 15-44 in 

Miami (Synthetic Control Group as Comparison) 

Panel A      

 

(1) (2) (3) (4) (5) 

Included Covariates (a)-(b) (a)-(f) (a)-(g) (a)-(h) (a)-(i) 

      Average Treatment Effect 0.000 -0.006 -0.007 -0.003 -0.003 

 

(0.011) (0.015) (0.015) (0.015) (0.015) 

      Observations 24,665 18,146 18,146 18,146 18,146 

R-Squared 0.002 0.035 0.038 0.064 0.067 

            

Panel B      

 

(1) (2) (3) (4) (5) 

Included Covariates (a)-(b) (a)-(f) (a)-(g) (a)-(h) (a)-(i) 

      Separate-Year Treatment Effects 

     1982 0.017 0.005 0.004 0.010 0.010 

 

(0.026) (0.029) (0.029) (0.028) (0.028) 

1983 -0.034* -0.046* -0.048** -0.050** -0.051** 

 

(0.019) (0.024) (0.024) (0.023) (0.023) 

1984 -0.006 -0.017 -0.018 -0.013 -0.012 

 

(0.021) (0.029) (0.029) (0.028) (0.028) 

1985 0.015 0.009 0.008 0.013 0.014 

 

(0.023) (0.025) (0.024) (0.024) (0.024) 

1986 -0.026 -0.030 -0.032* -0.031* -0.031* 

 

(0.017) (0.019) (0.019) (0.019) (0.019) 

1987 0.010 -0.009 -0.009 -0.004 -0.005 

 

(0.018) (0.022) (0.022) (0.022) (0.022) 

1988 0.021 0.011 0.009 0.015 0.016 

 

(0.018) (0.021) (0.021) (0.020) (0.020) 

      Observations 24,665 18,146 18,146 18,146 18,146 

R-Squared 0.003 0.036 0.039 0.065 0.068 

      

Notes: Sample consists of women age 15-44. The comparison group encompasses all observations from 

St. Louis, Cleveland, Houston, San Diego, Tampa St. Petersburg, and Portland. The control variables in 

column (1) include MSA and year dummies. The control variables in column (2) include MSA, year, age, 

ethnicity, and family income dummy variables as well as the number of previous births by the individual 

and MSA-level lagged male and female unemployment rates. The control variables in column (3) include 

all the control variables in column (2) plus the level of completed education of an individual. The control 

variables in column (4) include all the control variables in column (3) plus a dummy variable for marital 

status. The control variables in column (5) include all the control variables in column (4) plus an 

interaction term for ethnicity and education and an interaction term for ethnicity and marital status. 

Sample weights are used in all regressions. All specifications are estimated by OLS. Standard errors in 

parentheses are robust to arbitrary correlations in individual error terms within MSAs. *** denotes a 

coefficient significant at the 1% level, ** denotes a coefficient significant at the 5% level, * denotes a 

coefficient significant at the 10% level. 
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Table 2.12: Estimated Impact of Mariel Boatlift on Fertility of Women age 15-44 in 

Miami (All other MSAs as Comparison) 

Panel A      

 

(1) (2) (3) (4) (5) 

Included Covariates (a)-(b) (a)-(f) (a)-(g) (a)-(h) (a)-(i) 

 

     

Average Treatment Effect -0.006 -0.013 -0.013 -0.011 -0.011 

 

(0.010) (0.013) (0.013) (0.013) (0.013) 

 

     

Observations 166,062 120,807 120,807 120,807 120,807 

R-Squared 0.001 0.032 0.032 0.066 0.068 

      

Panel B      

 (1) (2) (3) (4) (5) 

Included Covariates (a)-(b) (a)-(f) (a)-(g) (a)-(h) (a)-(i) 

      

Separate-Year Treatment Effects      

1982 0.013 0.000 0.000 0.004 0.004 

 (0.024) (0.027) (0.027) (0.026) (0.026) 

1983 -0.037** -0.048** -0.049** -0.053*** -0.053*** 

 (0.017) (0.019) (0.019) (0.019) (0.019) 

1984 -0.007 -0.013 -0.014 -0.011 -0.011 

 (0.019) (0.023) (0.023) (0.022) (0.022) 

1985 0.014 0.004 0.005 0.008 0.008 

 (0.021) (0.023) (0.023) (0.023) (0.023) 

1986 -0.025* -0.027 -0.028* -0.027* -0.029* 

 (0.014) (0.017) (0.017) (0.016) (0.016) 

1987 -0.006 -0.011 -0.011 -0.007 -0.009 

 (0.016) (0.019) (0.019) (0.019) (0.018) 

1988 0.007 0.002 0.002 0.007 0.007 

 (0.016) (0.019) (0.019) (0.019) (0.019) 

      

Observations 166,062 120,807 120,807 120,807 120,807 

R-Squared 0.001 0.032 0.033 0.067 0.068 

 

Notes: Sample consists of women age 15-44. The comparison group encompasses observations from all 

identified metropolitan areas excluding Miami. The control variables in column (1) include MSA and 

year dummies. The control variables in column (2) include MSA, year, age, ethnicity, and family income 

dummy variables as well as the number of previous births by the individual and MSA-level lagged male 

and female unemployment rates. The control variables in column (3) include all the control variables in 

column (2) plus the level of completed education of an individual. The control variables in column (4) 

include all the control variables in column (3) plus a dummy variable for marital status. The control 

variables in column (5) include all the control variables in column (4) plus an interaction term for 

ethnicity and education and an interaction term for ethnicity and marital status. Sample weights are used 

in all regressions. All specifications are estimated by OLS. Standard errors in parentheses are robust to 

arbitrary correlations in individual error terms within MSAs. *** denotes a coefficient significant at the 

1% level, ** denotes a coefficient significant at the 5% level, * denotes a coefficient significant at the 

10% level. 
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As discussed earlier, to account for the possibility that fertility outcomes are 

impacted only after a delay or that the immigration shock might have led to changing 

consequences for fertility over the years, I run regression specification (2.4) with 

separate post-treatment Year –       interaction variables in place of the 

“           ” variable to obtain separate year-treatment effects. The results for this 

specification are shown in Panels B of Tables 2.11 and 2.12. As with deriving the 

average treatment effects, I add covariates successively and present estimates from these 

regressions. Again, because the results are not very different with either comparison 

group, I focus on discussing the results where the comparison group has been chosen 

based on the synthetic control approach (i.e. Table 2.11). The coefficient estimates in 

column (1) show the separate year treatment effects when only the MSA and year 

dummy variables are included as covariates. On the other end, column (5) presents the 

coefficient estimates on the separate year-      dummy interactions when the full set 

of covariates (a)-(i) is included in the regression. As can be seen, the estimated fertility 

impacts change little across the five columns. The estimates from the regression with 

the full set of covariates included (i.e. column (5)) suggest that the Boatlift had a 

varying impact across the 7 post-treatment years, with fertility effects varying from a 

1.0% increase in 1982 (non-significant at any conventional level) to a 5.1% decline in 

1983 (significant at the 5% level) and a 3.1% decrease in 1986 (significant at the 10% 

level) to a 1.6% increase in 1988 (non-significant at the conventional levels). However, 

of all the impact estimates, only the negative point estimates for 1983 and 1986 are 

statistically significantly different from zero. The estimated impacts for all the other 

post-treatment years, whether positive or negative, are non-significant at the 

conventional levels. As the results in Panel B of Table 2.12 show, the year-specific 

impact estimates are very similar in both magnitude and statistical significance if we 

had taken instead all other unaffected MSAs to constitute the comparison group. These 

results are in agreement with those derived earlier using the synthetic control approach, 

demonstrating that the Mariel Boatlift had a statistically significant negative causal 

impact on the fertility of Miami women in 1983 and 1986
58

.  
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 The full set of coefficient estimates for the regressions in Tables 2.11 and 2.12 can be found 

respectively in Appendix Tables 2.A1 and 2.A2. 
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2.6.2 Investigating Fertility Responses based on Differences in Residential 

Tenure 

As discussed, not everyone is expected to respond to an immigration shock in the 

same manner. Fertility responses to an immigration shock are likely to differ by 

socioeconomic characteristics. Recall that the analysis with the synthetic control 

approach revealed that an immigration shock could produce differential fertility effects 

for people that own a home and for those that do not. I therefore repeat the above 

exercise, separating women by residential tenure, in order to identify possible 

heterogeneity in the responses of home-owners and non-owners.  

Column (1) of Table 2.13 (Panel A) shows the estimated fertility impacts of the 

Mariel Boatlift on women living in rented homes in Miami. For brevity reasons, only 

the result where the selection of the comparison group is based on the synthetic control 

method and where the full set of controls (a) to (i) has been included is displayed
59

. As 

the entry indicates, fertility for this group of women fell by approximately 5.1% after 

the Mariel Boatlift, with the estimated impact being statistically significant at the 10% 

level.  

Column (1) of Table 2.13 (Panel B) presents results from the specification 

allowing for fertility impacts to vary across the 7 post-treatment years. The estimated 

effects for all the post-treatment years are negative, with magnitudes ranging from a 

1.6% decline in fertility in 1985 to a 12.5% decrease in 1983. 3 of 7 of the year 

treatment effects – namely, 1983 (significant at the 1% level), 1984 (significant at the 

1% level), and 1986 (significant at the 10% level) – are statistically significantly 

different from zero. Hence, this provides strong evidence that the Mariel Boatlift led to 

a longer-term decline in fertility outcomes among non-home owning women.  

These results are in stark contrast to the fertility changes experienced by women 

living in owned homes. Column (2) of Table 2.13 (Panel A) shows the average fertility 

impact of the Mariel Boatlift for home-owning women in Miami. As with the case of 

non-owners, only the result where the selection of the comparison group is based on the 

synthetic control method and where the full set of controls (a) to (i) has been included is 

displayed. The estimate indicates that the fertility for home-owning women in Miami 

increased by approximately 1.1%, on average, after the treatment. However, the 

estimated impact is not statistically different from zero.  
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 The results derived with the use of all other metropolitan areas forming the comparison group are 

extremely similar to the ones presented here.   
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Table 2.13: Estimated Impacts of Boatlift on Fertility of Women                            

Living in Rented and in Owned Homes  

Panel A (1) (2) (3) 

 Renters Homeowners Renters (Triple-Differences) 

Included Covariates (a)-(i) (a)-(i) (a)-(i) 

 

   

Average Treatment Effect -0.051* 0.011 -0.067* 

 
(0.028) (0.022) (0.036) 

 

   

Observations 19,125 12,562 15,345 

R-Squared 0.071 0.084 0.071 

    

Panel B 

Renters Homeowners Renters (Triple-Differences) 

Included Covariates (a)-(i) (a)-(i) (a)-(i) 

 

   

Separate-Year Treatment Effects    

1982 -0.024 0.047 -0.069 

 
(0.045) (0.038) (0.060) 

1983 -0.125*** -0.014 -0.121** 

 
(0.032) (0.034) (0.048) 

1984 -0.105*** 0.039 -0.139*** 

 
(0.039) (0.040) (0.053) 

1985 -0.016 -0.002 -0.003 

 
(0.042) (0.029) (0.053) 

1986 -0.063* -0.011 -0.071 

 
(0.033) (0.027) (0.045) 

1987 -0.051 0.015 -0.062 

 
(0.035) (0.030) (0.047) 

1988 -0.023 0.007 -0.041 

 
(0.035) (0.029) (0.047) 

 

   

Observations 19,125 12,562 15,345 

R-Squared 0.073 0.085 0.074 

    

Notes: For column (1), sample consists of women age 15-44 living in rented homes. The comparison 

group encompasses all observations from New York, Los Angeles, Baltimore, Houston, Dallas, 

Indianapolis, and New Orleans. For column (2), sample consists of women age 15-44 living in owned 

homes. The comparison group encompasses all observations from New York, Philadelphia, and Tampa 

St. Petersburg. For column (3), sample consists of women age 15-44. The comparison group encompasses 

all observations from St. Louis, Cleveland, Houston, San Diego, Tampa St. Petersburg, and Portland. In 

all regressions, we include as control variables: MSA, year, age, ethnicity, marital status and family 

income dummy variables as well as the number of previous births by an individual, the MSA-level lagged 

male and female unemployment rates, the level of completed education of an individual, an interaction 

term for ethnicity and education and an interaction term for ethnicity and marital status. Sample weights 

are used in all regressions. All specifications are estimated by OLS. Standard errors in parentheses are 

robust to arbitrary correlations in individual error terms within MSAs. *** denotes a coefficient 

significant at the 1% level, ** denotes a coefficient significant at the 5% level, * denotes a coefficient 

significant at the 10% level.  
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Column (2) of Table 2.13 (Panel B) displays estimates of the separate-year 

fertility effects for each of the post-treatment years 1982-1988. On their own, the point 

estimates suggest that the Mariel Boatlift may have had varying impacts on the fertility 

outcomes of home-owning women throughout the post-treatment years. The impacts are 

negative in 1983, 1985 and 1986 but positive in 1982, 1984, 1987 and 1988. This said, 

none of the estimated impacts are statistically significant at the conventional levels. 

There is therefore little evidence to suggest that the Mariel Boatlift affected the fertility 

outcomes of home-owning women in Miami in any considerable way.  

I put the conclusions arising from the above analyses to a further test by re-

specifying my difference-in-differences model to account for potentially confounding 

trends which may be driving the observed negative fertility effect for home-renting 

women relative to home-owning women. The new specification is: 

                                              

                                        

                  

Where “      ” is a dummy variable coded 1 if the observation lives in a rented 

home and coded 0 otherwise. As before, “     ” is a dummy variable coded 1 if the 

observation lives in Miami and 0 otherwise. Also, “     ” represents a dummy 

variable for the post-treatment period. It is equal to 1 if the observation is from the years 

1982-1988 and 0 otherwise. “            ” is obtained by interacting the 

“     ” and “      ” dummies.  “            ” is obtained by interacting 

the “     ” and “      ” dummies. “                  ” is a dummy 

variable obtained by interacting the three dummy variables: “     ”, “     ”, and 

“      ”. Observations from Miami in the post-treatment period that live in rented 

homes receive a 1 for this triple interaction term. All other observations receive a 0 for 

this variable.   is the vector of covariates as defined before. The coefficient of interest 

is now the one on the triple interaction term “                  ”,   .    

measures the impact of the Mariel Boatlift on the fertility outcomes of Miami women 

living in rented homes after netting out changes in the fertility of home-renting women 

across MSAs (which are not due to the immigration shock) as well as changes in the 

fertility of all women living in Miami (whether renters or homeowners – which are 

possibly due to changes in county-level policies or economic conditions that affect the 

fertility of all women in Miami). Hence, the estimates resulting from this difference-in-
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difference-in-differences specification provides a more robust estimate of the fertility 

impact of the Mariel Boatlift on Miami women living in rented homes than the one 

provided by the earlier analysis.   

Column (3) of Table 2.13 (Panel A) displays the fertility impact estimate for 

home-renting women using the triple-differences specification. The MSAs constituting 

the control group are chosen based on the synthetic control method where the reference 

population for analysing fertility outcomes are women age 15-44 (see Panel A of Table 

2.4). The impact estimate – derived by running specification (2.5) with the full set of 

controls (i.e. covariates (a) to (i)) included in the regression – indicates that the fertility 

of home-renting women fell by approximately 6.7% as a result of the immigration 

shock. The estimated impact is statistically significant at the 10% level and is only 

slightly larger than the one derived earlier using only the sample of home-renters.  

I also allow for a specification where the treatment effects for home-renters are 

able to vary across the post-treatment years. This is done by replacing the variables 

“           ” and “                  ” in equation (2.5) respectively with 

separate post-treatment Year –       interaction variables and separate post-treatment 

Year –       –        interaction variables. The estimated fertility impacts for 

each of the post-treatment years are given by the coefficients on the post-treatment Year 

–       –        interaction terms.  

The year-specific fertility impact estimates for home-renting women in Miami are 

displayed in column (3) of Table 2.13 (Panel B). Again, the impact point estimates 

across all post-treatment years are consistently negative and they suggest that the 

negative fertility effects of the Mariel Boatlift for home-renters were largest during the 

years 1983 (where the estimated fertility impact is -12.1%) and 1984 (where the 

estimated fertility impact is -13.9%). Both these year treatment effect estimates are 

statistically significant at least at the 5% level. Whilst the rest of the year treatment 

effect estimates are negative, they are not statistically different from zero.  

The more robust analysis with the triple-differences test reaffirms the conclusion 

derived earlier: The Mariel Boatlift had a temporary but large negative effect on the 

fertility outcomes of women living in rented homes.  

All in all, the conclusions arising from the traditional difference-in-differences 

technique match quite well those that were found using the synthetic control approach. 

This reinforces the robustness of our earlier findings and conclusions.   



 

84 
 

2.7 CONCLUSION 

This chapter represents the first attempt to identify a causal relationship between 

immigration flows and native childbearing outcomes. The findings arising from this 

research will provide us with a deeper understanding of the fertility consequences 

brought about by immigration. It identifies possible channels through which individual 

childbearing decisions and outcomes may be influenced by an immigration influx. This 

will be relevant for public policy, especially for countries that are major providers of 

international refuge since governments would presumably like to know how a mass 

migration influx – initiated by, say, war, oppression, or political turmoil in the source 

countries – would affect the future fertility outcomes of their own native population. 

More importantly, the research findings will be useful for governments that have chosen 

to adopt, or are considering adopting, a strategy of relaxing immigration laws and 

encouraging both permanent and temporary migration into their territories to counter the 

problems of an ageing population – a phenomenon now common to many developed 

countries. Indeed, the findings from this research provide an indication for whether such 

manpower augmenting strategies are appropriate and the likely consequences for the 

childbearing outcomes of host country natives.  

This study uses a natural experiment, exploiting the large, unexpected and 

localised immigration of Cuban nationals to the Miami area in the United States in 1980 

in order to examine the fertility consequences for natives. The impact of the 

immigration shock is estimated by comparing the evolution of fertility outcomes for 

women living in Miami, after the shock, to those for women living in other areas of the 

United States unaffected by the Cuban immigration. This is done in two ways: Firstly, 

by applying the synthetic control estimator developed by Abadie et al. (2010) and 

assessing the significance of the impact estimates using placebo tests. Secondly, by 

applying the traditional difference-in-differences estimator and using inference 

techniques based on actual person-level data to assess the significance of the impact 

estimates. Both methods lead to the same conclusion: The immigration shock led to 

short-term declines in native childbearing in Miami during the years 1983 and 1986. 

The negative fertility impacts in both years were economically meaningful and 

statistically significant. An analysis of the childbearing intentions among Miami women 

before-and-after the immigration shock reveal the observed declines in fertility to be 

planned, with the proportion of women expecting to have additional children and the 

mean number of additional children expected per woman declining in Miami in the 
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years just preceding the actual fertility reductions. These results suggest that low-skilled 

immigration shocks have short-term implications for the fertility decisions and 

outcomes of natives. 

In addition, fertility effects are found to vary by residential tenure: While the 

immigration shock had a considerable negative impact on the fertility of women living 

in rented homes, it had practically no effect on those living in owned homes. This 

differential impact is likely due to the rise in local housing rents accompanying 

immigration, making childbearing activities less affordable for those living in rented 

homes. The differential impacts based on residential tenure suggest that the price of 

living space is a key pathway through which immigration affects native fertility. 

 

To avoid the problem of endogeneity biasing our estimates of the effect of 

immigration on fertility outcomes, this chapter employs a natural experiment. As the 

approach involves selecting a particular episode of immigration where immigration 

flows are large, unexpected, and localised to particular areas, in order to examine 

changes in fertility outcomes occurring to individuals residing in the areas subjected to 

the immigration influx, a shortcoming of this study is that the results arising from it are 

not readily generalisable to all settings and contexts. Recall that the Mariel immigration 

was largely low-skilled in nature. Hence, the results of the study may not be applicable 

to immigration flows where the majority of immigrants are skilled
60

. Future research 

can focus on developing research designs capable of producing estimates of the fertility 

impact of immigration, where results can be better generalisable. A potential method is 

the spatial correlation method, where variation in immigrant penetration across local 

areas (and possibly also, over time) is exploited to identify causal impacts
61

. The 
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 A more general discussion of the threats to external validity arising from the use of natural experiments 

can be found in Meyer (1995). In essence, results from natural experiments may not be generalisable 

across all settings because (1) the migrant group may not be representative of all immigrants, (2) the 

effect of immigration on fertility may differ across geographic and institutional settings (e.g. effects may 

be different in areas with high and with low social security systems), and (3) the effect of immigration on 

fertility may vary with the size and speed of the migration inflow.  
61

 Such a research design can potentially also allow one to identify the precise channels through which 

changes in immigration affect the fertility of natives. This can be done by employing the econometric 

strategy described in Bodvarsson and Van den Berg (2009, pp. 171). Specifically, the effect on fertility 

attributable to each channel and the overall effect on fertility due to immigration can be identified by 

estimating a set of channel equations and an overall unifying equation. For instance, suppose we believe 

that native fertility is influenced by immigration through three channels: (1) price of living space, (2) 

price of local services complementary to childbearing and, (3) natives’ perceived job / income security 

(call these channel variables). The following simultaneous equations regression model (comprising one 

unifying and three channel equations) can then be estimated:                          (i);  

                 (ii);                   (iii);                   (iv), where   is 

a measure of native fertility,   represents price of living space,   represents price of complementary 

services,   is a measure of perceived job security, and   represents a measure of immigration.  ,  ,  , 
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challenge for such a design is to find appropriate instrumental variables which are 

partially correlated with immigration penetration across geographical areas, but which 

are at the same time, exogenous to area-specific fertility outcomes.  

  

                                                                                                                                                                          
and   are vectors of other variables hypothesised to affect, respectively, native fertility, price of living 

space, price of complementary services, and perceived job security.   ,   ,   , and    are random error 

terms and   ,   ,   , and    are the intercepts. Equations (ii), (iii), and (iv) therefore represent the channel 

equations, each describing how immigration, along with other factors, influences the channel variable. 

Equation (i) represents the unifying equation, which describes how the three channel variables along with 

other factors, in turn, affect native fertility. The effect of immigration on native fertility working through 

the price of living space, the price of complementary services, and the perceived job security of natives 

are given by        ,        , and         respectively. The sum of these three effects [(   
                   ] provides one with the overall effect of immigration on native fertility. Such 

a setup allows one to determine the relative importance of each channel. For example, to calculate the 

proportion of the overall effect of immigration on fertility due to changes in the price of living space, one 

can simply divide the effect working through the price of living space by the overall fertility effect. This 

gives: 
       

[                       ]
. 
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APPENDICES TO CHAPTER 2 

Appendix Table 2.A1: Full Set of Coefficient Estimates for Table 2.11 Regressions 

Panel A 

      (1) (2) (3) (4) (5) 

Average Treatment Effect  0.000 -0.006 -0.007 -0.003 -0.003 

 
(0.011) (0.015) (0.015) (0.015) (0.015) 

Covariate 

     Non-Hispanic African American – -0.005 -0.006 0.006 0.043 

  
(0.008) (0.008) (0.008) (0.039) 

Other Race – 0.015 0.018 0.010 -0.136** 

  
(0.021) (0.021) (0.021) (0.064) 

Hispanic – 0.003 -0.008 -0.016 0.055 

  
(0.010) (0.010) (0.010) (0.036) 

Age 15 – -0.098*** -0.128*** -0.078*** -0.073*** 

  
(0.016) (0.018) (0.018) (0.018) 

Age 16 – -0.099*** -0.122*** -0.075*** -0.071*** 

  
(0.016) (0.017) (0.017) (0.017) 

Age 17 – -0.092*** -0.109*** -0.064*** -0.061*** 

  
(0.016) (0.017) (0.017) (0.017) 

Age 18 – -0.057*** -0.068*** -0.031 -0.029 

  
(0.019) (0.019) (0.019) (0.020) 

Age 19 – -0.027 -0.034 -0.003 -0.001 

  
(0.022) (0.022) (0.022) (0.022) 

Age 20 – -0.006 -0.010 0.012 0.016 

  
(0.024) (0.024) (0.024) (0.024) 

Age 21 – 0.001 -0.002 0.015 0.017 

  
(0.024) (0.024) (0.024) (0.024) 

Age 22 – -0.007 -0.009 0.005 0.007 

  
(0.022) (0.022) (0.021) (0.022) 
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Age 23 – 0.021 0.021 0.027 0.028 

  
(0.024) (0.024) (0.024) (0.024) 

Age 24 – 0.017 0.016 0.019 0.019 

  
(0.024) (0.024) (0.024) (0.024) 

Age 26 – 0.010 0.011 0.013 0.011 

  
(0.023) (0.023) (0.023) (0.023) 

Age 27 – -0.012 -0.010 -0.012 -0.010 

  
(0.022) (0.022) (0.022) (0.021) 

Age 28 – 0.014 0.015 0.011 0.012 

  
(0.024) (0.024) (0.024) (0.024) 

Age 29 – -0.028 -0.026 -0.033 -0.033 

  
(0.021) (0.021) (0.021) (0.021) 

Age 30 – 0.013 0.016 0.011 0.011 

  
(0.024) (0.024) (0.024) (0.024) 

Age 31 – -0.006 -0.002 -0.006 -0.007 

  
(0.024) (0.024) (0.024) (0.024) 

Age 32 – -0.035 -0.032 -0.038* -0.038* 

  
(0.022) (0.022) (0.022) (0.022) 

Age 33 – -0.061*** -0.057*** -0.060*** -0.061*** 

  
(0.018) (0.018) (0.018) (0.018) 

Age 34 – -0.018 -0.016 -0.020 -0.023 

  
(0.024) (0.024) (0.024) (0.024) 

Age 35 – -0.062*** -0.059*** -0.061*** -0.063*** 

  
(0.020) (0.020) (0.020) (0.020) 

Age 36 – -0.077*** -0.073*** -0.075*** -0.076*** 

  
(0.018) (0.018) (0.018) (0.018) 

Age 37 – -0.083*** -0.079*** -0.082*** -0.082*** 

  
(0.019) (0.019) (0.019) (0.019) 

Age 38 – -0.082*** -0.078*** -0.082*** -0.082*** 

  
(0.019) (0.019) (0.019) (0.019) 

Age 39 – -0.094*** -0.090*** -0.092*** -0.094*** 

8
8 

 

 



 

89 
 

  
(0.017) (0.017) (0.018) (0.018) 

Age 40 – -0.076*** -0.073*** -0.071*** -0.071*** 

  
(0.020) (0.020) (0.020) (0.020) 

Age 41 – -0.098*** -0.095*** -0.089*** -0.092*** 

  
(0.018) (0.018) (0.018) (0.018) 

Age 42 – -0.102*** -0.099*** -0.090*** -0.090*** 

  
(0.017) (0.017) (0.017) (0.017) 

Age 43 – -0.112*** -0.111*** -0.103*** -0.104*** 

  
(0.016) (0.016) (0.017) (0.017) 

Age 44 – -0.112*** -0.113*** -0.108*** -0.110*** 

  
(0.016) (0.016) (0.017) (0.017) 

$5,000 to $7,499 – -0.025 -0.023 -0.034** -0.031** 

  
(0.015) (0.015) (0.015) (0.015) 

$7,500 to $9,999 – -0.031** -0.029** -0.051*** -0.047*** 

  
(0.014) (0.014) (0.014) (0.014) 

$10,000 to $14,999 – -0.033*** -0.028** -0.047*** -0.042*** 
 

 
(0.012) (0.012) (0.012) (0.012) 

$15,000 to $24,999 – -0.031*** -0.023** -0.053*** -0.047*** 

  
(0.011) (0.011) (0.011) (0.011) 

$25,000 and above – -0.039*** -0.026** -0.068*** -0.064*** 

  
(0.011) (0.011) (0.011) (0.011) 

Male Unemployment Rate, t-1 – -0.116 -0.098 -0.073 -0.052 

  
(0.161) (0.161) (0.159) (0.159) 

Female Unemployment Rate, t-1 – -0.120 -0.120 -0.145 -0.148 

  
(0.156) (0.157) (0.155) (0.154) 

Number of Previous Births – 0.003 0.000 -0.007*** -0.007*** 

  
(0.002) (0.002) (0.003) (0.003) 

Years of Education – – -0.006*** -0.006*** -0.004*** 

   
(0.001) (0.001) (0.001) 

Married – – – 0.097*** 0.110*** 

 

  

 
(0.007) (0.007) 

– – 
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Years of Education x Non-Hispanic African American                                – – -0.001 

  

 

  
(0.003) 

Years of Education x Other Race  – – – – 0.010** 

     
(0.005) 

Years of Education x Hispanic – – – – -0.006* 

 

 

   
(0.003) 

Married x Non-Hispanic African American – – – -0.056*** 

     
(0.015) 

Married x Other Race – – – – 0.024 

     
(0.035) 

Married x Hispanic – – – – -0.014 

     
(0.017) 

Observations 24,665 18,146 18,146 18,146 18,146 

R-Squared 0.002 0.035 0.038 0.064 0.067 

      

      

(Continued) Appendix Table A1: Full Set of Coefficient Estimates for Table 2.11 Regressions 
 

     Panel B 

      (1) (2) (3) (4) (5) 

Separate-Year Treatment Effects 

     1982 0.017 0.005 0.004 0.010 0.010 

 
(0.026) (0.029) (0.029) (0.028) (0.028) 

1983 -0.034* -0.046* -0.048** -0.050** -0.051** 

 
(0.019) (0.024) (0.024) (0.023) (0.023) 

1984 -0.006 -0.017 -0.018 -0.013 -0.012 

 
(0.021) (0.029) (0.029) (0.028) (0.028) 

1985 0.015 0.009 0.008 0.013 0.014 

 
(0.023) (0.025) (0.024) (0.024) (0.024) 

1986 -0.026 -0.030 -0.032* -0.031* -0.031* 

 
(0.017) (0.019) (0.019) (0.019) (0.019) 

– 

  – 
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1987 0.010 -0.009 -0.009 -0.004 -0.005 

 
(0.018) (0.022) (0.022) (0.022) (0.022) 

1988 0.021 0.011 0.009 0.015 0.016 

 
(0.018) (0.021) (0.021) (0.020) (0.020) 

Covariate 

     Non-Hispanic African American – -0.006 -0.006 0.006 0.046 

  
(0.008) (0.008) (0.008) (0.039) 

Other Race – 0.015 0.017 0.010 -0.134** 

  
(0.021) (0.021) (0.021) (0.064) 

Hispanic – 0.002 -0.008 -0.017* 0.055 

  
(0.010) (0.010) (0.010) (0.036) 

Age 15 – -0.099*** -0.128*** -0.078*** -0.073*** 

  
(0.016) (0.018) (0.018) (0.018) 

Age 16 – -0.099*** -0.122*** -0.075*** -0.070*** 

  
(0.016) (0.017) (0.017) (0.017) 

Age 17 – -0.092*** -0.109*** -0.064*** -0.061*** 
 

 
(0.016) (0.017) (0.017) (0.017) 

Age 18 – -0.056*** -0.068*** -0.030 -0.028 

  
(0.019) (0.019) (0.020) (0.020) 

Age 19 – -0.027 -0.034 -0.003 0.000 

  
(0.022) (0.022) (0.022) (0.022) 

Age 20 – -0.007 -0.011 0.011 0.015 

  
(0.024) (0.024) (0.024) (0.024) 

Age 21 – 0.001 -0.002 0.016 0.018 

  
(0.024) (0.024) (0.024) (0.024) 

Age 22 – -0.007 -0.009 0.005 0.008 

  
(0.022) (0.022) (0.021) (0.022) 

Age 23 – 0.021 0.020 0.027 0.028 

  
(0.024) (0.024) (0.024) (0.024) 

Age 24 – 0.017 0.016 0.019 0.019 

  
(0.024) (0.024) (0.024) (0.024) 
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Age 26 – 0.010 0.011 0.013 0.011 

  
(0.023) (0.023) (0.023) (0.022) 

Age 27 – -0.012 -0.010 -0.012 -0.010 

  
(0.022) (0.022) (0.022) (0.022) 

Age 28 – 0.014 0.016 0.012 0.012 

  
(0.024) (0.024) (0.024) (0.024) 

Age 29 – -0.029 -0.026 -0.033 -0.034 

  
(0.021) (0.021) (0.021) (0.021) 

Age 30 – 0.013 0.016 0.010 0.011 

  
(0.024) (0.024) (0.024) (0.024) 

Age 31 – -0.006 -0.002 -0.006 -0.006 

  
(0.024) (0.024) (0.024) (0.024) 

Age 32 – -0.035 -0.032 -0.039* -0.039* 

  
(0.022) (0.022) (0.022) (0.022) 

Age 33 – -0.061*** -0.058*** -0.061*** -0.062*** 

  
(0.018) (0.018) (0.018) (0.018) 

Age 34 – -0.018 -0.016 -0.020 -0.023 

  
(0.024) (0.024) (0.024) (0.024) 

Age 35 – -0.062*** -0.059*** -0.061*** -0.063*** 

  
(0.020) (0.020) (0.020) (0.020) 

Age 36 – -0.077*** -0.073*** -0.075*** -0.076*** 

  
(0.018) (0.018) (0.018) (0.018) 

Age 37 – -0.083*** -0.079*** -0.082*** -0.082*** 

  
(0.019) (0.019) (0.019) (0.019) 

Age 38 – -0.082*** -0.077*** -0.081*** -0.082*** 

  
(0.019) (0.019) (0.019) (0.019) 

Age 39 – -0.095*** -0.091*** -0.093*** -0.095*** 

  
(0.018) (0.017) (0.018) (0.018) 

Age 40 – -0.076*** -0.072*** -0.070*** -0.071*** 

  
(0.020) (0.020) (0.020) (0.020) 

Age 41 – -0.097*** -0.095*** -0.088*** -0.091*** 
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(0.018) (0.018) (0.018) (0.018) 

Age 42 – -0.103*** -0.100*** -0.091*** -0.091*** 

  
(0.017) (0.017) (0.017) (0.017) 

Age 43 – -0.112*** -0.111*** -0.103*** -0.104*** 

  
(0.016) (0.016) (0.017) (0.017) 

Age 44 – -0.112*** -0.113*** -0.108*** -0.110*** 

  
(0.016) (0.017) (0.017) (0.017) 

$5,000 to $7,499 – -0.024 -0.022 -0.033** -0.031** 

  
(0.015) (0.015) (0.015) (0.015) 

$7,500 to $9,999 – -0.031** -0.029** -0.051*** -0.046*** 

  
(0.014) (0.014) (0.014) (0.014) 

$10,000 to $14,999 – -0.033*** -0.028** -0.047*** -0.041*** 

  
(0.012) (0.012) (0.012) (0.012) 

$15,000 to $24,999 – -0.031*** -0.023** -0.053*** -0.047*** 

  
(0.011) (0.011) (0.011) (0.011) 

$25,000 and above – -0.039*** -0.026** -0.068*** -0.064*** 
 

 
(0.011) (0.011) (0.011) (0.011) 

Male Unemployment Rate, t-1 – -0.229 -0.207 -0.181 -0.170 

  
(0.182) (0.182) (0.179) (0.179) 

Female Unemployment Rate, t-1 – 0.104 0.104 0.099 0.094 

  
(0.185) (0.185) (0.182) (0.182) 

Number of Previous Births – 0.003 0.000 -0.007*** -0.007*** 

  
(0.002) (0.002) (0.002) (0.002) 

Years of Education – – -0.006*** -0.006*** -0.004*** 

   
(0.001) (0.001) (0.001) 

Married – – – 0.098*** 0.110*** 

 

  

 
(0.007) (0.007) 

Years of Education x Non-Hispanic African American – – -0.001 

     
(0.003) 

Years of Education x Other Race  – – – – 0.010** 

  

 

  
(0.005) 

– – 
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Years of Education x Hispanic – – – – -0.006* 

  

 

  
(0.003) 

Married x Non-Hispanic African American – – – -0.057*** 

     
(0.015) 

Married x Other Race – – – – 0.024 

     
(0.036) 

Married x Hispanic – – – – -0.014 

     
(0.017) 

Observations 24,665 18,146 18,146 18,146 18,146 

R-Squared 0.003 0.036 0.039 0.065 0.068 

      Notes: Sample consists of women age 15-44. The comparison group encompasses all observations from St. Louis, Cleveland, Houston, San Diego, Tampa St. 

Petersburg, and Portland. Sample weights are used in all regressions. All specifications are estimated by OLS. Standard errors in parentheses are robust to arbitrary 

correlations in individual error terms within MSAs. The dependent variable is whether or not an individual has had a birth in the last 12 months. Ethnicity is 

represented by 4 indicator variables – non-Hispanic White; non-Hispanic African American; Other race; and Hispanic (with non-Hispanic White as the base group). 

Age is represented by 30 dummies – one for every age (with age 25 as the base category), Family income is represented by 6 indicator variables – less than $5,000; 

$5,000 to $7,499; $7,500 to $9,999; $10,000 to $14,999; $15,000 to $24,999; and $25,000 and above (with less than US$5,000 per annum as the base category). 

Marital status is represented by a dichotomous variable – either currently married or not. MSA and Year dummies are included in all regressions.  *** denotes a 

coefficient significant at the 1% level, ** denotes a coefficient significant at the 5% level, * denotes a coefficient significant at the 10% level.  
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Appendix Table 2.A2: Full Set of Coefficient Estimates for Table 2.12 Regressions 

Panel A 

      (1) (2) (3) (4) (5) 

Average Treatment Effect  -0.006 -0.013 -0.013 -0.011 -0.011 

 
(0.010) (0.013) (0.013) (0.013) (0.013) 

Covariate 

     Non-Hispanic African American – 0.004* 0.004* 0.022*** 0.046*** 

  
(0.002) (0.002) (0.002) (0.011) 

Other Race – 0.022*** 0.022*** 0.013*** 0.019 

  
(0.004) (0.004) (0.004) (0.020) 

Hispanic – 0.032*** 0.025*** 0.022*** 0.078*** 

  
(0.003) (0.003) (0.003) (0.012) 

Age 15 – -0.126*** -0.143*** -0.082*** -0.079*** 

  
(0.005) (0.006) (0.005) (0.005) 

Age 16 – -0.122*** -0.136*** -0.077*** -0.074*** 

  
(0.005) (0.006) (0.005) (0.005) 

Age 17 – -0.120*** -0.130*** -0.074*** -0.072*** 

  
(0.005) (0.006) (0.005) (0.005) 

Age 18 – -0.073*** -0.080*** -0.031*** -0.030*** 

  
(0.006) (0.006) (0.006) (0.006) 

Age 19 – -0.057*** -0.062*** -0.019*** -0.018*** 

  
(0.007) (0.007) (0.007) (0.007) 

Age 20 – -0.041*** -0.045*** -0.010 -0.009 

  
(0.007) (0.007) (0.007) (0.007) 

Age 21 – -0.038*** -0.040*** -0.015** -0.014** 

  
(0.007) (0.007) (0.007) (0.007) 

Age 22 – -0.030*** -0.031*** -0.013* -0.012* 

  
(0.007) (0.007) (0.007) (0.007) 

Age 23 – -0.031*** -0.031*** -0.020*** -0.020*** 

 

 

(0.007) (0.007) (0.007) (0.007) 
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Age 24 – -0.019*** -0.020*** -0.013* -0.013* 

  
(0.007) (0.007) (0.007) (0.007) 

Age 26 – -0.009 -0.009 -0.010 -0.011 

  
(0.007) (0.007) (0.007) (0.007) 

Age 27 – -0.013* -0.012* -0.016** -0.016** 

  
(0.007) (0.007) (0.007) (0.007) 

Age 28 – -0.018** -0.017** -0.022*** -0.022*** 

  
(0.007) (0.007) (0.007) (0.007) 

Age 29 – -0.017** -0.016** -0.023*** -0.023*** 

  
(0.007) (0.007) (0.007) (0.007) 

Age 30 – -0.025*** -0.024*** -0.030*** -0.031*** 

  
(0.007) (0.007) (0.007) (0.007) 

Age 31 – -0.043*** -0.041*** -0.046*** -0.047*** 
 

 
(0.007) (0.007) (0.007) (0.007) 

Age 32 – -0.049*** -0.047*** -0.053*** -0.054*** 

  
(0.007) (0.007) (0.007) (0.007) 

Age 33 – -0.053*** -0.051*** -0.057*** -0.059*** 

  
(0.007) (0.007) (0.007) (0.007) 

Age 34 – -0.069*** -0.067*** -0.072*** -0.074*** 

  
(0.007) (0.007) (0.007) (0.007) 

Age 35 – -0.083*** -0.082*** -0.088*** -0.089*** 

  
(0.006) (0.006) (0.006) (0.006) 

Age 36 – -0.091*** -0.089*** -0.094*** -0.095*** 

  
(0.006) (0.006) (0.006) (0.006) 

Age 37 – -0.099*** -0.097*** -0.100*** -0.101*** 

  
(0.006) (0.006) (0.006) (0.006) 

Age 38 – -0.109*** -0.107*** -0.112*** -0.113*** 

  
(0.006) (0.006) (0.006) (0.006) 

Age 39 – -0.114*** -0.112*** -0.114*** -0.115*** 

  
(0.006) (0.006) (0.006) (0.006) 

Age 40 – -0.118*** -0.116*** -0.117*** -0.118*** 
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(0.006) (0.006) (0.006) (0.006) 

Age 41 – -0.122*** -0.120*** -0.121*** -0.122*** 

  
(0.006) (0.006) (0.006) (0.006) 

Age 42 – -0.126*** -0.125*** -0.124*** -0.125*** 

  
(0.006) (0.006) (0.006) (0.006) 

Age 43 – -0.131*** -0.130*** -0.129*** -0.130*** 

  
(0.006) (0.005) (0.005) (0.005) 

Age 44 – -0.132*** -0.131*** -0.131*** -0.132*** 

  
(0.006) (0.006) (0.006) (0.006) 

$5,000 to $7,499 – -0.002 -0.001 -0.010** -0.009** 

  
(0.004) (0.004) (0.004) (0.004) 

$7,500 to $9,999 – -0.003 -0.002 -0.020*** -0.018*** 

  
(0.005) (0.005) (0.004) (0.004) 

$10,000 to $14,999 – -0.012*** -0.010*** -0.036*** -0.034*** 

 

 
(0.004) (0.004) (0.004) (0.004) 

$15,000 to $24,999 – -0.017*** -0.013*** -0.049*** -0.046*** 

  
(0.003) (0.003) (0.003) (0.003) 

$25,000 and above – -0.017*** -0.011*** -0.060*** -0.058*** 

  
(0.003) (0.003) (0.003) (0.003) 

Male Unemployment Rate, t-1 – -0.074 -0.074 -0.073 -0.074 

  
(0.046) (0.046) (0.045) (0.045) 

Female Unemployment Rate, t-1 – 0.047 0.049 0.024 0.021 

  
(0.047) (0.047) (0.047) (0.047) 

Number of Previous Births – 0.004*** 0.002** -0.006*** -0.006*** 

  
(0.001) (0.001) (0.001) (0.001) 

Years of Education – – -0.003*** -0.002*** -0.001*** 

   
(0.000) (0.000) (0.000) 

Married – – – 0.115*** 0.121*** 

 

 

  
(0.002) (0.002) 

Years of Education x Non-Hispanic African American – – – -0.001 

 

 

   
(0.001) 

– 
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Years of Education x Other Race  – – – – -0.002 

     
(0.002) 

Years of Education x Hispanic – – – – -0.005*** 

     
(0.001) 

Married x Non-Hispanic African American – – – – -0.044*** 

     
(0.005) 

Married x Other Race – – – – 0.024*** 

     
(0.008) 

Married x Hispanic – – – – -0.008 

     
(0.006) 

Observations 166,062 120,807 120,807 120,807 120,807 

R-Squared 0.001 0.032 0.032 0.066 0.068 

      
 

     (Continued) Appendix Table A2: Full Set of Coefficient Estimates for Table 2.12 Regressions 

      Panel B 

      (1) (2) (3) (4) (5) 

Separate-Year Treatment Effects 

     1982 0.013 0.000 0.000 0.004 0.004 

 
(0.024) (0.027) (0.027) (0.026) (0.026) 

1983 -0.037** -0.048** -0.049** -0.053*** -0.053*** 

 
(0.017) (0.019) (0.019) (0.019) (0.019) 

1984 -0.007 -0.013 -0.014 -0.011 -0.011 

 
(0.019) (0.023) (0.023) (0.022) (0.022) 

1985 0.014 0.004 0.005 0.008 0.008 

 
(0.021) (0.023) (0.023) (0.023) (0.023) 

1986 -0.025* -0.027 -0.028* -0.027* -0.029* 

 
(0.014) (0.017) (0.017) (0.016) (0.016) 

1987 -0.006 -0.011 -0.011 -0.007 -0.009 

 
(0.016) (0.019) (0.019) (0.019) (0.018) 
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1988 0.007 0.002 0.002 0.007 0.007 

 
(0.016) (0.019) (0.019) (0.019) (0.019) 

Covariate 

     Non-Hispanic African American – 0.004* 0.004* 0.022*** 0.046*** 

  
(0.002) (0.002) (0.002) (0.011) 

Other Race – 0.022*** 0.022*** 0.013*** 0.019 

  
(0.004) (0.004) (0.004) (0.020) 

Hispanic – 0.032*** 0.025*** 0.022*** 0.078*** 

  
(0.003) (0.003) (0.003) (0.012) 

Age 15 – -0.126*** -0.143*** -0.082*** -0.079*** 

  
(0.005) (0.006) (0.005) (0.005) 

Age 16 – -0.122*** -0.136*** -0.077*** -0.074*** 

  
(0.005) (0.006) (0.005) (0.005) 

Age 17 – -0.120*** -0.130*** -0.074*** -0.072*** 
 

 
(0.005) (0.006) (0.005) (0.005) 

Age 18 – -0.073*** -0.080*** -0.031*** -0.030*** 

  
(0.006) (0.006) (0.006) (0.006) 

Age 19 – -0.057*** -0.062*** -0.019*** -0.018*** 

  
(0.007) (0.007) (0.007) (0.007) 

Age 20 – -0.041*** -0.045*** -0.010 -0.009 

  
(0.007) (0.007) (0.007) (0.007) 

Age 21 – -0.038*** -0.040*** -0.015** -0.014** 

  
(0.007) (0.007) (0.007) (0.007) 

Age 22 – -0.030*** -0.031*** -0.012* -0.012* 

  
(0.007) (0.007) (0.007) (0.007) 

Age 23 – -0.031*** -0.031*** -0.020*** -0.020*** 

  
(0.007) (0.007) (0.007) (0.007) 

Age 24 – -0.019*** -0.020*** -0.013* -0.013* 

  
(0.007) (0.007) (0.007) (0.007) 

Age 26 – -0.009 -0.009 -0.010 -0.011 

 

 

(0.007) (0.007) (0.007) (0.007) 

9
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Age 27 – -0.013* -0.012* -0.016** -0.016** 

  
(0.007) (0.007) (0.007) (0.007) 

Age 28 – -0.018** -0.017** -0.022*** -0.022*** 

  
(0.007) (0.007) (0.007) (0.007) 

Age 29 – -0.017** -0.016** -0.023*** -0.023*** 

  
(0.007) (0.007) (0.007) (0.007) 

Age 30 – -0.025*** -0.024*** -0.030*** -0.031*** 

  
(0.007) (0.007) (0.007) (0.007) 

Age 31 – -0.043*** -0.041*** -0.046*** -0.047*** 

  
(0.007) (0.007) (0.007) (0.007) 

Age 32 – -0.049*** -0.047*** -0.053*** -0.054*** 

  
(0.007) (0.007) (0.007) (0.007) 

Age 33 – -0.053*** -0.051*** -0.057*** -0.059*** 

  
(0.007) (0.007) (0.007) (0.007) 

Age 34 – -0.069*** -0.067*** -0.072*** -0.074*** 

  
(0.007) (0.007) (0.007) (0.007) 

Age 35 – -0.083*** -0.081*** -0.088*** -0.089*** 

  
(0.006) (0.006) (0.006) (0.006) 

Age 36 – -0.091*** -0.089*** -0.094*** -0.095*** 

  
(0.006) (0.006) (0.006) (0.006) 

Age 37 – -0.099*** -0.097*** -0.100*** -0.101*** 

  
(0.006) (0.006) (0.006) (0.006) 

Age 38 – -0.109*** -0.107*** -0.112*** -0.113*** 

  
(0.006) (0.006) (0.006) (0.006) 

Age 39 – -0.114*** -0.112*** -0.114*** -0.115*** 

  
(0.006) (0.006) (0.006) (0.006) 

Age 40 – -0.118*** -0.116*** -0.117*** -0.118*** 

  
(0.006) (0.006) (0.006) (0.006) 

Age 41 – -0.122*** -0.120*** -0.121*** -0.122*** 

  
(0.006) (0.006) (0.006) (0.006) 

Age 42 – -0.126*** -0.125*** -0.124*** -0.125*** 

1
0

0
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(0.006) (0.006) (0.006) (0.006) 

Age 43 – -0.131*** -0.130*** -0.129*** -0.130*** 

  
(0.006) (0.005) (0.005) (0.005) 

Age 44 – -0.132*** -0.131*** -0.131*** -0.132*** 

  
(0.006) (0.006) (0.006) (0.006) 

$5,000 to $7,499 – -0.002 -0.001 -0.010** -0.009** 

  
(0.004) (0.004) (0.004) (0.004) 

$7,500 to $9,999 – -0.003 -0.002 -0.020*** -0.018*** 

  
(0.005) (0.005) (0.004) (0.004) 

$10,000 to $14,999 – -0.012*** -0.010*** -0.036*** -0.034*** 

  
(0.004) (0.004) (0.004) (0.004) 

$15,000 to $24,999 – -0.017*** -0.013*** -0.049*** -0.046*** 

  
(0.003) (0.003) (0.003) (0.003) 

$25,000 and above – -0.017*** -0.011*** -0.060*** -0.058*** 

  
(0.003) (0.003) (0.003) (0.003) 

Male Unemployment Rate, t-1 – -0.082* -0.081* -0.082* -0.082* 

  
(0.047) (0.047) (0.046) (0.046) 

Female Unemployment Rate, t-1 – 0.055 0.057 0.033 0.030 

  
(0.048) (0.048) (0.048) (0.048) 

Number of Previous Births – 0.004*** 0.002** -0.006*** -0.006*** 

  
(0.001) (0.001) (0.001) (0.001) 

Years of Education – – -0.003*** -0.002*** -0.001*** 

   
(0.000) (0.000) (0.000) 

Married – – – 0.115*** 0.121*** 

 

 

  
(0.002) (0.002) 

Years of Education x Non-Hispanic African American – – – -0.001 

     
(0.001) 

Years of Education x Other Race  – – – – -0.002 

     
(0.002) 

Years of Education x Hispanic – – – – -0.005*** 

 

 

   
(0.001) 

– 

1
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Married x Non-Hispanic African American – – – – -0.044*** 

     
(0.005) 

Married x Other Race – – – – 0.024*** 

     
(0.008) 

Married x Hispanic – – – – -0.008 

     
(0.006) 

Observations 166,062 120,807 120,807 120,807 120,807 

R-Squared 0.001 0.032 0.033 0.067 0.068 

      Notes: Sample consists of women age 15-44. The comparison group encompasses observations from all identified metropolitan areas excluding Miami. Sample 

weights are used in all regressions. All specifications are estimated by OLS. Standard errors in parentheses are robust to arbitrary correlations in individual error 

terms within MSAs. The dependent variable is whether or not an individual has had a birth in the last 12 months. Ethnicity is represented by 4 indicator variables – 

non-Hispanic White; non-Hispanic African American; Other race; and Hispanic (with non-Hispanic White as the base group). Age is represented by 30 dummies – 

one for every age (with age 25 as the base category), Family income is represented by 6 indicator variables – less than $5,000; $5,000 to $7,499; $7,500 to $9,999; 

$10,000 to $14,999; $15,000 to $24,999; and $25,000 and above (with less than US$5,000 per annum as the base category). Marital status is represented by a 

dichotomous variable – either currently married or not. MSA and Year dummies are included in all regressions.  *** denotes a coefficient significant at the 1% 

level, ** denotes a coefficient significant at the 5% level, * denotes a coefficient significant at the 10% level. 
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Foreign-Born Educators and Students’ Academic Achievement
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3.1 INTRODUCTION 

The number of foreign-born teaching professionals in the United States (U.S.) has 

been increasing over the last decade. A report by the American Federation of Teachers 

(AFT) estimates that the number of primary and secondary school teachers working in 

the U.S. on temporary visas has increased from 14,943 in 2002 to 19,329 in 2007
63

 

(AFT, 2009). This represents roughly a 30% increase in the number of foreign teachers 

working in the U.S., in just 5 years. In some cities, foreign-born individuals occupy a 

considerable and growing proportion of the teaching force. For example, the AFT report 

notes that in 2005, public schools in Baltimore began employing just over a hundred 

teachers from the Philippines to meet staffing shortages. By 2009, however, the number 

of Filipino teachers working in Baltimore’s public schools had risen to 600. This 

number means that, by 2009, nearly 10% of the city’s entire teaching force was staffed 

by teachers from the Philippines. Given the growing shortage of teachers in the U.S., 

this trend of international recruitment across schools looks set to continue. Despite this, 

little is known about how the presence of these foreign-born educators has affected 

American students’ academic achievements and learning experiences. Although a 

handful of studies have made efforts in this direction, these have focused exclusively on 

examining the effects at the undergraduate level and are predominantly based on 

evidence from the Economics discipline.  

A number of reasons have been advanced to explain why foreign-born educators 

may not be as effective as their native-born counterparts in classroom instruction. They 

include the lack of English language proficiency (Borjas, 2000; Fleisher et al., 2002; 

Jacobs and Friedman, 1988; Norris, 1991; Watts and Lynch, 1989), differences in 

teaching cultures (Alberts, 2008; Asano, 2008; Fleisher et al., 2002; Jacobs and 

Friedman, 1988; Liu et al., 2006; Watts and Lynch, 1989), and/or a lack of insights into 

local situations which might otherwise aid in the presentation of concepts and abstract 

ideas (Asano, 2008; Fleisher et al., 2002; Watts and Lynch, 1989). These factors 

potentially prevent effective instruction and inhibit students’ learning processes. 

Nevertheless, because foreign-born educators are a select group who have chosen to 

brave the uncertainties of living and teaching in a foreign culture, it is possible that they 

possess qualities which make them more desirable instructors compared to natives. In 

                                                           
63

 Although the number of teachers in the U.S. on temporary visas is not the same as the number of 

foreign-born teachers in the U.S. (given, for instance, that some foreign teachers may have been 

naturalised), this growth is nevertheless indicative of the rising representation of foreign teachers in the 

country.  
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particular, they may be more motivated and less-risk averse (Chiswick, 1978; Norris, 

1991) and these factors may potentially enhance the learning experiences and 

achievements of their students. Together, these imply that, a priori, it is not possible to 

know definitively how having a foreign-born teacher will affect student achievement.  

The existing literature has, until now, completely ignored student learning effects 

at the lower academic levels
64

, although as highlighted above, foreign-born teachers 

continue to be absorbed in considerable numbers by U.S. schools to teach at the 

elementary and secondary school
65

 levels. The purpose of this chapter is to fill a crucial 

gap in the literature by examining whether the nativity status of the teacher matters in 

determining the academic performance of secondary school students in the U.S.. This is 

the first study that I am aware of which aims to identify a causal relationship between 

teacher nativity and student achievement outside the university level.  Specifically, this 

chapter attempts to address two research questions: (1) How does having a foreign-born 

teacher affect the academic achievements of secondary school students in the U.S.? (2) 

Do foreign-born teachers affect the academic achievements of foreign and native 

students in the same way? Or do the effects differ depending on student nativity? To 

answer both questions, the study draws on evidence from the National Education 

Longitudinal Study of 1988 (NELS) – a dataset collected by the U.S. National Center 

for Education Statistics, and consisting of a nationally representative sample of 8
th

 grade 

students. Given the increasing number of foreign-born teachers in the U.S., the answers 

to both questions will be pertinent for informing current education policies and teacher 

recruitment processes. They will also be of value to parents and students who may be 

interested to know whether the nativity status of a teacher matters for academic success. 

To identify the effect of a foreign-born teacher on student achievement, this study 

employs school fixed effects regressions and within-student estimations to account 

respectively for confounding unobservable school and student attributes. Within-student 

estimations are made possible by a unique matched-pairs feature of the NELS dataset 

which provides contemporaneous information on the test scores and teachers’ 
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 The lack of suitable data at the lower academic levels likely explains the absence of such studies. A 

review of the available educational statistics databases reveals that the nativity statuses of teachers are not 

usually reported in the data. Often, the demographic information available on instructors are limited to the 

race (e.g.. White, Black, or Other), Hispanic ethnicity, age, and sex of the instructor. Country of origin is 

almost always never reported in the data (an exception is the “National Study of Postgraduate Faculty”. 

However, this study does not allow one to match instructors in the sample to their students and is 

therefore not suitable for such research purposes).    
65

 Note that secondary schooling in the U.S. refers to both middle school (6
th
 grade to 8

th
 grade) and high 

school (9
th

 grade to 12
th

 grade) education. 
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background information in 2 academic subjects for each student in the sample. The use 

of such techniques represents a novel approach in the literature examining the 

achievement effects of foreign-born educators.  

The results from this study indicate that, overall, foreign-born teachers do not 

have a negative impact on the educational achievements of native-born students. In fact, 

there is even some evidence that these teachers actually enhance native student 

achievement. Additional tests reveal that this non-adverse effect is driven primarily by 

the greater effectiveness of foreign White teachers relative to native teachers. 

Three aspects of this study deserve attention. As mentioned, this is the only study 

which investigates the effects of having a foreign-born teacher on student achievement 

outside the university level. In addition, unlike most studies in this field, which have 

considered learning effects largely in the subject of Economics, this study considers 

learning effects in Science, Mathematics, Social Studies, and English – subjects that 

form the core foundation for a variety of other disciplines. Lastly, in contrast to the 

findings of previous studies, which have limited generalisability to other settings and 

institutions (previous studies typically only draw on evidence from a single university. 

Hence, the findings may not be generalisable to all institutions of learning in the U.S.), 

the findings from the present study can be readily generalised to student learning across 

all 8
th

 grade students in the U.S. (since it draws on evidence from a nationally 

representative sample of 8
th

 graders in the U.S.). 

The rest of the chapter is organised as follows: Section 3.2 reviews existing 

studies which investigate the effect of having a foreign teacher on student academic 

achievement. Section 3.3 discusses the data used for this study and presents a number of 

descriptive statistics. The methodology used to identify a causal relationship between 

teacher nativity and student achievement is expounded in Section 3.4. Section 3.5 

provides the results and synthesises the findings from the empirical investigation while 

Section 3.6 follows with a number of robustness checks. Section 3.7 presents a brief 

discussion on the possibility of student mobility across teacher nativity types and the 

possible consequences of such self-selective behaviour. Finally, Section 3.8 concludes.  
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3.2 LITERATURE REVIEW 

The question of whether the nativity status of a teacher affects the academic 

achievement of students has been considered by only a small number of studies. This 

literature has interestingly, until now, only focused on examining student learning 

effects at the undergraduate level. In particular, they have mainly studied whether 

foreign-born Teaching Assistants (TA) and Teaching Associates (TAS) have had an 

adverse impact on the learning experiences of undergraduates in American 

universities
66

. Though not necessarily inconsistent with one another, these studies have 

produced somewhat mixed findings: While a number of studies have found evidence 

suggesting that foreign-born Teaching Assistants and Associates impact the academic 

performance of undergraduates adversely, an equally large number of studies, some of 

which have recently emerged, report quite the opposite effects – suggesting that foreign-

born educators can be as, if not more, effective in classroom instruction than their 

native-born counterparts. 

A pioneering work in this area is the study by Watts and Lynch (1989). The 

authors examine, among other things, the effects of assigning Teaching Assistants that 

are non-native speakers of English on student learning. Student learning for a subject is 

measured using the student’s standardised exam score in that subject, after controlling 

for his/her score obtained in an earlier standardised exam. Using a data set of over 2,800 

undergraduates and more than 30 instructors in 3 principles courses – Surveying, 

Microeconomics, and Macroeconomics – at Purdue University between May 1984 and 

December 1985, Watts and Lynch find that non-native English speaking TAs have a 

statistically significant negative effect on student learning. Because it is possible for the 

estimates to be biased if students with foreign-born TAs are more likely than others to 

drop out from the course or to transfer to sections taught by native-born TAs, data on 

drop and transfer rates were also analysed where these were available. However, 

evidence of such selection problems was not found. Accordingly, the authors argue that 
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 For the sake of exposition, in what follows, I make a distinction between Teaching Associates 

(abbreviated as TAS) and Teaching Assistants (abbreviated as TA). The former refer to instructors that 

typically have complete responsibility over the teaching of the course (for a subset of the students 

enrolled in his/her section). They are often able to choose their own texts, prepare their own assignments, 

and have grading authority over a non-common part of the course (non-common to students in other 

course-sections). The latter (i.e. TA) refer to instructors that lead tutorial discussions, They typically 

assist a main course instructor – the lecturer – and often play secondary teaching roles, reviewing material 

from the lecture and going through homework assignments. TAs generally have limited authority over the 

grades of students.  
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there is little need for worry about self-selection issues plaguing their estimates of 

interest.  

Borjas’ influential paper in 2000 produced results in agreement with those of 

Watts and Lynch (1989). Drawing from survey data of undergraduates enrolled in the 

Intermediate Microeconomics course at a large public university, Borjas (2000) finds 

that controlling for a student’s overall university grade point average, a foreign-born TA 

reduces the final grade of students in the Economics principles courses (i.e. 

Microeconomics and Macroeconomics principles courses) by approximately 0.2 grade 

points. A further test examining the differences in effects based on a student’s nativity 

status reveals that while foreign-born TAs have a statistically significant negative effect 

on the educational achievement of U.S. born undergraduates, they do not seem to have 

any adverse effect on the achievement of foreign-born undergraduates. Students in 

Borjas’ dataset were taught by both a regular faculty member in a lecture setting and a 

TA in a tutorial setting. All the students enrolled in each principles course had to sit for 

a common exam. The dependent variable in the study is the final grade for each of these 

principles exams. Because the identity of the TA teaching each tutorial section was not 

revealed at the time of enrolment, students were unlikely to be able to self-select into 

classes based on a TA’s nativity. TAs in the data were unable to have much discretion 

in the final grades assigned to their own students: All the TAs shared in the grading of 

the final exams, with each TA assigned to mark only a subset of the exam for all 

students in the course (and not just those in his/her tutorial section). Hence, grading 

differences across sections could not have been due to the use of different grading scales 

across different TAs. Still, some caution should be exercised when interpreting the 

estimates in Borjas’ study: Firstly, data on the nativity status of each student’s TA were 

based on student responses to a questionnaire asking whether the student’s TA was 

foreign-born. Due to imperfect information, there are reasons to believe that student 

responses to this question may be subject to inaccuracies (students may systematically 

be more likely to believe they are taught by a native if the instructor is effective). 

Secondly, data were only collected from students that had successfully completed the 

Microeconomics and Macroeconomics principles sequences. This may result in an 

underestimation of the true negative effect of foreign TAs if undergraduates who 

attended a foreign TAs’ section were more likely to drop out from the course due to 

poor grades (since these undergraduates would have dropped out from the sample in this 

case). Thirdly, many U.S. universities typically allow students to swap tutorial sections 
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within a specified window period. If undergraduates were able to change their choice of 

sections after tutorials lessons had commenced, Borjas’ results may be subject to self-

selection bias [for example, the results may overstate the true negative effect of a 

foreign-born TA if more motivated students that desire to achieve better grades had a 

higher likelihood of switching to tutorial lessons taught by native TAs. This may have 

occurred if motivated students were more willing to take costly actions (e.g. to re-plan 

their timetable in order to fit desired tutorial sections and change existing undesirable 

ones) in order to avoid being taught by foreign TAs]. Because Borjas’ dataset did not 

allow him to analyse student drop and transfer patterns, the estimates in this study are 

potentially suspect. 

Using the same dataset as Borjas (2000), Marvasti (2007) similarly finds that 

foreign-born TAs have an adverse impact on the academic achievement of 

undergraduates. Unlike Borjas, Marvasti uses an ordered probit model, which is more 

appropriate than OLS regression for estimating equations with ordered dependent 

variables (students in the dataset could receive 1 of 10 categories of grades)
67

. In 

contrast to Borjas, Marvasti finds that the negative effect of a foreign-born TA does not 

appear to be due to the latters’ lack of English language proficiency. Also, unlike 

Borjas, Marvasti finds in some of his specifications, evidence suggesting that foreign-

born TAs exert negative effects on the grades of both foreign and U.S. born students, 

although the adverse effects appear to be stronger for the U.S. born undergraduates. 

Separate estimations for students in the regular-track as well as for those in the Math-

track classes indicate that while foreign-born TAs exert negative impacts on the grades 

of those in the former group, they do not have such adverse effects on the latter group.  

Though not designed to investigate the effects of foreign educators on 

undergraduate achievement in Economics, the study by Becker and Powers (2001) can 

be used to examine how student learning in Economics varies with an instructor’s 

English language nativity. “Learning” in this study is defined as the change in a 

student’s score in Economics between the start and the end of an academic term (the 

difference between a student’s posttest and pretest score). Across all specifications, 

whether or not attrition was adjusted for, the authors’ regression estimates consistently 

indicate that student learning in Economics is significantly adversely affected by the 
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 The ordered probit model, which uses the maximum likelihood technique, allows for an unbiased and 

efficient estimation of the exam grade function. 
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presence of a non-native English speaking instructor. The results in this study lend 

further evidence to the conclusions made in the aforementioned ones. 

In contrast to the above studies, there has also been an equal number which find 

no evidence that foreign-born educators have an adverse impact on the learning 

processes and educational achievements of U.S. undergraduates. In fact, some of these 

studies have actually found quite the opposite results, suggesting that foreign-born 

educators may instead have positive effects on the achievements of undergraduates.  

Jacobs and Friedman (1988) use individual-student final exam scores and student 

and instructor administrative data collected from 5 courses – namely, Finite Math, Brief 

Survey of Calculus, Pre-calculus Math, Trigonometric Functions, and The Computer in 

Business – at a major Midwestern university in the U.S. to examine if there was any 

evidence that the examination performance of students in sections taught by foreign 

Teaching Associates differed from those in sections taught by native Teaching 

Associates. Each of these 5 courses had multiple teaching sections, each of which was 

taught by a graduate student instructor that had complete responsibility for the teaching 

of the course. Regardless of the section one was enrolled in, students in each course had 

to sit for a common final examination. The common final exam score for each student is 

regressed on the instructor language and teaching experience attributes as well as the 

student’s SAT and GPA scores and high school rank. Foreign TASs were identified in 

this study based on first language: TASs with English as a second language were 

assumed to be foreign while those with English as their first language were assumed to 

be native. For all 5 courses, the authors find no evidence of any difference in the final 

examination performance of students in sections taught by foreign TASs with those in 

sections taught by native TASs, suggesting that foreign-born TASs are just as effective 

as native-born TASs in teaching undergraduates. Because, the 5 courses in Jacobs’ and 

Friedman’s dataset were chosen specially so that the TASs teaching each section had 

complete responsibility for teaching the course, it is possible to attribute teacher effects 

solely to a single instructor. A number of reasons may explain the absence of any 

negative effects in the study: Firstly, the courses in question were predominantly 

mathematically-oriented. Compared to the instruction and learning of Economics, which 

the previously-mentioned studies typically analyse, linguistic ability may be less 

important in Mathematics instruction in bringing ideas across to students. Secondly, all 

foreign graduate students interested to be TASs at that university had to sit for, and 

pass, an English language proficiency examination. This process could have screened 
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out those foreign-born TASs with the worst communication abilities and the ones who 

would have otherwise hurt student learning the most. 

As with Jacobs and Friedman (1988), Saunders (2001) finds little evidence of the 

academic performance of students from sections taught by foreign Teaching Associates 

to be any different from those in sections taught by native Teaching Associates. His 

results are based on two datasets, one from the introductory Microeconomics course and 

the other from the introductory Macroeconomics course at Indiana University, over a 

period of 12 semesters. The instructional setting is similar to the one in Jacobs and 

Friedman in that both courses are composed of multiple teaching sections, with each 

course-section taught by a graduate student instructor having complete responsibility for 

the teaching of that course. The students in each course sit for an exam common to all 

sections. The dependent variable in the study is the exam score for each student in the 

common exam. It should be noted that all of the TASs in the dataset had to complete a 

semester long seminar in teaching methods before they were allowed to teach. As such, 

this training process may have helped to lessen or even to nullify the negative impact 

that the foreign-born TASs would have otherwise imposed due to any language-induced 

deficiencies.  

Using a dataset comprising of aggregated course-by-section data
68

 for all 

undergraduate courses from the University of Wisconsin-Madison over a period of 5 

years (1983-1987), Norris (1991) makes the surprising finding that, contrary to what 

was previously widely perceived, students of foreign-born TAs actually achieve slightly 

better academic results compared to those of native-born TAs. Controlling for other 

variables in the analysis, average grades in sections conducted by foreign TAs were 

approximately one-tenth of a grade point higher than those in sections conducted by 

native TAs. This result held qualitatively regardless of the foreign TA’s region of origin 

(whether the TA was from Europe, Asia, or another region outside the U.S.), the 

instructional area of the course (whether it was Mathematics, Social Sciences or 

Physical/Biological Sciences), or whether it was in a time before or after the 

implementation of TA training programs in 1986. Unlike the majority of studies in this 

area which use individual-level student grade / score as the dependent variable, the 

dependent variable in Norris’ study is measured by the average of all final student 

grades (on a 4.0 scale) in the course-section (henceforth known as average course-

                                                           
68

 The analysis uses student grades and independent variables which are aggregated to the course-section 

level.  
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section grade point average). The average course-section grade point average is 

regressed on a range of TA characteristics (including variables indicating whether 

English was the TAs first language, whether the TA had experience teaching, and 

whether the TA had an instructional workload greater than one-half of that of a full-time 

faculty’s) and course attributes (to control for the possible effects that a course-section’s 

size, scheduled hours, and scheduling patterns have on student achievement as well as 

to account for the possibility that different departments may have different grading 

standards). The final data set contained a sample of 806 course-sections and spanned 18 

different academic departments. A potential problem with Norris’ analysis is that his 

econometric model did not take into account student characteristics: Student 

demographic information (including such things as gender, nativity, and racial / ethnic 

composition) and aptitude test results (which would have helped to control for students’ 

abilities) were unavailable. This could be problematic if the omitted variables were 

somehow related to instructor nativity. It is unclear how TAs in the data were assigned 

to teach course-sections. But, one can think of cases where assignment may not be 

random. For example, foreign TAs may have been assigned to teach in sections with 

more foreign undergraduates. If foreign-born undergraduates systematically perform 

better or worse compared to native-born undergraduates, then the estimates in Norris’ 

study may be biased.  

Fleisher et al. (2002) similarly find no evidence that foreign TAs affect the final 

grades of undergraduates in a Microeconomics principles course adversely or reduce the 

chances of them subsequently reading additional Economics courses. In fact, in some 

cases, the data show that foreign TAs actually have statistically significant positive 

effects. Various definitions of “foreign” are considered by the authors – including the 

nativity status and the English language proficiency of the TA as well as the political 

structure of the TA’s country of origin – with the non-negative effects of a foreign TA 

being robust across all definitions. Their analyses was based on a sample of over 3,000 

undergraduates enrolled in a Microeconomics principles course at the Ohio State 

University during the academic year 1995-1996. The course was conducted in a lecture-

tutorial style with a single lecturer (a regular faculty member) teaching the course and 

TAs leading sectional tutorial discussions. The final grades for each student are 

predominantly determined by the lecturer. Assignment of TAs to students was random 

since it was done through a registration process whereby the identity of the TA teaching 

the section was unknown to students. An important finding from the study is that, 
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holding student grade point averages equal, students with a foreign TA achieved 

approximately 0.1 grade points higher in the Microeconomics principles course than 

their counterparts with native TAs. This result is quantitatively similar to the one found 

in Norris (1991). Students in sections taught by foreign TAs were also found to be more 

likely to complete the course compared to those in sections taught by native TAs. The 

progress of these undergraduates was further tracked through the Macroeconomics 

principles, intermediate Microeconomics and Macroeconomics courses as well as a 

course in Money and Banking so as to capture possible effects of having students who 

had foreign TAs in their inaugural Economics course on subsequent learning 

experiences and on the decision to enrol in the intermediate Microeconomics course 

(which would be indicative of them selecting Economics as their major). In all cases, 

having a foreign TA in the Microeconomics principles course had a non-negative effect 

on a student’s performance in subsequent Economics courses. A statistically significant 

positive effect on subsequent student performance was even found in a number of cases. 

Again, one reason that may explain the lack of adverse effects in Fleisher et al.’s study 

is the fact that foreign graduate students who wanted to work as TAs in the Economics 

department at the university had to undergo a series of training sessions and tests on 

teaching and English proficiency: they had to participate in a seminar on teaching and 

had to either obtain a sufficiently high score on standardised tests in spoken English or 

complete one or more courses in English and a teaching test to ascertain the quality of 

their classroom instruction. This rigorous selection process is likely to have removed 

those foreign TAs with the worst teaching and communication skills, introducing a 

selection bias in the study. Still, the authors note that the purpose of the study is not to 

challenge the extant literature that has found adverse effects of foreign-born TAs on the 

achievements of undergraduates. Rather, its purpose is to demonstrate that when foreign 

TAs are properly screened and trained in spoken English and teaching skills, that they 

can be just as effective in teaching Economics as their native-born counterparts. 

One of the few studies that draw from student experiences outside the United 

States is that by Asano (2008). Asano uses student-level data from 3 Economics courses 

– Microeconomics, Macroeconomics, and Quantitative methods – from an Australian 

university to analyse whether foreign-born TAs have an adverse impact on student 

performance. He finds no evidence that students of non-native English speaking TAs do 

worse than those of native English speaking TAs. This is true for both domestic and 

international students. These results are robust to 2 different definitions of 
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“foreignness”, including whether the TA is a native English speaker as well as whether 

he/she did his/her final year of high school in Australia. The 3 courses in question are 

presented in lecture-tutorial format, with each course having a single lecturer (a regular 

faculty member) and a number of tutorial sections, each led by a TA. In each case, 

students sat for an exam common to all sections in a course at the end of the semester. 

Student performance in the study is measured by the marks obtained by a student in 

these exams. Representative of TA selection in Australian universities, all the TAs in 

Asano’s (2008) sample had been screened by interviews and had to demonstrate their 

ability to teach before they were hired as TAs.  

The findings by Jacobs and Friedman (1988), Saunders (2001), Norris (1991), 

Fleisher et al. (2002), and Asano (2008), which have basically found no negative 

effects, cannot be directly compared to those of Watts and Lynch (1989), Borjas (2000), 

Marvasti (2007), and Becker and Powers (2001), which have found foreign-born 

educators to have an adverse impact on the learning experiences and achievements of 

undergraduates. Indeed, as the review indicates, the former set of studies are based on 

data where teachers in the dataset (either Teaching Associates or Teaching Assistants) 

have either undergone substantial training in teaching methods and courses to improve 

their English language proficiencies or have been rigorously screened through 

interviews. As such, the selection processes can be expected to remove those foreign 

instructors who would otherwise have been the ones most likely to impose a negative 

impact on student learning. The selection processes mentioned may explain why 

foreign-born educators appear to have no adverse effects in these 5 studies.  

Apart from the problems specific to each study (highlighted above), the existing 

literature is plagued by a number of issues. As is evident from the present review, the 

existing literature has hitherto focused exclusively on analysing the effects of foreign-

born educators on student achievement at the undergraduate tertiary level. The 

experiences of students at other levels – including those at the elementary and 

secondary school levels – have not been documented. Also, the literature has 

predominantly analysed student learning effects in the subject of Economics, which is 

unlikely to be representative of student learning and effects in other disciplines. 

Furthermore, perhaps due to the difficulties of standardising and collecting data from 

different universities, existing studies have quite narrowly tended to draw on data from 

only a single university. Together, these mean that the results from these disparate 

studies can hardly be generalised to other disciplines and institutional settings.  
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The present study adds to the literature by being the first to examine the effects of 

having a foreign-born teacher on the learning and academic performance of U.S. 

students at the secondary school level. Because data for this study comes from a 

nationally representative sample of 8
th

 graders in the U.S., unlike the studies reviewed 

above, the findings can be generalised to student learning across all 8
th

 grade students in 

the country. It is this aspect of the study which is particularly appealing.  

At this point, it is worth considering why one cannot simply extrapolate the 

findings from those done at the university level to other levels of learning. Indeed, such 

generalisations would potentially be erroneous because learning abilities and processes 

of students differ across academic levels. If it is true that foreign-born educators have an 

adverse impact on the academic achievements of students, then it is likely that the 

effects would be more pronounced at the elementary and secondary school levels than at 

the university level. There are good reasons to believe why this might be so: Firstly, 

students at the elementary and secondary school levels tend to be less independent and 

therefore more reliant on the teacher for understanding the subject matter. University 

students, in contrast, tend to be more independent of the teacher since the nature of the 

university education system is such that a certain level of independent learning and 

research is expected of students. Secondly, one would expect younger students at the 

elementary and secondary school levels to be less exposed to foreign accents than older 

undergraduate students. Hence, the former group of students may experience greater 

difficulty in following through with the lessons if the teacher speaks with an accent that 

they are unfamiliar with (Flowerdew, 1994
69

). Indeed, Nathan et al. (1998) have found 

that children’s ability to comprehend unfamiliar accents increases with age. If the 

communications barrier hypothesis advanced by studies such as Borjas (2000) is true, 

then one would expect more severe communication barriers at the lower academic 

levels to have a greater impairment on student learning. Since learning effects are 

expected to be different for elementary and secondary school students compared to 

undergraduates, a study focusing on learning effects at the elementary and secondary 

school level is justified. The findings from this research are important because they will 

have far-reaching implications on the hiring practices of U.S. schools and on U.S. 

education policies. 
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 A review of the research findings on the effects of accent on comprehension by Flowerdew (1994) 

reveals that research in this area has consistently found that unfamiliar accents cause difficulty in 

comprehension.  
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3.3 DATA 

The source of data for this study is the U.S. National Center for Education 

Statistics’ National Education Longitudinal Study of 1988 (henceforth referred to as 

“NELS”). This is a nationally representative sample of 8
th

 grade students and schools in 

the United States that were first surveyed in 1988
70

. Subsets of these students were 

resurveyed through four follow-up sessions in 1990 (when most were in their 10
th

 

grade), 1992 (when most were in their 12
th

 grade), 1994, and 2000. In these surveys, 

students provided detailed personal information about themselves (e.g. their sex, race / 

ethnicity, hispanicity, language use), their families, and their school experiences (e.g. 

prior grades in each subject). Together with the surveys in 1988, 1990, and 1992, 

standardised curriculum-based achievement tests in 4 subjects – Science, Mathematics, 

Social Studies, and English – developed by the Educational Testing Service to assess 

student knowledge in the disciplines, were also administered to each student in the 

sample
71

.  

To further enrich the data and to provide contextual information, students’ 

teachers, parents, and school administrators were surveyed along with the students in 

the first 3 waves (1988, 1990, and 1992)
72

. Not all teachers for a given student were 

surveyed. In any year, only 2 teachers were sought for each student. Selection of the 

respondents for the teacher survey for each student was based on the assignment of 2 

subject areas per school. Specifically, each of the sampled schools was assigned with 

one of the following combinations of subject areas: (a) English and Mathematics (b) 

English and Science (c) Social Studies and Mathematics (d) Social Studies and Science. 

A given student’s teachers in the 2 designated subject areas were then contacted for the 

survey. Among other things, responses to the teacher survey provided extensive 

information regarding each teacher’s background characteristics and attributes (e.g. sex, 

race / ethnicity, hispanicity, native language, subject of instruction, years spent in the 

teaching profession, type of teaching certification held, employment status in the 

school, highest educational qualification) as well as the class environment in which the 

student was in (e.g. number of students in his/her class, number of students in the class 

that were limited in their English language proficiency). Responses to the parent 

questionnaire provided information on family background characteristics such as family 
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 Weights are given in the dataset to make the sample nationally representative. 
71

 An in-depth description of the various tests administered in 1988 can be found in the National Center of 

Education Statistics’ 1991 report “Psychometric Report for the NELS:88 Base Year Test Battery”. 

Available online at: http://nces.ed.gov/pubs91/91468.pdf   
72

 Parent surveys were not administered in 1990. 

http://nces.ed.gov/pubs91/91468.pdf
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income, family size, and parents’ highest level of education
73

. Finally, responses to the 

school administrator questionnaire provided information on the characteristics of the 

school student body (e.g. school enrolment, urbanicity, whether the school is private, 

share of minority students, share of students from single parent families, share of 

students on reduced price or free lunch programmes).  

A useful and important feature of the NELS is that it is designed so that the basic 

unit of analysis is the student. This allows one to match teacher characteristics and 

class-level information to each individual student, by subject. For example, teacher 

characteristics such as sex, race / ethnic background, native language, years spent in the 

teaching profession, type of teaching certification held, employment status in the 

school, and educational qualification for each of the 2 teachers teaching the student, is 

known. As such, it permits analyses at the individual-student level, which examine the 

relationship between student performance in a subject and the qualities and attributes of 

the subject teacher. Furthermore, because data on family background are tied to each 

student, this allows one to condition on family background characteristics when 

conducting an empirical study focusing on the above-mentioned relationship.  

The NELS has previously been used by educational policy researchers and 

economists to study a variety of topics such as whether teacher certification matters for 

determining student achievement (Goldhaber and Brewer, 2000), whether teachers’ 

race, gender, and ethnicity influence their subjective evaluations of students and the 

academic learning of their students (Dee, 2005, 2007; Ehrenberg et al., 1995), whether 

teachers’ ability, motivation and work situation affect students’ achievement (Rowan et 

al., 1997), whether Asian Americans perform differently from Caucasian Americans in 

Mathematics and Reading (Kao, 1995), the impact of observable and unobservable 

schooling characteristics on student academic performance (Goldhaber and Brewer, 

1997), the effect of Catholic high school attendance on students’ test scores and their 

probabilities of graduating from high school and attending college (Altonji et al., 2005), 

and whether parental and teacher factors affect the science attitudes of students (George 

and Kaplan, 1998) .  

Although teacher surveys were conducted in 1988, 1990, and 1992, only in 1988 

were respondents asked questions which allowed one to identify their nativity status. 
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 Although the parent questionnaires were addressed to both parents, the instructions attached with them 

stressed that the questionnaire should be completed by the parent who was most familiar with the child’s 

current educational activities.  
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Specifically, the 1988 teacher questionnaire posed the following 2 questions to teachers: 

(a) “Are you proficient in any language(s) other than English?” Respondents could 

either respond “Yes” or “No” to this question. If respondents answered “Yes”, they 

were given a “Yes/No” option, asking them to provide a response to the statement: (b) 

“I am a native speaker of the language”. Since the survey does not ask directly for the 

nativity status of the teacher (i.e. whether born in a country outside the United States or 

born in the United States), it is assumed that those who are native speakers of a foreign 

language are foreign-born
74

 while all non-native speakers of a foreign language and 

those who are proficient in only English are native-born. Of course, while most native 

speakers of a foreign language are likely to have a migrant background, it is possible 

that some native speakers of the English language, who I assume to be native, may 

actually be foreign (e.g. teachers from English native speaking countries such as 

England, Australia, or New Zealand)
75

. In any case, because any misclassification of 

teachers as native when they are foreign (and vice-versa) will produce estimates of the 

achievement effect of foreign-born teachers that are biased towards zero (Aigner, 1973; 

Hirsch and Schumacher, 2004), the estimates presented in this study can be viewed as 

conservative estimates of the true causal effect of having a foreign teacher. Because the 

above language proficiency questions were not asked in the subsequent surveys in 1990 

and 1992, my study uses only data from the base year of 1988. The 1988 wave included 

responses from 24,599 students and 5,193 teachers from 1,052 schools
76

. 

 

3.3.1 Nativity and Native Language 

Does native language serve as a reasonable indicator for the nativity status of a 

teacher? Figure 3.1 presents values tabulated from the United States Census’ Integrated 

Public Use Microdata Series (IPUMS) 5 percent sample, showing home language use 

by nativity status for the population of secondary school teachers during the year 1990. 

Given the year’s (1990) proximity to 1988, it provides a good picture of the relationship 

that existed between teacher nativity and language use in the U.S. in 1988 – the year I 
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 A native language refers to the language that a person has spoken since earliest childhood. Hence, 

native speakers of a non-English language would effectively capture either first-generation migrants to 

the U.S. or people constituting later generations of migrants but who have not effectively assimilated into 

the host society (Constant and Zimmermann, 2009).  
75

 Hence, one can think of the present study, more accurately, as one that examines the effects of having a 

native-speaking teacher of a foreign language on student achievement. 
76

 On average, approximately 26 students were sampled from each school. However, the actual number of 

students sampled in each school ranged from 1 to 73.  



 

119 
 

draw my data from. The entries in the figure indicate that the majority of foreign-born 

teachers used a non-English home language: In particular, 23.3% of them spoke Spanish 

while 37.4% spoke a language other than English or Spanish at home. Only a relatively 

small percentage (39.3%) used English as a home language. In contrast, the vast-

majority of native-born teachers spoke only English at home (94.7%) although a non-

negligible proportion of them did also speak Spanish (2.7%) (We subsequently address 

this use of Spanish among the native-born, by excluding teachers in the analysis that 

speak Spanish as their native language, before checking to see if the results are robust to 

this sample exclusion. This is done in Section 3.6.1). The predominant use of English as 

a medium of home communication amongst the native-born and the predominant use of 

a non-English home language amongst the foreign-born indicates that identifying the 

nativity status of a teacher through his/her use of a non-English native language works 

reasonably well. 

Figure 3.1: Nativity Status and Home Language Use amongst Secondary School 

Teachers in the United States, 1990 

 

Notes: Tabulations from the Integrated Public Use Microdata Series dataset drawn from the 

1990 U.S. Census, 5 percent sample. Sample weights used in all computations. 

 

94.70

2.73 2.57

39.32

23.30

37.38

0
2

0
4

0
6

0
8

0
1

0
0

%

Native-Born Foreign-Born

Speak English Only Speak Spanish at Home

Speak Other Languages at Home



 

120 
 

3.3.2 Sample 

Since the objective of this study is to examine the effect of having a foreign-born 

teacher on student achievement, I restrict my sample only to those students with at least 

one subject teacher who had reported his/her native language
77

. The unit of observation 

is taken to be a student-teacher pairing. As each sampled student contributes 

approximately 2 student observations (to be precise, each sampled student contributes 

approximately 1.9 student observations because of missing responses pertaining either 

to the teacher nativity questions or to the teacher survey itself), this provides me with a 

final dataset of 44,077 student observations. The Science sample includes 10,775 

student observations for which teacher native language are reported while the 

Mathematics, Social Studies, and English samples contain 11,285, 10,561, and 11,456 

student observations respectively
78

.  

 

3.3.3 Descriptive Statistics  

Student achievements are measured by the scores received by students in 

standardised tests for the respective subjects (Science, Mathematics, English, and Social 

Studies). It is instructive to know that the scores in the standardised tests administered 

with the NELS survey can be used to gauge student achievements in the respective 

subjects since the tests were designed specifically to assess curriculum knowledge in the 

4 disciplines. Note that all test scores in this chapter are normalised, by subject, to a 

mean of 0 and a standard deviation of 1 so that the coefficient estimates can be 

interpreted easily as fractional changes of a standard deviation.  

To investigate whether there is any evidence that students of foreign teachers 

perform differently from those of native teachers in a preliminary way, I compute the 

mean test scores separately for students with foreign teachers and for students with 

native teachers, by subject. The results are presented in Panel A of Table 3.1. As can be 

seen, on average, students with foreign teachers have test scores in Science and 
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 This represents 89.6% of the full student sample.  
78

 Of the 10,775 students in the Science sample, 330 (or 3.1%) were taught by foreign teachers while the 

rest (i.e. 10,445 students) were taught by native teachers. In the Mathematics sample, of the 11,285 

students, 499 (or 4.4%) were taught by foreign teachers while the rest (10,786 students) were taught by 

natives. In the Social Studies sample, of the 10,561 students, 320 (or 3.0%) were taught by foreign 

teachers while the rest (10,241) were taught by natives. Finally, in the English sample, of the 11,456 

students, 469 (or 4.1%) were taught by foreign teachers while the rest (10,987) were taught by native 

teachers.  
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Mathematics that are approximately 0.2 standard deviations lower compared to those of 

students with native teachers (these differences are statistically significant at the 1% 

level). However, in English and Social Studies, students with foreign teachers perform 

no differently, statistically, compared to those with native teachers.  

To analyse whether the types of students taught by foreign teachers differ 

significantly from those taught by native teachers, Panel B of Table 3.1 reports the 

mean characteristics of the students associated with teachers that are foreign and with 

teachers that are native, by subject. Knowing whether the types of students differ across 

teachers by nativity is important because it will help alert one to potential selection 

issues in the data. For example, if foreign teachers tend to be matched with certain types 

of students (e.g. matched with say, foreign / minority students or with students from 

less-privileged socioeconomic backgrounds) that tend to be relatively poor academic 

performers, then it is possible for the empirical analyses to pick up a spurious 

relationship between teacher nativity and student performance if the analyses fail to 

account for such non-random sorting patterns. Since the process of how foreign teachers 

are actually assigned across schools, classes, and students is unclear, such an analysis 

will provide useful indication on whether such non-random sorting processes could be 

at work. 

Panel B of Table 3.1 reveals some noteworthy differences in the types of students 

associated with both kinds of teachers. For Science and Math in particular, a lower 

proportion of those students with foreign teachers report receiving grades of mostly As 

in the subject previously compared to those with native teachers. Since the students of 

foreign teachers tend to perform differently compared to those of native teachers to start 

with, it is important that any empirical analysis controls for such differences in prior 

knowledge / aptitude when estimating the impact of foreign-born teachers on student 

achievement. For all subjects, compared to native teachers, foreign teachers also have a 

considerably higher likelihood of teaching Hispanic students, students from non-English 

speaking homes, and students with larger family sizes. They also have a lower 

likelihood of teaching White and Black non-Hispanic students. Further, the entries in 

Panel B indicate that for Science and Mathematics, foreign teachers have a lower 

likelihood of teaching students with parents that are college graduates as well as 

students from households with annual family incomes of $35,000
79

 and above. 
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 This amount is equivalent to $68,000 in terms of 2012 prices (U.S. Bureau of Labor Statistics, CPI 

Inflation Calculator).  
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However, the converse applies for Social Studies and English with regards to parental 

education (that is, compared to native teachers, foreign teachers of Social Studies and 

English have a higher likelihood of teaching students with parents that are college 

graduates). 

The foregoing exercise reveals that, compared to native teachers, foreign teachers 

in Science and Math have a somewhat greater tendency to be associated with students 

from less-privileged socioeconomic backgrounds. The converse is somewhat true in the 

case of Social Studies and English. Therefore, in order to obtain unbiased estimates of 

the effect of having a foreign teacher on the academic achievement of students, it is 

important that the regressions control for those student and family background 

determinants of achievement (in addition to teacher and class attributes) which may be 

correlated with the nativity status of the teacher. 
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Table 3.1: Means of Selected Student Variables by Nativity Status of Teacher 

 

Science 

 

Math 

 

Social Studies 

 

English 

 

Foreign 

Teacher 

Native 

Teacher 

 

Foreign 

Teacher 

Native 

Teacher 

 

Foreign 

Teacher 

Native 

Teacher 

 

Foreign 

Teacher 

Native 

Teacher 

            Panel A            

Standardised Test Score -0.177* 0.027 

 

-0.205* 0.008 

 

0.000 0.032 

 

0.024 -0.004 

 

(0.936) (1.006) 

 

(0.935) (0.995) 

 

(1.081) (1.008) 

 

(1.065) (0.990) 

            

Panel B            

Student had mostly As in subject from 

Grade 6 till Survey 0.275 0.301 

 

0.294 0.321 

 

0.321 0.300 

 

0.331 0.309 
 

(0.447) (0.459) 

 

(0.456) (0.467) 

 

(0.468) (0.458) 

 

(0.471) (0.462) 

Student had mostly Bs in subject from Grade 

6 till Survey 0.399* 0.321 

 

0.410* 0.346 

 

0.351 0.333 

 

0.385 0.374 

 

(0.490) (0.467) 

 

(0.492) (0.476) 

 

(0.478) (0.471) 

 

(0.487) (0.484) 

Student had mostly Cs in subject from Grade 

6 till Survey 0.206 0.242 

 

0.181 0.216 

 

0.216 0.220 

 

0.206 0.217 

 

(0.405) (0.428) 

 

(0.385) (0.411) 

 

(0.412) (0.414) 

 

(0.405) (0.412) 

Student had mostly Ds in subject from 

Grade 6 till Survey 0.079 0.075 

 

0.058 0.063 

 

0.052 0.075 

 

0.041 0.055 

 

(0.270) (0.263) 

 

(0.233) (0.243) 

 

(0.222) (0.263) 

 

(0.199) (0.228) 

Student had mostly below Ds in subject 

from Grade 6 till Survey 0.026 0.030 

 

0.028 0.024 

 

0.016* 0.032 

 

0.017 0.018 

 

(0.159) (0.170) 

 

(0.164) (0.153) 

 

(0.125) (0.177) 

 

(0.130) (0.134) 

Student is White 0.567* 0.729 

 

0.434* 0.734 

 

0.514* 0.748 

 

0.524* 0.711 

 

(0.496) (0.445) 

 

(0.496) (0.442) 

 

(0.501) (0.434) 

 

(0.500) (0.453) 

Student is Black 0.068* 0.119 

 

0.081* 0.136 

 

0.042* 0.114 

 

0.068* 0.143 

 

(0.252) (0.324) 

 

(0.273) (0.343) 

 

(0.201) (0.318) 

 

(0.252) (0.350) 

1
2

3
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Student is Hispanic 0.291* 0.090 

 

0.398* 0.083 

 

0.321* 0.079 

 

0.337* 0.092 

 

(0.455) (0.286) 

 

(0.490) (0.276) 

 

(0.468) (0.269) 

 

(0.473) (0.289) 

Student is Asian 0.030 0.031 

 

0.053* 0.030 

 

0.074* 0.032 

 

0.041 0.032 

 

(0.170) (0.174) 

 

(0.224) (0.170) 

 

(0.262) (0.176) 

 

(0.199) (0.176) 

Student is Female 0.524 0.502 

 

0.490 0.495 

 

0.555 0.501 

 

0.510 0.495 

 

(0.500) (0.500) 

 

(0.500) (0.500) 

 

(0.498) (0.500) 

 

(0.500) (0.500) 

Student's home language is English 0.727* 0.917 

 

0.635* 0.923 

 

0.644* 0.927 

 

0.697* 0.913 

 

(0.446) (0.276) 

 

(0.482) (0.266) 

 

(0.480) (0.259) 

 

(0.460) (0.281) 

Student's Mother is a college graduate 0.155* 0.239 

 

0.183 0.219 

 

0.316* 0.235 

 

0.291* 0.221 

 

(0.363) (0.427) 

 

(0.387) (0.414) 

 

(0.466) (0.424) 

 

(0.455) (0.415) 

Student's Father is a college graduate 0.239* 0.300 

 

0.246 0.285 

 

0.379* 0.302 

 

0.371* 0.277 
 

(0.427) (0.458) 

 

(0.431) (0.451) 

 

(0.486) (0.459) 

 

(0.484) (0.448) 

Student's family income is $35,000 and 

above 0.402 0.432 

 

0.315* 0.415 

 

0.447 0.430 

 

0.348* 0.419 

 

(0.491) (0.495) 

 

(0.465) (0.493) 

 

(0.498) (0.495) 

 

(0.477) (0.493) 

Student's family size 5.074* 4.588 

 

4.982* 4.592 

 

4.731 4.584 

 

5.001* 4.616 

 

(1.605) (1.405) 

 

(1.724) (1.424) 

 

(1.504) (1.405) 

 

(1.729) (1.431) 

Number of students 330 10,445 

 

499 10,786 

 

320 10,241 

 

469 10,987 

            Number of students with non-missing test 

scores 319 10,165 

 

449 10,404 

 

305 9,873 

 

456 10,617 

            Notes: Data from the National Education Longitudinal Study of 1988. Standard deviations are in parentheses. Sample weights used in all computations. * indicates 

that the mean value is significantly different at the 5% level between students with foreign teachers and students with native teachers. 

1
2

4
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3.4 METHODOLOGY 

To examine the effect of having a foreign teacher on student achievement, I 

employ the standard approach used in the Economics of Education literature
80

, by 

estimating an educational production function of the form: 

       
           

   (       )                

Where      denotes the academic performance of student    in subject 1
81

 with teacher  . 

   denotes a vector of observed student, family, and school characteristics for student    

while     denotes a vector of observed teacher and class-level attributes. Also included 

in     are fixed effects for the subject of the class
82

.   and   represent respectively the 

return to individual, family background, and school characteristics and the return to 

teacher and class characteristics.     denotes a dummy variable indicating the nativity 

status of teacher   teaching subject 1: it receives a value of 1 if the teacher is foreign and 

0 if the teacher is native.    is an unobserved student effect and      represents a mean 

zero random error term.  

The main interest here is in the parameter   for it captures the effect, on average, 

of having a foreign-born teacher on student performance. If the hypothesis that having a 

foreign-born teacher adversely affects a student’s performance, is true, then one should 

obtain an estimate showing    . The converse is true if it is the case that having a 

foreign-born teacher leads to better student performance. Of course, if the nativity status 

of the teacher has no effect on student performance, then an estimate demonstrating that 

    should be obtained.  

Underlying this model is the assumption that the academic achievement of a given 

student in a subject is determined by a host of individual, family, teacher, class, and 

school factors (Hanushek, 1979, 1986). 

Here, it will initially be assumed that           is a random error term which is 

uncorrelated with the variables included in    ,   , and    . That is, we start by 

                                                           
80

 Equation (3.1) is commonly used in the Economics of Education literature to empirically explore the 

relationships between the output of the educational process – student achievement – and the inputs to the 

process (the inputs include various student, family background, teacher, class and school factors). The 

model allows student achievement in a subject to be decomposed and attributed to a range of different 

factors (student, family, teacher, class, or school factors) (Hanushek, 1979, 1986).  
81

 Subject 1 denotes either Mathematics or Science.  
82

 The purpose of including vector     is that certain teacher and/or class characteristics (e.g. race / 

ethnicity, type of teaching certification held, percentage of limited English proficient students in the class, 

etc) may potentially be correlated with teacher nativity status.  
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assuming that the unobserved student characteristics embodied in    (such as student 

ability or motivation) are uncorrelated with the included observed determinants of 

student achievement (i.e.     
       (   

    )   (      )    . If this assumption is 

true, then OLS estimation of equation (3.1) will yield unbiased and consistent estimates 

of the parameters  ,  , and  .  

It is assumed that a similar relationship holds for a given student in all subjects 

(and hence in some second subject; subject 2
83

). 

       
           

   (       )                

The initial approach I take involves estimating the effect of having a foreign 

teacher on student achievement   through estimating stacked versions of equations (3.1) 

and (3.2). Because the effect of a foreign teacher may vary by subject, I also estimate 

these equations by subject (Science, Mathematics, Social Studies, and English). 

However, due to the smaller sample sizes involved, estimating these equations 

separately by subject comes at the cost of reducing the precision of the effects estimates.  

However, there may be a cause for concern that the unobserved student 

characteristics    could be correlated with the included covariates. For example, due to 

the non-random matching of students with teachers across schools as well as across 

classrooms within schools, it may well be the case that students with lower unobserved 

abilities have a greater likelihood of being assigned to foreign teachers
84

. It may also be 

possible that students with higher unobserved abilities have a greater likelihood of being 

matched with teachers with stronger credentials (e.g. with teachers having more years of 

experience or teachers with a higher level of education) – in a process known as 

“positive matching” (Clotfelter et al., 2006)
85

 (the latter case would be problematic if 

we include teacher credentials as controls in the regressions). If correlations between the 

unobserved determinants of student achievement and the included regressors result due 

to such non-random sorting (or indeed, for any other reason), then OLS estimations of 

                                                           
83

 Subject 2 denotes either English or Social Studies. 
84

 Consider the fact that schools in disadvantaged districts, where students tend to be lower achieving, are 

typically the ones suffering from staffing shortages (Ingersoll, 2004). If such schools attempt to mitigate 

the shortage of teachers by hiring internationally, then students from these schools will have a greater 

likelihood of being assigned a foreign teacher.  
85

 In theory, it may also be possible for negative matching to occur. This can happen if returns to teaching 

quality are highest for the low-ability students. In this case, school administrators seeking to maximise 

aggregate student achievement may assign less-able students to teachers with stronger credentials. 

However, negative matching does not appear to be supported by the available empirical evidence 

(Clotfelter et al., 2006).  
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equations (3.1) and (3.2) will produce biased estimates of the true causal effect of 

having a foreign-born teacher. Of course, a number of strategies may be used to reduce 

the bias that arises from the non-random matching of students with teachers. These 

include incorporation of a comprehensive set of student, family background, teacher, 

class, and school level variables into the regressions to try to control for such sorting 

behaviour as well as the use of school fixed effects to ensure that the bias due to the 

sorting of students or teachers across schools is eliminated (note, however, that using 

school fixed effects will not solve the bias that arises from the non-random sorting of 

teachers and students among classrooms within schools). As far as possible, these 

strategies will be employed in the study to minimise the bias from non-random sorting. 

This said, it would clearly be impossible to try to control for all the determinants that 

influence student achievement. Some variables (such as student ability or motivation) 

are difficult to measure or may simply be unobserved. Hence, trying to control for them 

in a regression setting would be a futile endeavour.   

To further minimise any bias due to the non-random sorting of teachers and 

students among classrooms within schools, I employ the following approach as a 

robustness exercise: Because the NELS dataset allows one to observe a given student’s 

performance and teachers’ attributes in 2 different disciplines (see Section 3.3), it is 

possible to estimate a within-student relationship between teacher nativity and student 

academic performance. Following the approach taken by Dee (2007) and Clotfelter et 

al. (2010), 

Equations (3.1) and (3.2) are first-differenced to yield: 

           (       )   (   
     

 )  (         )                

As before,   captures the relationship between teacher nativity and student 

performance. However, differencing effectively removes the unobserved student effect 

  . Hence, estimating the above first-difference (FD) specification ensures that the 

estimates of   will not be biased by the presence of subject-invariant unobserved 

student attributes (which could otherwise be correlated with some, or all, of the included 

covariates). Note, however, that this first-differencing procedure will not mitigate the 

bias due to subject-varying unobserved determinants of student performance (say, if a 

student’s ability or motivation differs in the 2 subjects). Also, it will not address the bias 

due to the omission of unobserved teacher or classroom determinants of student 
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achievement (e.g. teacher quality or motivation) that are correlated with any of the 

included explanatory variables.     

The differencing procedure implies that the effect of having a foreign-born teacher 

is estimated within students. In other words, the coefficient on the teacher nativity 

variable is identified based on the variation in teacher nativity across the 2 subjects for 

each student. Hence, the bias that occurs in estimates of   due to the non-random 

sorting of students and teachers across classrooms within schools, is addressed.  

Note that, in this study, the main purpose of the within-student analysis is to 

complement the results from the standard cross-sectional approach (by serving as a 

robustness check) and does not constitute a preferred approach because the first-

differencing procedure results in a situation where there is little variation in the first-

differenced teacher nativity variable across students for identifying the effect of 

interest
86

. The reason is because most students in the dataset had been assigned a native-

born teacher in both subjects. Furthermore, of those students that had foreign teachers, 

many had foreign-born teachers in both subjects (either because the schools they 

attended tend to be staffed by relatively more foreign teachers in all subjects or because 

the student had the same teacher in both subjects). As such, the first-differenced nativity 

variable is equal to 0 (i.e.              ) for the vast majority of students in the 

dataset. Only the very small number of students in the dataset who had a foreign teacher 

in one subject and a native teacher in the second subject would have       . The 

lack of variation in the first-differenced teacher nativity variable across students implies 

that   tends to be estimated rather imprecisely when the within-student approach is 

employed. Furthermore, measurement errors in the explanatory variables, which bias 

the estimated effect of having a foreign teacher toward zero, tend to be magnified when 

first-differencing or fixed effects are used (Griliches and Hausman, 1986). This again 

implies that any foreign teacher effect will likely be underestimated with a within-

student approach. 

 

                                                           
86

 The foreign teacher variable has a very small within standard deviation of 0.108.  
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3.5 EMPIRICAL ANALYSIS 

3.5.1 Main Results 

Table 3.2 presents results from a variety of regressions showing the estimated 

effect of having a foreign teacher on student achievement. Columns (1) to (6) of the 

table report results from estimations that employ the standard cross-sectional approach 

(that is, the OLS estimates based on equations (3.1) and (3.2)) while columns (7) to (9) 

report results from estimations that employ the matched-pairs within-student approach 

(that is, the first-difference (FD) estimates based on equation (3.3)). Specifically, 

column (1) displays the OLS estimate from running a stacked version of equations (3.1) 

and (3.2) in the absence of any controls (apart from subject fixed effects). Columns (2) 

through to (5) show the estimates when controls for teacher and class attributes
87

 

(Column (2)), student characteristics and prior grades
88

 (Column (3)), students’ family 

background characteristics
89

 (Column (4)), and observable school attributes
90

 (Column 

                                                           
87

 Included in the set of teacher characteristics are dummy variables for the teacher’s sex, race / ethnicity, 

type of teaching certification, highest level of education attained, years of teaching experience at the 

elementary / secondary school level, and whether the teacher works on a full-time basis. Observations 

may have teachers that fall into 1 of 4 race / ethnic categories: non-Hispanic White teacher; non-Hispanic 

Black teacher; Hispanic teacher; or teacher of Other Race. The base group is “non-Hispanic White 

teacher”. Observations may have teachers that fall into 1 of 4 teaching certification categories: Standard 

teaching certification; Probationary teaching certification; Temporary teaching certification; or No 

teaching certification. The base group is “No teaching certification”. Observations may fall into 1 of 5 

categories with regards to the teacher’s highest level of education: Teacher does not have a Bachelor’s 

degree; Teacher has a Bachelor’s degree; Teacher has a Master’s degree; Teacher has an Education 

Specialist degree; or Teacher has a PhD degree. The base category is “Teacher has a Bachelor’s degree”. 

With regards to the teacher’s years of teaching experience, observations may fall into 1 of 9 categories: 

less than 3 years; 4-6 years; 7-9 years; 10-12 years; 13-15 years; 16-18 years; 19-21 years; 22-24 years; or 

25 or more years. The base category is “less than 3 years” of teaching experience. Years of teacher 

experience is intentionally specified using a series of indicator variables (rather than a continuous 

variable) so as to allow for the returns to teacher experience to be nonlinear (see Clotfelter et al., 2006, 

2007, 2010). Included in the set of class characteristics are the number of students enrolled in the 

student’s subject class (i.e. class size) and the percentage of students in the class that are limited English 

proficient. 
88

 Included in the set of student characteristics are dummy variables for the student’s sex, race / ethnicity, 

and his/her previous grades in the subject under investigation. For race / ethnicity, observations can fall 

into 1 of 5 groups: Asian/Pacific; Hispanic; non-Hispanic Black; American Indian/Alaskan Native; or 

non-Hispanic White. The base group is “non-Hispanic White”. The student’s prior grades in the subject is 

indicated by 5 dummy variables: whether the student received mostly A, mostly B, mostly C, mostly D, 

or mostly below D grades in the subject from grade 6 up till the survey date. The excluded base group is 

“Student received mostly A grades in the given subject from grade 6 up till the survey date”. Including 

prior grades in the regressions controls for students’ prior knowledge in the subject and accounts for the 

cumulative nature of the educational process (Hanushek, 1979, 1986). Note that once prior grades are 

controlled for, I am in effect estimating a value-added model. 
89

 Included in the set of family characteristics are dummy variables for annual family income, the highest 

level of education attained by either of the student’s parents, and whether English is predominantly 

spoken in the student’s home. It also includes a continuous variable indicating family size. Observations 

may fall into 1 of 10 family income categories: below $10,000; $10,000-$14,999; $15,000-$19,999; 

$20,000-$24,999; $25,000-$34,999; $35,000-$49,999; $50,000-$74,999; $75,000-$99,999; $100,000-

$199,999; or $200,000 and above. The base group is “below $10,000”. Observations may fall into 1 of 6 

parent education categories: Parent has less than high school education; Parent is a high school graduate; 

Parent has some college education (but did not graduate from college); Parent is a college graduate; 
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(5)) are successively added to the regression. Column (6) presents the estimate when 

controls for observable school characteristics are replaced by school fixed effects
91

. For 

the within-student analysis, column (7) presents the FD estimate from running equation 

(3.3) in the absence of controls (apart from subject fixed effects). Column (8) shows the 

estimate when teacher and class attributes are additionally controlled for in the 

regression. Finally, column (9) displays the estimate when students’ prior grades are 

added as controls
92

. The coefficient estimates for the included control variables are 

found in Table 3.A2 of the Appendix.  

The purpose of starting with regression models without any controls and then 

adding groups of explanatory variables in a successive manner is to allow one to 

identify the set of observable attributes which matter most for foreign teacher selection. 

To correct for potential intra-school correlations, in all analyses, I present standard 

errors which are clustered at the school level. 

                                                                                                                                                                          
Parent has a Master’s degree; or Parent has a PhD. The base category is “Parent has less than high school 

education”. 
90

 Included in the set of school-level characteristics are dummy variables for school enrolment, the share 

of minority students in the school, the share of students from single parent families, and the share of 

students on reduced price or free lunch programmes. Indicator variables for whether the school is private 

(or public) and whether the school is located in an urban, suburban, or rural area are also included (the 

base category is “urban area”). Observations may fall into 1 of 7 categories in regards to school 

enrolment: 1-199; 200-399; 400-599; 600-799; 800-999; 1000-1199; or 1,200 or more students. The base 

category is “1,200 or more students”. Observations may fall into 1 of 6 categories in regards to the share 

of minority students in the school: 0-10%; 11-20%; 21-40%; 41-60%; 61-90%; or 91-100%. The base 

category is “0-10%”. Observations may fall into 1 of 6 categories with regards to the share of students on 

reduced price or free lunch programmes: 0-10%; 11-20%; 21-30%; 31-50%; 51-75%; or 76-100%. Again, 

the base category is “0-10%”. Lastly, observations may fall into 1 of 5 categories in regards to the share 

of students from single parent families: 0-25%; 26-50%; 51-75%; 76-99%; or 100%. The base category is 

“0-25%”. 
91

 By including school fixed effects, the coefficient on the teacher nativity dummy would be identified on 

the basis of variation in teacher nativity across students within each school (i.e. the coefficient on the 

teacher nativity dummy would effectively be picking up the within-school relationship between student 

achievement and teacher nativity). Hence, conditioning on school fixed effects addresses any potential 

bias due to the non-random sorting of students with teachers across schools. However, because many of 

the foreign teachers in the dataset are clustered in the same schools (foreign teachers came from only 156 

of the 1,052 schools), a specification with school fixed effects may not have as much statistical power 

compared to one conditioning only on observable school characteristics. This is because inclusion of 

school fixed effects comes at a cost of drastically reducing the degrees of freedom of the estimation. 
92

 Recall that due to first-differencing, all characteristics that do not vary across subjects for a given 

student will be removed from equation (3.3). Hence subject-invariant characteristics (such as student and 

family characteristics) need not (and cannot) be controlled for in regressions employing the within-

student approach. 
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Table 3.2: Estimated Effect of a Foreign Teacher on Test Scores (Full Sample) 

 

OLS 

     

FD 

  

 

Controls 

 

(1) (2) (3) (4) (5) (6) (7) (8) (9) 

Independent 

variable No Controls 

Teacher and 

Class 

Characteristics 

Col 2 plus Student 

Characteristics and 

prior grades 

Col 3 plus 

Family 

Characteristics 

Col 4 plus 

School 

Characteristics 

Col 4 plus 

School FE No Controls 

Teacher and 

Class 

Characteristics 

Col 8 plus 

prior grades 

Foreign 

Teacher -0.095 0.119 0.104 0.082 0.078 0.024 0.022 0.057 0.049 

 

(0.085) (0.089) (0.069) (0.052) (0.049) (0.047) (0.052) (0.058) (0.058) 

          Observations 42,588 41,142 41,142 40,755 40,459 40,755 20,212 18,987 18,114 

R-Squared 0.001 0.038 0.248 0.310 0.317 0.392 0.001 0.003 0.019 
 

         Notes: All models include subject fixed effects. NELS sample weights are used in all regressions. Standard errors in parentheses are cluster-robust standard errors that allow for 

correlation in individual error terms within schools. *** denotes a coefficient significant at the 1% level, ** denotes a coefficient significant at the 5% level, * denotes a coefficient 

significant at the 10% level. 

1
3

1
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The estimate in column (1) of Table 3.2 indicates that, on average, students with 

foreign teachers receive lower test scores relative to those with native teachers. 

However, when teacher and classroom characteristics are added to the regression, the 

magnitude and the sign of the coefficient estimate on the foreign teacher dummy 

changes dramatically. More precisely, the coefficient turns positive and is economically 

sizeable (0.119 standard deviations). Since stronger teacher credentials appear to have a 

positive impact on student test scores (see column (6) of Table 3.A2), the direction of 

the bias implies that foreign teachers tend to possess weaker credentials / teach classes 

that are academically weaker compared to native teachers. The coefficient estimates of 

the foreign teacher variable remain positive, although they decrease somewhat in 

magnitude, as student, family background, and school characteristics are successively 

controlled for in the regressions. The estimate in column (5) indicates that holding a 

range of observable student, family, teacher, class and school characteristics constant, 

having a foreign teacher increases student achievement by 0.078 standard deviations. 

Although the point estimate is not statistically significantly different from zero, the 95% 

confidence interval for the effect size lies between -0.02 and +0.17 standard deviations. 

The inclusion of school fixed effects in the regression does not alter the sign of the 

estimated coefficient, though it leads to a considerable fall in its magnitude (to about 

one-third of its existing value). The FD estimates presented in columns (7) through (9) 

are likewise positive, though again, none are statistically different from zero. Despite 

this, the 95% confidence interval for the effect size in column (9) (i.e. the specification 

with the full set of controls included) lies between -0.06 and +0.16 standard deviations. 

While none of the estimates are statistically significant at the conventional levels, they 

do at least suggest that foreign teachers are likely to have non-negative impacts on 

student achievement. 

The estimated coefficients on the control variables are of the expected signs and 

are consistent with the findings from previous literature
93

 (see column (6) of Table 

3.A2, which shows the full set of student, teacher, class, and family background control 

variables and their estimated coefficients). For example, a student’s past performance 

(prior grades) in a subject is a good predictor of his/her current achievement in the 

subject; students obtaining good grades in a given subject previously have a greater 

likelihood of receiving a higher test score in the subject. All else equal, Hispanic, Black, 

and American Indian / Alaskan students perform less well than White students; female 
                                                           
93

 See, for example, Clotfelter et al. (2006, 2007, 2010), Goldhaber and Brewer (1997, 2000), Goldhaber 

and Anthony (2007), and Lazear (2001). 



 

133 
 

students perform less well than males; students from larger families perform worse 

compared to those with smaller families; and students that use only, or predominantly, 

English at home perform better than those that do not. The educational achievement of a 

student’s parents is a significant predictor of student achievement: the coefficients on 

the parent education dummies indicate that, ceteris paribus, students with parents that 

have higher education levels receive higher achievement scores. Family incomes are 

also positively associated with student achievement, with students from richer families 

generally outperforming those from poorer ones.   

Besides the above student and family background characteristics, the results in 

Column (6) of Table 3.A2 also indicate that teacher credentials and class attributes 

matter importantly for student achievement. For instance, compared to students 

assigned to a White teacher, students assigned to a Black teacher receive significantly 

lower test scores. Also, as compared to students having a teacher with no teaching 

certification, students having a teacher with at least some form of teaching certification 

(i.e. Standard, Probationary, or Temporary certification) perform significantly better. 

While students with teachers having higher degrees (i.e. Master’s, Education Specialist, 

PhD) do not perform significantly differently from those with teachers having only a 

Bachelor’s degree, other things equal, students with teachers that have lower than a 

Bachelor’s qualification perform significantly worse than those with teachers that have 

a Bachelor’s degree. Teacher experience is also a significant predictor of student 

achievement. Consistent with the findings from the extant literature, the coefficients on 

the teacher experience indicator variables suggest that the returns to teacher experience 

are non-linear. In particular, most of the gains in achievement associated with teacher 

experience occur between the 6
th

 to the 9
th

 year of teaching, although the estimated 

coefficient rises to a peak of 0.122 for students having teachers with between 19 to 21 

years of experience. Other things equal, students with teachers having more than 3 years 

of teaching experience perform better than those with novice teachers (teachers having 3 

or less years of experience). These findings corroborate with those from previous work 

by Clotfelter et al. (2006, 2007, 2010) and Goldhaber and Anthony (2007). In terms of 

classroom characteristics, the results in Column (6) of Table 3.A2 indicate that class 

size has a positive effect on student achievement. However, this may be reflective of 

efforts by school administrators to assign weaker students to smaller classes so that 

these students can receive greater attention from their teachers (Clotfelter et al., 2006; 

Lazear, 2001). In addition, the percentage of limited English proficient students in a 
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student’s class is also a significant predictor of student achievement; students in classes 

with a greater proportion of limited English proficient students perform significantly 

worse than those in classes with a smaller proportion of such students. 

Although school attributes do not explain the variation in test scores as much as 

either student or family background observables, the results in column (5) of Table 3.A2 

indicate that they do have some part to play in influencing student achievement. For 

instance, the results show that, all else equal, students from public schools achieve 

lower test scores compared to those from private schools. Also, students from schools 

with a larger share of students on free or reduced price lunch programmes perform 

significantly worse than those from schools with a smaller share of such students. Such 

findings are typical in the Economics of Education literature (Goldhaber and Brewer, 

1997).  

It is reassuring to know that the estimated coefficients of the control variables 

from the FD specifications are also similar to those described above (see column (8) of 

Table 3.A2)
94

. For instance, a student who obtains a good grade in a given subject 

previously has a greater likelihood of receiving a higher achievement score in that 

subject; Hispanic and Black teachers are less effective than White teachers; compared to 

having a teacher with no teaching certification, having a teacher with some form of 

teaching certification (i.e. Standard, Probationary, or Temporary certification) increases 

student achievement significantly. Also, classrooms with a larger proportion of limited 

English proficient students are associated with lower achievement scores.       

Recall that we are interested to know whether the effect of having a foreign 

teacher is different for native and foreign students. To answer this question, I repeat the 

analyses described above, separately for the sample of native and foreign students. For 

the sake of brevity however, in what follows, I concentrate only on presenting and 

discussing the results from fully-specified models (for example, in Table 3.2, this would 

correspond to models in columns (5), (6), and (9)).  

                                                           
94

 The non-significant coefficients on many of the teacher qualifications and experience variables in the 

within-student analysis are likely due to a lack of sufficient variation in the first-differenced teacher 

variables across students. In some schools in the U.S., teachers teaching at the 8
th

 grade are expected to 

provide instruction for all subjects for one class of students (U.S. Bureau of Labor Statistics, 2012). In the 

dataset, a number of students actually had the same teacher in both subjects. As such, most, or all, of the 

variables in the vector (   
     

 ) (see equation 3.3) are equal to 0 for these students. Since there is a lack 

of variation in the first-differenced constituents of (   
     

 ) across  , the parameters included in   will 

be estimated imprecisely. 
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Table 3.3 reports, separately for native students and foreign students, the 

estimated effect on student achievement of having a foreign teacher. Columns (1), (2), 

(3), (5), (6), and (7) of the table report results from estimations that employ the standard 

cross-sectional approach while columns (4) and (8) report results from estimations that 

employ the matched-pairs within-student approach. Specifically, columns (1) and (5) 

display the OLS estimates from running stacked versions of equations (3.1) and (3.2) in 

the absence of any controls (apart from subject fixed effects) while columns (2) and (6) 

present the estimates after student, family background, teacher, class, and school 

characteristics have been accounted for. Columns (3) and (7) show the estimates when 

observable school attributes in the regressions are replaced instead with school fixed 

effects. Finally, columns (4) and (8) report the estimates from running the first-

differenced equation (3.3) with controls included for subject fixed effects, teacher and 

class-level characteristics
95

 and the previous grades received by the student for the 

subject.   

Interestingly, for native students, the OLS estimate from the model without 

controls (Column 1) indicates that students with foreign teachers receive higher test 

scores, on average, compared to those with native teachers. As student, family, teacher, 

classroom, and school variables are added to the regression, the familiar pattern seen for 

the full sample of students re-emerges; more precisely, the estimated coefficient on the 

foreign teacher dummy increases in magnitude (to 0.106) and becomes statistically 

significant at the 5% level. The estimate in column (2) suggests that holding all 

observable attributes constant, having a foreign teacher increases native student 

achievement by approximately 0.11 standard deviations (statistically significant at the 

5% level). This effect size is comparable to that relating to English home language use: 

as compared to a student that speaks only or primarily English at home, a student that 

does not, performs approximately 0.1 standard deviations lower, all other factors being 

the same. Once the regression conditions on school fixed effects however, the estimated 

coefficient decreases in magnitude (to 0.064) and loses its statistical significance. 

However, the 95% confidence interval for this effect lies between -0.03 and +0.16 

standard deviations. As with the case of the full student sample, the FD estimate 

obtained in column (4) is positive (0.071 standard deviations) but is not statistically 

significant at the conventional levels. Despite this, the 95% confidence interval for the 

effect lies mostly in the positive range: between -0.05 and +0.19 standard deviations.
                                                           
95

 All student and family background observables drop out from this model since these characteristics do 

not vary across subjects.  



 

136 
 

Table 3.3: Estimated Effect of a Foreign Teacher on Test Scores, by Student Nativity 

 

Native Students 

  

Foreign Students 

 

 

OLS OLS OLS FD OLS OLS OLS FD 

Independent variable (1) (2) (3) (4) (5) (6) (7) (8) 

         Foreign Teacher 0.090 0.106** 0.064 0.071 -0.213*** -0.069 -0.051 -0.018 

 

(0.088) (0.053) (0.048) (0.062) (0.061) (0.077) (0.086) (0.080) 

         

Subject Fixed Effects X X X X X X X X 

Teacher, Class Controls & Previous Grades  X X X  X X X 

Student & Family Controls  X X   X X  

Observable School Characteristics  X    X   

School Fixed Effects   X    X  

Student Fixed Effects    X    X 

         

Observations 37,571 35,894 36,126 16,207 4,936 4,565 4,629 1,883 

R-Squared 0.001 0.312 0.392 0.021 0.008 0.313 0.500 0.030 

         Notes: Columns (1) and (5) display the OLS estimates from running stacked versions of equations (3.1) and (3.2) in the absence of any controls (apart from subject 

fixed effects). Columns (2) and (6) show the estimates after student, family background, teacher, class, and school characteristics have been accounted for. Columns 

(3) and (7) show the estimates when controls for observable school attributes are replaced by school fixed effects. Columns (4) and (8) report the estimates from 

running the first-differenced equation (3.3) with controls included for subject fixed effects, teacher and class-level characteristics and the previous grades received by 

the student for the subject. NELS sample weights are used in all regressions. Standard errors in parentheses are cluster-robust standard errors that allow for 

correlation in individual error terms within schools. *** denotes a coefficient significant at the 1% level, ** denotes a coefficient significant at the 5% level, * 

denotes a coefficient significant at the 10% level.  
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For foreign students, the estimated coefficient on the foreign teacher variable in 

column (5) indicates that individuals with foreign teachers are associated with lower 

achievement scores (this negative relationship is very statistically significant). Once 

student, family, teacher, classroom, and school characteristics are controlled for, 

however, the effect size of having a foreign teacher diminishes by about 70 percent and 

is no longer statistically significant (-0.07 standard deviations). The estimated effect 

changes little in either magnitude or statistical significance when observable school 

characteristics are replaced with school fixed effects in the regression. As with the OLS 

estimates in columns (6) and (7), the estimate obtained from the FD specification 

(Column (8)) is negative and statistically non-significant. 

The results from Table 3.3 suggest that while foreign-born teachers have a 

positive impact on the academic achievements of native students, they do not have 

similar positive impacts on the achievements of foreign students. 

The lack of statistical significance in the FD estimates is likely due to insufficient 

variation in the first-differenced teacher nativity variable across students. As mentioned 

in Section 3.4, most students in the dataset had been assigned a native teacher in both 

subjects. Of those students that actually had foreign teachers, many had foreign teachers 

in both subjects (either because the schools they attended tend to be staffed by relatively 

more foreign teachers in all subjects or because the student had the same teacher in both 

subjects). As such, the first-differenced teacher nativity variable is equal to 0 for the 

vast majority of students in the dataset. Only a very small number of students in the 

dataset that had a foreign teacher in one subject and a native teacher in the second 

subject had a first-differenced teacher nativity variable equal to +1 or -1. The lack of 

variation in the first-differenced teacher nativity variable across students implies that   

tends to be estimated rather imprecisely with a within-student approach. Nevertheless, it 

serves as a useful robustness check for the OLS estimates based on the cross-sectional 

approach.  

 

3.5.2 An Alternative Specification 

In all regressions performed in the former section (Section 3.5.1), care was taken 

to control for teacher ethnicity because it may be correlated with student achievement 

and teacher nativity. However, controlling for teacher ethnicity may not be ideal since a 

lot of the variation from the teacher nativity variable may be absorbed by also 



 

138 
 

controlling for teacher ethnicity (for example, in the dataset, approximately half of all 

foreign-born teachers are identified as Hispanic. Table 3.A1 shows the breakdown of 

foreign teachers by subject and ethnicity). To circumvent this problem, I estimate 

specifications which allow for student achievement to vary across 4 different groups of 

teachers defined by nativity / ethnicity (Foreign-born Hispanic teachers, Foreign-born 

White teachers, Foreign-born teachers of “Other Race”, and Native-born teachers). 

Operationally, this involves replacing the single teacher nativity dummy in equations 

(3.1), (3.2), and (3.3) with indicator variables for foreign-born Hispanic, foreign-born 

White, and foreign-born teacher of “other race”
96

 and then leaving out all teacher 

ethnicity controls. The excluded base category is the group of native teachers (of all 

ethnicities). This way, the alternative specifications allow one to compare how foreign 

teachers of different ethnicities (Hispanic, White, and “Other Race”) affect student 

achievement relative to native teachers. 

                                                           
96

 Here, foreign-born teachers of “other race” include all Black, non-White, and non-Hispanic teachers 

that speak a non-English native language. I do not create a separate dummy variable for foreign-born 

Black teachers as the sample size for this group is too small. 
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Table 3.4: Estimated Effects of Foreign Teachers of Different Ethnicities on Test Scores (Full Sample) 

 

OLS 

     

FD 

  

 

Controls 

 

(1) (2) (3) (4) (5) (6) (7) (8) (9) 

Independent 

variable No Controls 

Teacher and 

Class 

Characteristics 

Col 2 plus 

Student 

Characteristics 

and prior 

grades 

Col 3 plus 

Family 

Characteristics 

Col 4 plus 

School 

Characteristics 

Col 4 plus 

School FE No Controls 

Teacher and 

Class 

Characteristics 

Col 8 plus 

prior grades 

          Foreign 

Hispanic 

Teacher -0.411*** -0.302*** -0.178** -0.070 -0.013 -0.079* -0.053 -0.043 -0.052 
 

(0.090) (0.103) (0.070) (0.053) (0.052) (0.047) (0.048) (0.055) (0.058) 

Foreign White 

Teacher 0.229** 0.272** 0.218** 0.158** 0.140** 0.098* 0.063 0.080 0.072 

 

(0.111) (0.113) (0.086) (0.065) (0.061) (0.059) (0.080) (0.079) (0.078) 

Foreign 

Teacher of 

Other Race -0.221 -0.022 -0.052 -0.068 -0.064 -0.144 0.044 0.057 0.062 

 

(0.177) (0.178) (0.137) (0.119) (0.104) (0.105) (0.071) (0.078) (0.078) 

          Observations 43,011 41,253 41,253 40,865 40,569 40,865 20,571 19,082 18,207 

R-Squared 0.004 0.018 0.247 0.310 0.317 0.393 0.001 0.003 0.019 

          Notes: All models include subject fixed effects. Foreign teachers of other race include all Black, non-White, and non-Hispanic teachers that speak a non-English native 

language. The excluded base category is the group of native teachers. NELS sample weights are used in all regressions. Standard errors in parentheses are cluster-robust 

standard errors that allow for correlation in individual error terms within schools. *** denotes a coefficient significant at the 1% level, ** denotes a coefficient significant 

at the 5% level, * denotes a coefficient significant at the 10% level. 
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The estimated effects of teacher nativity on student test scores based on the 

modified specifications are reported in Table 3.4 (the estimated coefficients on the 

control variables, presented in Table 3.A3, are remarkably similar to those shown in 

Table 3.A2). Both native and foreign students are included in the sample. Table 3.4 is 

identical in structure to Table 3.2
97

. As before, the strategy is to add groups of 

explanatory variables successively to the regressions to see how the estimates change. 

This will provide an indication for the attributes which matter most for foreign teacher 

selection. As can be seen, the pattern of results from the OLS specifications (i.e. 

Columns (1) through (6)) is similar and it indicates that foreign-born White teachers 

have positive effects on student achievement relative to native teachers; the estimated 

effect of a foreign White teacher is positive and statistically significant (at least at the 

10% level) across all 6 specifications. The coefficient estimate on the foreign White 

teacher dummy in column (5) implies that holding all observables constant, having a 

foreign White teacher is estimated to increase student achievement by 0.14 standard 

deviations (this effect is statistically significant at the 5% level). The size of the 

estimated effect falls somewhat (to 0.1) in the specification with school fixed effects, 

but nonetheless, remains statistically significant at the 10% level. The estimated 

coefficients on the foreign White teacher dummy from the FD specifications (Columns 

(7) to (9)) are likewise positive, though they are smaller in magnitude and are not 

statistically significant.  

A different picture emerges, however, in the case of foreign Hispanic teachers. In 

particular, the results from the OLS specification conditioning on school fixed effects 

(i.e. Column (6)) indicate that compared to students assigned to native teachers, those 

assigned to foreign Hispanic teachers attain lower achievement scores, all else equal. 

The results from the within-student analysis support the interpretation that foreign 

Hispanic teachers have a non-positive effect relative to native teachers; across all 3 FD 

specifications, the estimated coefficients on the foreign Hispanic teacher dummy are 

negative (though they are not statistically significant). The results suggest that foreign 

Hispanic teachers may have a negative effect on student achievement, relative to native 

teachers.

                                                           
97

 Columns (1) to (6) report results from estimations that employ the standard cross-sectional approach 

while columns (7) to (9) report results from estimations that employ the within-student approach. 
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Table 3.5: Estimated Effects of Foreign Teachers of Different Ethnicities on Test Scores, by Student Nativity 

 

Native Students 

 

Foreign Students 

 

 

OLS OLS OLS FD OLS OLS OLS FD 

Independent variable (1) (2) (3) (4) (5) (6) (7) (8) 

         Foreign Hispanic Teacher -0.212* -0.049 -0.016 -0.001 -0.292*** -0.032 -0.099 -0.121* 

 

(0.127) (0.085) (0.059) (0.065) (0.067) (0.066) (0.064) (0.070) 

Foreign White Teacher 0.277** 0.155** 0.101* 0.082 0.098 0.053 0.130 0.017 

 

(0.110) (0.062) (0.059) (0.079) (0.147) (0.116) (0.149) (0.138) 

Foreign Teacher of Other Race -0.126 -0.043 -0.039 0.085 -0.235** -0.205* -0.252* -0.116 

 

(0.209) (0.118) (0.099) (0.089) (0.103) (0.115) (0.129) (0.110) 

         

Subject Fixed Effects X X X X X X X X 

Teacher, Class & Previous Grades  X X X  X X X 

Student & Family Controls  X X   X X  

Observable School Characteristics  X    X   

School Fixed Effects   X    X  

Student Fixed Effects    X    X 

         Observations 37,897 35,992 36,224 16,290 5,029 4,577 4,641 1,893 

R-Squared 0.002 0.312 0.393 0.021 0.011 0.314 0.502 0.027 

         Notes: Columns (1) and (5) display the OLS estimates from running stacked versions of equations (3.1) and (3.2) in the absence of any controls (apart from subject fixed effects). Columns (2) 

and (6) show the estimates after student, family background, teacher, class, and school characteristics have been accounted for. Columns (3) and (7) show the estimates when controls for 

observable school attributes are replaced by school fixed effects. Columns (4) and (8) report the estimates from running the first-differenced equation (3.3) with controls included for subject 

fixed effects, teacher and class-level characteristics and the previous grades received by the student for the subject. Foreign teachers of other race include all Black, non-White, and non-

Hispanic teachers that speak a non-English native language. The excluded base category is the group of native teachers. NELS sample weights are used in all regressions. Standard errors in 

parentheses are cluster-robust standard errors that allow for correlation in individual error terms within schools. *** denotes a coefficient significant at the 1% level, ** denotes a coefficient 

significant at the 5% level, * denotes a coefficient significant at the 10% level.  
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To examine whether the effects of foreign teachers vary by student nativity, I 

repeat the above analyses separately for the sample of native and foreign students. Table 

3.5 reports, respectively for native students and foreign students, the estimated effect on 

student achievement of having a foreign Hispanic, foreign White, and foreign teacher of 

“other race” (all relative to a native teacher). Table 3.5 is structurally identical to Table 

3.3
98

. The pattern of results for native students is very similar to the one obtained for the 

full sample of students. In particular, holding all observable attributes constant, a native 

student with a foreign White teacher is found to achieve test scores that are 

approximately 0.16 standard deviations higher (significant at the 5% level) compared to 

one with a native teacher (Column (2)). The estimated effect falls to 0.1 standard 

deviations when school observables in the regression are replaced by school fixed 

effects (Column (3)). However, it remains statistically significant at the 10% level. 

These results indicate that assignment to a foreign White teacher has a positive impact 

on the educational achievement of native students.  

For foreign students, the coefficient estimate on the foreign teacher of other race 

dummy in column (6) indicates that holding all observable characteristics constant, 

students assigned to foreign teachers of “other race” achieve test scores that are about 

0.21 standard deviations lower (significant at the 10% level) than those assigned to 

native teachers. The coefficient estimate increases in magnitude (to -0.25) when school 

fixed effects are included in the regression. The estimate on the foreign Hispanic teacher 

dummy from the FD specification in column (8) indicates that students with foreign 

Hispanic teachers achieve test scores that are approximately 0.12 standard deviations 

lower (significant at the 10% level) than those with native teachers. Hence, the results 

here provide some evidence that assignment to foreign Hispanic teachers and foreign 

teachers of “other race” have negative effects on the achievements of foreign students. 

 

3.5.3 Does the Effect of a Foreign Teacher Vary by Subject? 

Thus far, the analysis presented implicitly assumes that the effect of a foreign 

teacher on student achievement does not vary across subjects. However, this assumption 

may not be reasonable. For instance, since communication skills may be more important 

in bringing ideas across to students in some subjects (such as in English or Social 

                                                           
98

 Columns (1), (2), (3), (5), (6), and (7) of the table report results from estimations that employ the 

standard cross-sectional approach while columns (4) and (8) report results from estimations that employ 

the matched-pairs within-student approach. 
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Studies) than in others (such as in Science or Math), it may be possible that the English 

language deficiencies among foreign teachers may render them less effective in 

teaching those subjects requiring greater communication abilities (English and Social 

Studies). Hence, in this section, I relax the assumption of a common treatment effect 

and allow the effect of a foreign teacher on student achievement to vary by subject. This 

is done by employing the cross-sectional approach and estimating the specification 

given by equation (3.1) (or (3.2)), separately by subject. For brevity reasons, for each of 

the 4 subjects: namely, Science, Mathematics, English, and Social Studies, I present 

only the OLS estimates from running equation (3.1) (or (3.2)) with the full set of 

controls (i.e. controls for student demographic characteristics and prior grades, family 

background characteristics, as well as teacher and class attributes) and school fixed 

effects. 

Panels A, B, and C of Table 3.6 report respectively, for all students, native 

students, and foreign students, the estimated effects of having a foreign teacher on 

student achievement for each of the 4 subjects.    

The results in Panel A of Table 3.6 indicate that those in Table 3.2 did mask some 

heterogeneity in the foreign teacher effects by subject. In particular, the entries in the 

panel suggest that while having a foreign teacher in Science, Math, and Social Studies 

has a positive (but statistically non-significant) effect on student achievement in these 

subjects, having a foreign teacher in English has a negative (but statistically non-

significant) effect on English achievement scores instead.  

For native students, the results in Panel B indicate that, across all 4 subjects, 

students assigned to foreign teachers perform better than those assigned to native 

teachers (though these differences are not statistically significant), all else constant. This 

suggests that for native students, having a foreign teacher has a consistently non-

negative impact on student achievement across all 4 subjects. However, the foreign 

teacher impacts seem to be greater for Math and Science than for English and Social 

Studies. A possible reason for this finding is that instruction in English and Social 

Studies often require greater English language communication abilities (than either 

Math or Science) which foreign teachers may be lacking in. 
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Table 3.6: Estimated Effect of a Foreign Teacher on Test Scores, by Subject 

  

Science Math English Social Studies  

Panel A: All Students 

    Foreign Teacher 0.121 0.034 -0.039 0.017 

  

(0.186) (0.106) (0.097) (0.099) 

      Observations 9,944 10,362 10,676 9,773 

R-Squared 0.405 0.468 0.380 0.430 

      Panel B: Native Students Only 

    Foreign Teacher 0.237 0.118 0.032 0.039 

  

(0.179) (0.116) (0.117) (0.105) 

      Observations 8,846 9,177 9,388 8,715 

R-Squared 0.403 0.469 0.379 0.434 

      Panel C: Foreign Students Only 

    Foreign Teacher -0.519 -0.319 -0.137 0.157 

  

(0.477) (0.275) (0.210) (0.193) 

      Observations 1,098 1,185 1,288 1,058 

R-Squared 0.616 0.650 0.563 0.603 

      Note: All models include the full set of control variables (i.e. controls for student demographic 

characteristics and prior grades, family background characteristics, teacher and class attributes) 

and school fixed effects. NELS sample weights are used in all regressions. Standard errors in 

parentheses are cluster-robust standard errors that allow for correlation in individual error terms 

within schools. *** denotes a coefficient significant at the 1% level, ** denotes a coefficient 

significant at the 5% level, * denotes a coefficient significant at the 10% level. 

 

 In contrast to the findings for native students, having a foreign teacher appears to 

have less positive impacts (and indeed more negative impacts) on the achievements of 

foreign students in all subjects apart from Social Studies. The results in Panel C indicate 

that students assigned with foreign teachers in Math, Science, and English perform 

worse in these subjects compared to observationally similar students assigned with 

native teachers. Only in Social Studies do we see that students of foreign teachers do 

better (though not statistically significantly better) compared to students of native 

teachers. 
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3.6 ROBUSTNESS CHECKS 

3.6.1 Results with Spanish-Native Speaking Foreign Teachers Removed from 

Sample 

Since a non-negligible proportion of native-born secondary school teachers in the 

U.S. speak Spanish as a home language (see Figure 3.1), I repeat the analyses in Tables 

3.2 through 3.5, this time, excluding all students whose teachers speak Spanish as their 

native language from the sample in order to prevent confounding the estimate(s) of 

interest (i.e. the coefficient(s) on the teacher nativity indicator variable(s)). Hence, in 

what follows (in the present sub-section), foreign teachers are defined as all teachers 

who are native speakers of a foreign language apart from Spanish. This more restrictive 

definition of “foreignness” removed all Hispanic teachers from the sample
99

. 

Table 3.7 reports, separately for all students, native students, and foreign students, 

the estimated effect on student achievement of having a foreign (but non-Spanish native 

speaking) teacher. Columns (1), (2), (3), (5), (6), (7), (9), (10), and (11) of the table 

report results from estimations that employ the standard cross-sectional approach while 

columns (4), (8), and (12) report results from estimations that employ the matched-pairs 

within-student approach. Specifically, columns (1), (5), and (9) display the OLS 

estimates from running stacked versions of equations (3.1) and (3.2) in the absence of 

any controls (apart from subject fixed effects) while columns (2), (6), and (10) display 

the OLS estimates from regressions that additionally control for student, family, 

teacher, class, and school characteristics. Columns (3), (7), and (11) show the estimates 

when school observable controls in the regressions are replaced by school fixed effects. 

Finally, columns (4), (8), and (12) report the estimates from running the first-

differenced equation (3.3) with controls included for subject fixed effects, teacher and 

class-level characteristics
100

, and the previous grades received by the student for the 

subject.

                                                           
99

 To ensure comparability, I also removed all Hispanic teachers from the native teacher sample. Hence, 

native-born teachers in sub-section 3.6.1 are defined as all English native-speaking teachers who are non-

Hispanic. 
100

 All student and family background observables drop out from this model since these characteristics do 

not vary across subjects.  
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Table 3.7: Estimated Effect of a Non-Spanish Native Speaking Foreign Teacher on Test Scores, by Student Nativity 

  

All Students 

  

Native Students 

  

Foreign Students 

  

  

OLS OLS OLS FD OLS OLS OLS FD OLS OLS OLS FD 

Independent variable (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

              Foreign Teacher 0.189* 0.132** 0.083 0.071 0.249** 0.154** 0.099* 0.086 0.011 -0.014 0.013 -0.055 

  

(0.111) (0.063) (0.059) (0.077) (0.110) (0.063) (0.058) (0.077) (0.136) (0.112) (0.163) (0.152) 

             Subject Fixed Effects X X X X X X X X X X X X 

Teacher, Class, Prev 

Grade  X X X  X X X  X X X 

Student & Family 

Controls  X X   X X   X X  

School Characteristics  X    X    X   

School Fixed Effects   X    X    X  

Student Fixed Effects    X    X    X 

              

Observations 41,472 39,431 39,714 17,438 36,958 35,320 35,548 15,807 4,437 4,111 4,166 1,609 

R-Squared 0.001 0.316 0.392 0.021 0.001 0.312 0.392 0.022 0.004 0.322 0.517 0.037 

              Notes: Columns (1), (5), and (9) display the OLS estimates from running stacked versions of equations (3.1) and (3.2) in the absence of any controls (apart from subject fixed 

effects). Columns (2), (6), and (10) show the estimates after student, family background, teacher, class, and school characteristics have been accounted for. Columns (3), (7), and (11) 

show the estimates when controls for observable school attributes are replaced by school fixed effects. Columns (4), (8), and (12) report the estimates from running the first-

differenced equation (3.3) with controls included for subject fixed effects, teacher and class-level characteristics and the prior subject grades of a student. All native teachers in the 

sample are non-Hispanic. NELS sample weights are used in all regressions. Standard errors in parentheses are cluster-robust standard errors that allow for correlation in individual 

error terms within schools. *** denotes a coefficient significant at the 1% level, ** denotes a coefficient significant at the 5% level, * denotes a coefficient significant at the 10% 

level.  
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For all students (native and foreign), the OLS estimate in column (2) suggests that 

holding all observable (individual, family, teacher, class, and school) attributes constant, 

having a foreign teacher raises student achievement by approximately 0.13 standard 

deviations as compared to having a native teacher. The effect estimate is statistically 

significant at the 5% level. However, when school fixed effects are included in the 

regression, the estimated impact falls to about 0.08 standard deviations and loses its 

statistical significance (though the 95% confidence interval for this effect lies mostly in 

the positive range of between -0.03 and +0.20 standard deviations). The FD 

specification in column (4) yields an estimate which is similar in magnitude (0.07 

standard deviations) to the OLS estimate in column (3). 

For native students, the estimate in column (6) indicates that holding all observed 

factors constant, students assigned to foreign teachers achieve test scores that are 

approximately 0.15 standard deviations higher than those assigned to native teachers, 

which again suggests that foreign teachers have a positive impact on student 

achievement. The estimated effect of 0.15 standard deviations is economically very 

sizeable and is statistically significant at the 5% level. When school fixed effects are 

added to the regression, the effect size decreases in magnitude to roughly one-tenth of a 

standard deviation but remains statistically significant at the 10% level. The FD 

estimate in column (8) is also positive and similar in magnitude to the OLS estimate in 

column (7). However, it falls short of statistical significance.  

For foreign students, the estimated effects of foreign teachers are very small and 

weak. None of the estimated coefficients are statistically significant, due in part, to their 

large standard errors. The large standard errors are likely due to the small number of 

(non-Spanish speaking) foreign teachers in the sample of foreign students, leading to 

imprecise estimates of  . 
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Table 3.8: Estimated Effects of Non-Spanish Native Speaking Foreign Teachers of Different Ethnicities on Test Scores, by Student Nativity 

  

All Students 

  

Native Students 

  

Foreign Students 

  

  

OLS OLS OLS FD OLS OLS OLS FD OLS OLS OLS FD 

Independent variable (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

              Foreign White Teacher 0.228* 0.142** 0.094 0.075 0.275** 0.162** 0.105* 0.089 0.074 0.008 0.049 -0.015 

  

(0.121) (0.067) (0.063) (0.084) (0.120) (0.067) (0.062) (0.084) (0.166) (0.131) (0.187) (0.170) 

Foreign Teacher of Other Race -0.073 0.001 -0.027 0.046 0.046 0.028 0.025 0.054 -0.207 -0.150 -0.152 -0.108 

  

(0.230) (0.133) (0.137) (0.094) (0.247) (0.140) (0.127) (0.105) (0.139) (0.175) (0.241) (0.158) 

             

 Subject Fixed Effects  X X X X X X X X X X X X 

Teacher, Class, Prev Grade   X X X  X X X  X X X 

Student & Family Controls   X X   X X   X X  

School Characteristics   X    X    X   

School Fixed Effects    X    X    X  

Student Fixed Effects     X    X    X 

              

Observations 41,890 39,541 39,824 17,531 37,283 35,418 35,646 15,890 4,526 4,123 4,178 1,619 

R-Squared 0.001 0.315 0.392 0.020 0.001 0.312 0.392 0.021 0.005 0.323 0.518 0.034 

              Notes: Columns (1), (5), and (9) display the OLS estimates from running stacked versions of equations (3.1) and (3.2) in the absence of any controls (apart from 

subject fixed effects). Columns (2), (6), and (10) show the estimates after student, family background, teacher, class, and school characteristics have been accounted 

for. Columns (3), (7), and (11) show the estimates when controls for observable school attributes are replaced by school fixed effects. Columns (4), (8), and (12) 

report the estimates from running the first-differenced equation (3.3) with controls included for subject fixed effects, teacher and class-level characteristics  and the 

prior subject grades of a student. Foreign teachers of other race include all Black, non-White, and non-Hispanic teachers that speak a non-English native language. 

The excluded base category is the group of non-Hispanic native teachers. NELS sample weights are used in all regressions. Standard errors in parentheses are 

cluster-robust standard errors that allow for correlation in individual error terms within schools. *** denotes a coefficient significant at the 1% level, ** denotes a 

coefficient significant at the 5% level, * denotes a coefficient significant at the 10% level.  
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Table 3.8 presents, separately for all students, native students, and foreign 

students, the estimated achievement effects of a foreign White teacher and a foreign 

teacher of “other race” relative to a native teacher. Table 3.8 is identical in structure to 

Table 3.7
101

. The clearest finding for the sample of all students is that foreign White 

teachers have positive effects on achievement. More precisely, the coefficient estimate 

presented in column (2) indicates that students with foreign White teachers achieve test 

scores that are approximately 0.14 standard deviations higher (statistically significant at 

the 5% level) than those with native teachers. Although the inclusion of school fixed 

effects reduces the estimated coefficient and its statistical significance, the effect does 

come close to being significant at the 10% level. The estimated coefficient on the 

foreign White teacher dummy from the FD specification (Column (4)) is similar to the 

one from the OLS specifications; it is likewise positive and similar in magnitude to the 

one obtained in column (3). 

The results in columns (5) through (8) similarly suggest that foreign White 

teachers have a positive impact on native students’ achievement. The estimated 

coefficient on the foreign White teacher variable in column (6) indicates that, all else 

equal, students with foreign White teachers attain achievement scores that are 

approximately 0.16 standard deviations higher than students with native teachers 

(significant at the 5% level). There is little change when school fixed effects are 

included (Column (7)), although the magnitude and statistical significance of the 

estimated coefficient on the foreign White teacher dummy fall somewhat (to 0.11 

standard deviations and becomes statistically significant at only the 10% level). The 

results from the FD specification in column (8) are qualitatively similar to those from 

the OLS specification in column (7).  

Despite the removal of (students with) Spanish native-speaking teachers from the 

sample, the basic conclusion on the achievement effects of foreign teachers remains 

unchanged: The results continue to suggest that having a foreign teacher has a positive 

impact on native students’ achievement. Also, the evidence that foreign White teachers 

                                                           
101

 Columns (1), (5), and (9) display the OLS estimates from running stacked versions of equations (3.1) 

and (3.2) in the absence of any controls (apart from subject fixed effects). Columns (2), (6), and (10) 

display the OLS estimates when subject fixed effects as well as student, family background, teacher, 

class, and school characteristics have been controlled for in the regressions. Columns (3), (7), and (11) 

show the estimates when school observable controls in the regressions are replaced by school fixed 

effects. Finally, columns (4), (8), and (12) report the estimates from running the first-differenced equation 

(3.3) with controls included for subject fixed effects, teacher and class-level characteristics, and the 

previous grades received by the student for the subject.  
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have a positive impact on native students’ performance relative to native teachers 

remains.  

 

3.6.2 Comparing Foreign Teachers to Native Teachers of the Same Ethnicity 

 Thus far, the results from the analyses consistently suggest that, as compared to 

native teachers, foreign White teachers have a positive impact on native students’ 

achievement. There is also some weaker evidence that foreign Hispanic and foreign 

teachers of “other races” have a negative impact on foreign students’ achievement. 

However, it is possible that these results may have been driven by ethnic differences 

rather than by differences in nativity status. After all, regressions that include only 

ethnic controls (and which exclude the foreign teacher dummies) indicate that, all else 

equal, students of Black, Hispanic, or “other race” teachers perform worse compared to 

students of White teachers. Hence, ethnic differences may be what are really driving the 

results shown in Tables 3.2 through 3.5 and 3.7. In order to isolate the achievement 

effects due only to differences in teacher nativity, I conduct an alternative analysis 

where I compare the performances of students taught by foreign teachers to students 

taught by native teachers of the same ethnicity (for instance, I compare the test scores of 

students taught by foreign White teachers to those of students taught by native White 

teachers).  

Panel A (Panel B) [Panel C] of Table 3.9 reports, separately for native students 

and foreign students, the estimated effect on student achievement of having a foreign 

White (Hispanic) [Other Race] teacher relative to a native White (Hispanic) [Other 

Race] teacher. I employ only the cross-sectional approach here because a within-student 

approach would require that students have teachers of the same ethnicity in both 

subjects in order to qualify as an observation. Since only a small number of students 

have Hispanic (or Other Race
102

) teachers with different nativity statuses in both 

subjects, there are insufficient student observations as well as variation in the first-

differenced teacher nativity variable across students for reliable estimates to be derived. 

In all 3 panels of Table 3.9, columns (1) and (4) display the OLS estimates from 

running stacked versions of equations (3.1) and (3.2) in the absence of any controls 

(apart from subject fixed effects). Columns (2) and (5) report the OLS estimates from 

regressions that control for a range of student, family, teacher, class, and school 

                                                           
102

 Here, teachers of other race include all non-Black, non-White, and non-Hispanic teachers.  
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attributes. And finally, columns (3) and (6) show the estimates when school observable 

controls are replaced by school fixed effects in the regressions. 

 

Table 3.9: Estimated Effect of a Foreign Teacher relative to a Native Teacher of the 

Same Ethnicity, by Student Nativity 

 

Native Students 

 

Foreign Students 

 

 

(1) (2) (3) (4) (5) (6) 

Panel A: White Teachers 

Foreign Teacher 0.229** 0.151** 0.106* 0.053 0.045 0.082 

 

(0.111) (0.062) (0.060) (0.148) (0.115) (0.192) 

       Observations 33,352 31,943 32,151 3,915 3,652 3,704 

R-Squared 0.001 0.302 0.383 0.003 0.331 0.532 

       Panel B: Hispanic Teachers 

Foreign Teacher -0.068 -0.077 -0.184 -0.133 -0.256 -0.046 

 

(0.157) (0.106) (0.166) (0.150) (0.178) (0.142) 

       Observations 507 478 478 452 418 418 

R-Squared 0.009 0.507 0.555 0.029 0.371 0.507 

       Panel C: Teachers of Other Race 

Foreign Teacher 0.179 0.234 -1.108*** -0.117 -1.283 2.979 

 

(0.306) (0.229) (0.372) (0.249) (0.999) (2.026) 

       Observations 411 392 398 104 100 101 

R-Squared 0.013 0.555 0.616 0.075 0.810 0.812 

       Notes: Columns (1) and (4) report the OLS estimates in the absence of any control variables 

(apart from subject fixed effects). Columns (2) and (5) add controls for prior grades, student, 

family, teacher, class, and school observable characteristics. Columns (3) and (6) control for 

school fixed effects instead of school observables. NELS sample weights are used in all 

regressions. Standard errors in parentheses are cluster-robust standard errors that allow for 

correlation in individual error terms within schools. *** denotes a coefficient significant at the 

1% level, ** denotes a coefficient significant at the 5% level, * denotes a coefficient 

significant at the 10% level. 

  

The clearest finding from Table 3.9 is that, relative to native White teachers, 

foreign White teachers have economically large and statistically significant positive 

effects on native student achievement. As shown in column (2) of Panel A, holding all 

observable attributes constant, native students assigned to foreign White teachers 

achieve test scores that are approximately 0.15 standard deviations higher (statistically 
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significant at the 5% level) compared to those assigned to native White teachers. When 

school fixed effects are introduced, the estimated effect falls to approximately 0.11 

standard deviations but nonetheless remains statistically significant (at the 10% level).  

While the coefficient estimates from the OLS specifications pertaining to foreign 

students in Panels B and C are negative, they are generally imprecisely estimated. 

Therefore, though the signs on the coefficients are suggestive, it is difficult to conclude 

with confidence that foreign Hispanic teachers and foreign teachers of other race are 

any less effective compared to native teachers of these ethnicities in teaching foreign 

students. 

 

3.6.3 Comparing the Performances of Students with Native Teachers and those 

with Foreign Teachers only in those Schools with Foreign Teachers 

 In the NELS dataset, students with foreign teachers came from a relatively small 

number of schools (students with foreign teachers came from only 156 of the 1,052 

schools). In this section, I focus my attention on comparing the test scores of students 

with native teachers to those of students with foreign teachers only for those schools 

with at least 1 foreign teacher observation in order to identify the achievement impact of 

having a foreign teacher. Hence, my sample is limited to only students in those schools 

with at least 1 foreign teacher (observation). The aim of this exercise is to check 

whether the findings in Sections 3.5.1 and 3.5.2 are robust to this alternative sample (of 

students and teachers). 
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Table 3.10: Estimated Effect of a Foreign Teacher on Test Scores, by Student Nativity                                                                                                    

(Schools in the Sample must have at Least 1 Student Observation with a Foreign Teacher) 

 

All Students 

  

Native Students 

  

Foreign Students 

  

 

OLS OLS OLS FD OLS OLS OLS FD OLS OLS OLS FD 

Independent variable (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

             Foreign Teacher 0.011 0.109** 0.049 0.038 0.124 0.158*** 0.070 0.048 -0.090 -0.092 -0.019 -0.020 

 

(0.083) (0.048) (0.047) (0.044) (0.084) (0.047) (0.048) (0.049) (0.073) (0.079) (0.083) (0.083) 

             Subject Fixed Effects X X X X X X X X X X X X 

Teacher, Class, Prev 

Grade  X X X  X X X  X X X 

Student & Family 

Controls  X X   X X   X X  

School Characteristics  X    X    X   

School Fixed Effects   X    X    X  

Student Fixed Effects    X    X    X 

             

Observations 5,762 5,332 5,414 2,290 4,175 3,930 3,968 1,713 1,568 1,402 1,446 569 

R-Squared 0.001 0.363 0.424 0.045 0.004 0.369 0.437 0.055 0.005 0.279 0.376 0.090 

             Notes: Columns (1), (5), and (9) display the OLS estimates from running stacked versions of equations (3.1) and (3.2) in the absence of any controls (apart from subject fixed 

effects). Columns (2), (6), and (10) show the estimates after student, family background, teacher, class, and school characteristics have been accounted for. Columns (3), (7), and (11) 

show the estimates when controls for observable school attributes are replaced by school fixed effects. Columns (4), (8), and (12) report the estimates from running the first-

differenced equation (3.3) with controls included for subject fixed effects, teacher and class-level characteristics  and the prior subject grades of a student. NELS sample weights are 

used in all regressions. Standard errors in parentheses are cluster-robust standard errors that allow for correlation in individual error terms within schools. *** denotes a coefficient 

significant at the 1% level, ** denotes a coefficient significant at the 5% level, * denotes a coefficient significant at the 10% level.  
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Table 3.11: Estimated Effects of Foreign Teachers of Different Ethnicities on Test Scores, by Student Nativity                                                         

(Schools in the Sample must have at Least 1 Student Observation with a Foreign Teacher) 

 

All Students 

  

Native Students 

  

Foreign Students 

  

 

OLS OLS OLS FD OLS OLS OLS FD OLS OLS OLS FD 

Independent variable (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

             Foreign Hispanic Teacher -0.310*** -0.021 -0.069 -0.073 -0.191 -0.004 -0.004 -0.040 -0.165* -0.066 -0.088 -0.134** 

 

(0.097) (0.062) (0.053) (0.048) (0.130) (0.092) (0.062) (0.063) (0.086) (0.067) (0.067) (0.059) 

Foreign White Teacher 0.341*** 0.163*** 0.093 0.040 0.316*** 0.196*** 0.088 0.053 0.196 -0.021 0.124 -0.016 

 

(0.114) (0.055) (0.058) (0.055) (0.107) (0.052) (0.056) (0.057) (0.154) (0.119) (0.143) (0.125) 

Foreign Teacher of Other Race -0.135 -0.098 -0.176 0.007 -0.108 -0.083 -0.095 0.019 -0.118 -0.359** -0.311* -0.194 

 

(0.182) (0.109) (0.111) (0.077) (0.214) (0.127) (0.111) (0.095) (0.114) (0.147) (0.168) (0.133) 

             Subject Fixed Effects X X X X X X X X X X X X 

Teacher, Class, Prev Grade  X X X  X X X  X X X 

Student & Family Controls  X X   X X   X X  

School Characteristics  X    X    X   

School Fixed Effects   X    X    X  

Student Fixed Effects    X    X    X 

             

Observations 5,850 5,337 5,419 2,293 4,233 3,932 3,970 1,714 1,597 1,405 1,449 571 

R-Squared 0.026 0.363 0.425 0.043 0.015 0.369 0.437 0.054 0.016 0.282 0.382 0.087 

             Notes: Columns (1), (5), and (9) display the OLS estimates from running stacked versions of equations (3.1) and (3.2) in the absence of any controls (apart from subject fixed effects). Columns (2), (6), and (10) 

show the estimates after student, family background, teacher, class, and school characteristics have been accounted for. Columns (3), (7), and (11) show the estimates when controls for observable school attributes 

are replaced by school fixed effects. Columns (4), (8), and (12) report the estimates from running the first-differenced equation (3.3) with controls included for subject fixed effects, teacher and class-level 

characteristics, and the prior subject grades of a student. Foreign teachers of other race include all Black, non-White, and non-Hispanic teachers that speak a non-English native language. The excluded base 

category is the group of native teachers. NELS sample weights are used in all regressions. Standard errors in parentheses are cluster-robust standard errors that allow for correlation in individual error terms within 

schools. *** denotes a coefficient significant at the 1% level, ** denotes a coefficient significant at the 5% level, * denotes a coefficient significant at the 10% level.  
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Table 3.10 reports the estimated achievement impact of a foreign teacher 

separately, for all students, native students, and foreign students. Table 3.10 is identical 

in structure to Table 3.7
103

. As the coefficient estimates presented in Table 3.10 make 

clear, none of the conclusions made in Section 3.5.1 change in any way when the 

alternative sample of students is used. More precisely, the estimated coefficients on the 

foreign teacher dummy remain positive across all specifications for the group of native 

and all students, indicating that for both these groups, students with foreign teachers 

achieve higher test scores compared to those with native teachers, all else equal. For 

foreign students, the estimated coefficient on the foreign teacher dummy also remains 

negative across all specifications. The estimates therefore continue to suggest the same 

story as before: While foreign teachers have a positive impact on the educational 

achievements of native students, they do not have similar positive impacts on the 

educational achievements of foreign students. 

Table 3.11 presents, separately for all students, native students, and foreign 

students, the estimated achievement effects of a foreign Hispanic teacher, a foreign 

White teacher, and a foreign teacher of “other race” relative to a native teacher. Table 

3.11 is identical in structure to Table 3.10. Here too, the estimates continue to support 

the conclusions made in Section 3.5.2. For native students (and for the full student 

sample), the estimates indicate that compared to those assigned to native teachers, those 

assigned to foreign White teachers attain higher achievement scores, all else equal. For 

foreign students, the estimates indicate that compared to those assigned to native 

teachers, those assigned to either foreign Hispanic or foreign teachers of other races 

attain lower achievement scores, all else equal. Hence, the results continue to suggest 

that foreign-born White teachers have a positive impact on native student achievement 

while foreign-born Hispanic and “other race” teachers have a negative impact on 

foreign student achievement, relative to native teachers. 

The results in Tables 3.10 and 3.11 indicate that the conclusions in Sections 3.5.1 

and 3.5.2 are robust to an approach which identifies the achievement impact of having a 
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 Specifically, columns (1), (2), (3), (5), (6), (7), (9), (10), and (11) report results from estimations that 

employ the standard cross-sectional approach while columns (4), (8), and (12) report results from 

estimations that employ the within-student approach. Columns (1), (5), and (9) display the OLS estimates 

from running stacked versions of equations (3.1) and (3.2) in the absence of any controls (apart from 

subject fixed effects) while columns (2), (6), and (10) display the estimates from regressions that 

additionally control for student, family, teacher, class, and school attributes. Columns (3), (7), and (11) 

show the estimates from regressions that condition on school fixed effects instead of school observables. 

Finally, columns (4), (8), and (12) report the estimates from running the first-differenced equation (3.3) 

with controls included for teacher and class characteristics,
 
previous subject grades received by the 

student, and subject fixed effects. 
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foreign teacher by comparing the test scores of students with native teachers to those 

with foreign teachers for the sub-sample of schools having at least 1 foreign teacher 

observation.   

 

3.7 DISCUSSION 

3.7.1 Student Mobility across Teacher Nativity Types and its Consequences 

An issue which may threaten the validity of the results in this chapter is the 

potential migration of students across teachers of differing nativity status. Although the 

inclusion of school fixed effects in the cross-sectional regressions and the use of a 

within-student comparative approach addresses respectively, the biases due to the non-

random sorting of students with teachers across schools and the non-random sorting of 

students with teachers across classrooms within schools, it does not mitigate the bias 

that results from students “voting with their feet” (Borjas, 2000). Such responses could 

occur if students or their parents perceive foreign educators to be less effective in 

teaching than native educators and react by electing to transfer out of classes (or in the 

extreme, schools) taught (or staffed) by these teachers. The results I have obtained may 

either underestimate or overestimate the true impact of foreign teachers on student 

academic performance, depending on the occurrence and nature of such student 

migrations. For example, if more motivated students (with a greater propensity for 

achievement) are the ones that tend to switch out of classes taught by foreign teachers, 

then the results reported in this study would be subject to a negative bias (i.e. it 

underestimates the positive effect or overestimates the negative effect of having a 

foreign teacher) since these students would have ended up in classes taught by native 

teachers. This could well happen if motivated students and their parents are more 

willing to take costly actions (e.g. to approach the school administrator to request for a 

transfer out of the foreign teacher’s class) in order to avoid being taught by a foreign 

teacher. Of course, one could also make the case where the least academically-inclined 

students are the ones most likely to switch out of a foreign teacher’s class. This could 

happen if the least able students are also the ones most worried that a foreign teacher’s 

perceived lack of English communication skills might further impair their 

understanding of the class material. In this case, the results in this study would be 

subject to a positive bias (i.e. it overestimates the positive effect or underestimates the 

negative effect of having a foreign teacher) since the least able students (those with the 
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lowest propensity for achievement) would have migrated to classes taught by native 

teachers. Unfortunately, because the NELS data is unsuitable for analysing such student 

migration behaviour, it is not possible to examine which of these two behaviours, if 

true, are more likely to apply.  

Despite this, it is still possible for one to have an idea about the likelihood and 

size of the potential biases in the results. This can be done by reviewing the evidence 

found in prior studies pertaining to student responses (drops and migrations) when they 

are assigned to classes taught by foreign teachers. There is cause for concern that the 

results may be biased if strong evidence of such mobility responses has previously been 

found. Otherwise, one can be more confident about the validity of the results found in 

this chapter.  

The possibility of student migrations across teacher nativity types has been 

considered by several of the same studies which examine the effects of foreign-born 

educators on undergraduates’ achievements (see for example, Fleisher et al. (2002), 

Jacobs and Friedman (1988), Norris (1991), Watts and Lynch (1989)). A review of 

these studies reveals 2 behavioural traits. Firstly, students do not appear to exhibit the 

selective “voting with their feet” behaviour when assigned to classes taught by foreign 

teachers. Secondly, students do not appear to deliberately avoid classes taught by 

foreign teachers. Although the studies examined drew on university level evidence, 

there are reasons to believe that the weak mobility responses documented should also 

apply to students at the secondary level. In fact, mobility responses should be even 

weaker at the secondary school level since the costs to transferring between classes and 

schools are likely to be greater at this level: Typically, transferring between classes and 

schools at the secondary level entail having to submit a formal request, with approvals 

for such requests dependent on the vacancies available and whether school resources are 

sufficient to accommodate these requests. The paperwork, review, and potential back-

and-forth processes of decisions and appeals may simply be too costly for parents and 

students. In addition, transferring between classes and/or schools may not be appealing 

for the student because this would mean having to leave familiar environments and 

friends and starting over with new relationships. This process can be costly in terms of 

effort and time. Therefore, despite being worried that foreign teachers may potentially 

impair their understanding of the subject matter, some parents and students may still 

make a calculated decision not to transfer away from these teachers because the costs 

associated with “migration” can be larger than the expected gains. In contrast, 
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transferring between course and tutorial sections at the university level is expected to be 

less difficult. Universities commonly grant a window period, after classes have 

commenced, wherein students are given the opportunity to swap, add, or drop courses 

and tutorial sections relatively freely. This makes it easier for students to transfer away 

from sections led by foreign-born TAs (or TASs) towards those led by native TAs (or 

TASs) if they indeed want to avoid classes taught by non-natives. However, as noted, 

the available evidence does not appear to support the existence of such migratory 

patterns, even at the university level. Given the above reasons, it seems unlikely that 

there would be a strong tendency for students in the NELS dataset to migrate away from 

classes taught by foreign teachers (towards those taught by natives). Accordingly, these 

suggest that there should be little need for worry about such self-selection issues biasing 

the estimates reported in this chapter.  

Despite this, future research can be tailored to investigate whether and how 

students at the elementary and secondary school levels actually respond to foreign 

teachers. One way to do this is by examining whether the in-migration of foreign 

teachers to a class or a school induces out-migration of (native and foreign) students 

from these classes or schools. This may be operationalised by regressing student 

mobility (transfer or drops) rates on (possibly lagged) foreign teacher arrival rates whilst 

controlling for other factors affecting student mobility, for various groups of students 

(groups with below average, average, and above average grades, for instance). The 

findings from such a study will indicate whether students tend to migrate away from 

foreign teachers as well as the types of students (more-able or less-able students) most 

likely to migrate. Hence, such studies will provide further indication for whether self-

selection issues are indeed a cause for worry.  

 

3.7.2 A Closer Look at the United States’ Foreign Teacher Population 

 In order for the findings in this chapter to be of relevance to education policy-

making, it is pertinent that we understand, in greater depth, the characteristics of the 

foreign teachers in 1988. Therefore, in what follows, I present simple descriptions of the 
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characteristics of these teachers
104

 using data tabulated from the 1990 U.S. Census 

(Integrated Public Use Microdata Series, 5 percent sample).   

Table 3.12 shows the source country distribution of foreign secondary school 

teachers in 1990. As can be seen, foreign teachers overwhelmingly originate from the 

Latin American countries of Cuba, Mexico, and Puerto Rico, though a large proportion 

of them also originate from Asian countries such as China and India and European 

countries such as Germany and France.  

Table 3.12: Source Country Distribution of Foreign Teachers in                                 

U.S. Secondary Schools, 1990 

Country/Region of Origin Percent 

  

Cuba 8.07 

Mexico 7.73 

South America 7.16 

Puerto Rico 6.58 

China 6.24 

Germany 5.28 

India 4.36 

Central America 3.80 

Japan 3.75 

France 3.67 

Italy  3.30 

Africa 2.97 

Russia/Other USSR 2.92 

Philippines 2.85 

Spain 2.16 

West Indies 1.87 

Greece 1.69 

Korea 1.64 

Romania 1.58 

Canada 1.50 

All Other Countries 20.88 

 

Notes: Tabulations from the Integrated Public Use Microdata Series dataset drawn from the 

1990 U.S. Census, 5 percent sample. Sample weights used in all computations. 
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 In all cases, I analyse characteristics of the non-English native speaking foreign-born secondary school 

teachers. 
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Table 3.13: Source Country Distribution of Foreign Teachers in 1990, by Teacher Ethnicity 

Non-Hispanic, White Percent 

 

Hispanic Percent 

 

Non-Hispanic, Other Race Percent 

 

Non-Hispanic, Black Percent 

           

Germany 13.7 

 

Cuba 21.42 

 

China 27.88 

 

Africa 61.14 

France 9.06 

 

Mexico 19.77 

 

Japan 16.35 

 

West Indies 16.81 

Italy 8.55 

 

Puerto Rico 16.79 

 

India 16.03 

 

Puerto Rico  14.63 

Russia 7.58 

 

South America 16.66 

 

Philippines 11.33 

 

All Other Countries 7.42 

Greece 4.40 

 

Central America 9.69 

 

Korea 7.45 

   Romania 4.10 

 

All Other Countries 15.67 

 

All Other Countries 20.96 

   Canada 3.88 

         Africa 3.54 

         Israel/Palestine 3.52 

         Yugoslavia 3.14 

         All Other Countries 38.53 

          

Notes: In each of the 4 cases, the countries which contribute the largest shares of teachers are listed until such point where the share from “All Other Countries” 

reaches at least below 40%.   
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Table 3.13 provides a more detailed breakdown of the source countries, by teacher 

ethnicity (i.e. non-Hispanic White; non-Hispanic Black; Hispanic; and non-Hispanic 

Other Race). Foreign White teachers originate from a relatively wide range of source 

countries. However, the 4 largest sources are Germany, France, Italy, and Russia, with 

individuals from these countries making up approximately 40% of the foreign White 

teacher population. Foreign Hispanic teachers originate primarily from 3 countries: 

Cuba, Mexico, and Puerto Rico. 5 Asian countries provide the bulk of foreign teachers 

belonging to other races. They are China, Japan, India, Philippines, and Korea. The 

relatively small numbers of foreign Black teachers
105

 in the U.S. are primarily from 3 

regions/countries: Africa, West Indies, and Puerto Rico.  

The information in Figures 3.2 and 3.3 help to reconcile the puzzle of why foreign 

teachers appear to have no strong detrimental effects on students’ achievement. Figure 

3.2 shows that approximately 66% of all foreign teachers report living in the United 

States for 11 or more years. These teachers may therefore have had time to acquire the 

necessary U.S.-specific human capital skills to teach and function effectively in the U.S. 

(Chiswick, 1978; Lalonde and Topel, 1991). This sharply contrasts with the situation for 

foreign TAs and TASs in U.S. universities, where work on the impact of foreign 

educators has traditionally been done. Unlike foreign teachers teaching in secondary 

schools, foreign TAs and TASs tend to be much more recent arrivals. It is of little 

surprise therefore, that some of this literature (especially those utilising data from 

universities where foreign TAs and TASs do not have to fulfil certain minimum 

selection criteria before they are allowed to teach) has found foreign TAs and TASs to 

have had a negative effect on students’ learning experiences. Figure 3.3 shows the 

distribution of English language ability, as reported by teachers. As can be seen, the 

overwhelming majority of foreign teachers (93%) rate their English ability as either 

good (speaks English well) or very good (speaks English very well). Only 7% of foreign 

teachers report speaking English poorly (with most in this category reporting that they 

are able to speak English, albeit not well). Together, the English language proficiencies 

and the accumulated years of living in the United States may help to explain why 

foreign secondary school teachers have no strong adverse achievement effects on 

average. 
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 Recall that all foreign Black teachers are subsumed into the group of “foreign teachers of other races” 

in sections 3.5.2, 3.6.1, and 3.6.3. This is due to the tiny number of foreign Black teachers in the sample, 

making creation of a separate foreign black teacher dummy variable infeasible.    
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Figure 3.2: Years in the United States 

 

Notes: Figure shows the fraction of foreign teachers in each years-since-migration category. Tabulations 

from the Integrated Public Use Microdata Series dataset drawn from the 1990 U.S. Census, 5 percent 

sample. Sample weights used in all computations. 

 

Figure 3.3: English Speaking Ability of Foreign Teachers in the United States, 1990 

 

Notes: Figure shows the distribution of foreign teachers’ spoken English ability in 1990. Tabulations 

from the Integrated Public Use Microdata Series dataset drawn from the 1990 U.S. Census, 5 percent 

sample. Sample weights used in all computations. 
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3.8 CONCLUSION 

Using a dataset consisting of a nationally representative sample of 8
th

 grade 

students in the United States, this chapter examines the effect of having a foreign-born 

teacher on student academic achievement. The present study is the first to examine how 

foreign-born educators affect the educational achievements of students at the secondary 

school level. Previous research on this issue have focused exclusively on student 

experiences at the undergraduate level and are predominantly concerned with learning 

effects in the discipline of Economics. The experiences of students at the elementary 

and secondary levels and in subjects beyond Economics have, until now, been 

neglected.  

Two distinct econometric approaches – cross-sectional and within-student – are 

employed in this chapter in order to estimate the achievement effect of a foreign-born 

teacher. The results in this chapter suggest that the overall effect of having a foreign-

born teacher depends on the nativity of a student. While there is some evidence that 

assignment to a foreign-born teacher has a positive impact on the educational 

achievements of native students, it has no positive impacts on the achievements of 

foreign students. My findings for native students are consistent with previous work by 

Norris (1991) and Fleisher et al. (2002) which show student learning to be enhanced by 

foreign educators.   

A possible explanation for why foreign teachers have no negative impacts on the 

achievements of native students could lie in the differential characteristics they possess. 

Since these teachers are a select group who have chosen to brave the uncertainties of 

living in a foreign culture, it is possible that they possess qualities which make them 

more desirable instructors. In particular, they may be more motivated and/or less risk-

averse compared to natives. The analysis of the characteristics of foreign secondary 

school teachers provides, as well, a possible complementary explanation. Specifically, 

over half of all foreign teachers report having resided in the U.S. for 11 or more years. 

These teachers may therefore have had the time to acquire the necessary U.S.-specific 

human capital skills to teach and function effectively in the country. In addition, 

perhaps due to language ability requirements imposed by schools on the faculty 

recruitment process, the overwhelming majority of foreign teachers (93%) appear to be 

proficient in English. Together, positive selection, language proficiency, and the 

accumulated years of living in the U.S. implies that the achievement effects of foreign 

teachers are possibly not as adverse as they are widely perceived to be. 
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Alternative specifications which allow for student achievement to vary across 4 

different groups of teachers defined by nativity / ethnicity (foreign-born Hispanic 

teachers, foreign-born White teachers, foreign-born teachers of “other race”, and native-

born teachers) indicate that compared to native teachers, foreign White teachers raise 

the educational achievements of native students while foreign Hispanic teachers and 

foreign teachers of “other race” lower the achievements of foreign students.  

Because the above findings may have been driven by ethnic differences rather 

than by differences in teacher nativity status, I additionally conduct a robustness check 

by comparing the performances of students taught by foreign teachers to those taught by 

native teachers of the same ethnicity in order to isolate the achievement effects due to 

differences in teacher nativity status. The results from this exercise affirm the positive 

effects of foreign White teachers. 

The results in this chapter underscore the importance of teacher nativity in 

determining student learning experiences and academic achievements. The results will 

have important implications for U.S. education policy and school hiring processes if the 

objective (or one of the objectives) of public policy and schools is to maximise the 

learning experiences and achievements of students.   

An interesting question which is left for future research is why foreign teachers 

actually affect student achievements in the ways described above. A number of reasons 

may explain why foreign teachers differ in effectiveness from native teachers. These 

include differences in English language abilities, teaching methods, local knowledge, 

and unobservable qualities (e.g. intrinsic motivation and risk-aversion) between foreign 

and native educators. However, the nature of the NELS dataset does not allow for an 

investigation of the precise channels which determine the differences in the 

effectiveness of foreign and native teachers. Future research can develop techniques 

capable of apportioning the foreign teacher effect to the different factors.  

Though unlikely, an issue which may threaten the validity of the results in this 

chapter is the potential migration of students across teachers of different nativity status. 

This may happen if students or their parents perceive foreign educators to be less 

effective in teaching than native educators and respond by switching out of classes (or 

in the extreme, schools) taught (or staffed) by foreign educators. Depending on the 

types of students (e.g. those with higher or lower propensities for achievement) that are 

more likely to switch out of classes taught by the foreign teachers, the results in this 



 

165 
 

study may either underestimate or overestimate the true impact of having a foreign 

teacher on student achievement. As mentioned, existing research certainly does not 

support the notion that students respond by migrating away from classes taught by 

foreign teachers. However, these studies use data drawn from universities. Future 

research can focus on investigating whether and how students at the elementary and 

secondary school levels actually “vote with their feet” when assigned to foreign 

teachers, in order to determine the sign and severity of the possible bias. 



 

 
 

APPENDICES TO CHAPTER 3 

 

Appendix Table 3.A1: Foreign Teachers by Subject and Ethnicity 

 Math Science English Social Studies 

Students with White 

Teachers 

182 145 248 173 

Students with Black 

Teachers 

3 5 0 2 

Students with Hispanic 

Teachers 

204 144 205 106 

Students with Other Race 

Teachers 

94 34 14 39 

Students with Teachers that 

omit reporting their Race 

16 2 2 0 

Total Number of Students 

with Foreign Teachers 

499 330 469 320 

 

Note: Data from the National Education Longitudinal Study of 1988. 
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Appendix Table 3.A2: Full Set of Coefficient Estimates for Table 3.2 Regressions 

 

OLS 

     

FD 

  

 

Controls 

 

(1) (2) (3) (4) (5) (6) (7) (8) (9) 

Regressor No Controls 

Teacher and 

Class 

Characteristics 

Col 2 plus 

Student 

Characteristics 

and prior 

grades 

Col 3 plus 

Family 

Characteristics 

Col 4 plus 

School 

Characteristics 

Col 4 plus 

School FE No Controls 

Teacher and 

Class 

Characteristics 

Col 8 plus prior 

grades 

          Foreign 

Teacher -0.095 0.119 0.104 0.082 0.078 0.024 0.022 0.057 0.049 

 

(0.085) (0.089) (0.069) (0.052) (0.049) (0.047) (0.052) (0.058) (0.058) 

Female 

Teacher  – 0.007 0.000 -0.016 -0.036** 0.006 – -0.021 -0.023* 

  

(0.023) (0.018) (0.016) (0.016) (0.015) 

 

(0.013) (0.014) 

Other race 

Teacher – -0.254** -0.124* -0.141** -0.128** -0.062 – -0.022 -0.011 

  

(0.106) (0.069) (0.061) (0.059) (0.069) 

 

(0.058) (0.064) 

Hispanic 

Teacher – -0.360*** -0.203*** -0.103* -0.055 -0.043 – -0.071 -0.072 

  

(0.097) (0.075) (0.058) (0.055) (0.058) 

 

(0.054) (0.056) 

Black Teacher – -0.542*** -0.187*** -0.148*** -0.093*** -0.045* – -0.040* -0.040 

  

(0.039) (0.032) (0.028) (0.029) (0.025) 

 

(0.023) (0.025) 

Teacher has 

Standard 

Teaching 

Certification – -0.232*** -0.180*** -0.055 0.042 0.120** – 0.113** 0.122** 

  

(0.072) (0.063) (0.048) (0.053) (0.055) 

 

(0.046) (0.049) 

Teacher has 

Probationary 

Teaching 

Certification – -0.180* -0.138 -0.024 0.060 0.142* – 0.107 0.110 

  

(0.095) (0.085) (0.073) (0.076) (0.078) 

 

(0.070) (0.075) 

Teacher has 

Temporary – -0.243*** -0.179** -0.077 0.008 0.125** – 0.108** 0.113* 
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Teaching 

Certification 

  

(0.092) (0.080) (0.063) (0.063) (0.062) 

 

(0.054) (0.058) 

Teacher has 

less than 

Bachelor's – -0.073 -0.044 -0.003 -0.052 -0.345** – -0.001 -0.013 

  

(0.107) (0.127) (0.077) (0.082) (0.153) 

 

(0.173) (0.163) 

Teacher has 

Master's – -0.004 -0.018 -0.025 -0.019 0.003 – 0.004 -0.001 

  

(0.025) (0.020) (0.018) (0.017) (0.019) 

 

(0.014) (0.015) 

Teacher has an 

Education 

Specialist 

Degree – -0.053 -0.028 -0.042 -0.029 -0.012 – 0.000 0.008 

  

(0.041) (0.033) (0.029) (0.029) (0.031) 

 

(0.024) (0.024) 

Teacher has a 

PhD – -0.191 -0.067 -0.085 -0.052 0.024 – -0.003 -0.004 
 

 

(0.155) (0.094) (0.072) (0.065) (0.073) 

 

(0.069) (0.069) 

Taught for 4-6 

Years – 0.087* 0.055 0.038 0.034 0.018 – -0.023 -0.021 

  

(0.048) (0.040) (0.035) (0.034) (0.033) 

 

(0.032) (0.034) 

Taught for 7-9 

Years – 0.108** 0.094** 0.080** 0.071** 0.054* – 0.017 0.021 

  

(0.048) (0.040) (0.036) (0.035) (0.032) 

 

(0.030) (0.032) 

Taught for 10-

12 Years – 0.121** 0.083* 0.057 0.040 0.060* – 0.009 0.009 

  

(0.051) (0.043) (0.038) (0.038) (0.031) 

 

(0.030) (0.032) 

Taught for 13-

15 Years – 0.209*** 0.144*** 0.126*** 0.111*** 0.083*** – 0.012 0.023 

  

(0.045) (0.039) (0.034) (0.033) (0.032) 

 

(0.031) (0.032) 

Taught for 16-

18 Years – 0.184*** 0.138*** 0.109*** 0.104*** 0.079** – 0.006 0.007 

  

(0.044) (0.037) (0.032) (0.032) (0.032) 

 

(0.030) (0.032) 

Taught for 19-

21 Years – 0.232*** 0.210*** 0.164*** 0.159*** 0.122*** – 0.001 0.010 

  

(0.052) (0.042) (0.038) (0.037) (0.034) 

 

(0.033) (0.034) 

Taught for 22-

24 Years – 0.182*** 0.160*** 0.122*** 0.132*** 0.095** – -0.023 -0.008 
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(0.054) (0.045) (0.039) (0.038) (0.039) 

 

(0.036) (0.037) 

Taught for 25 

or More Years – 0.170*** 0.168*** 0.143*** 0.137*** 0.079** – -0.010 0.002 

  

(0.046) (0.038) (0.034) (0.033) (0.033) 

 

(0.031) (0.033) 

Teacher is 

Employed Full-

Time – -0.120* -0.114** -0.076* -0.062 -0.015 – -0.043 -0.044 

  

(0.066) (0.053) (0.044) (0.043) (0.046) 

 

(0.047) (0.047) 

Class Size – 0.005** 0.006*** 0.005*** 0.006*** 0.021*** – -0.001 0.000 

  

(0.002) (0.002) (0.001) (0.001) (0.002) 

 

(0.001) (0.001) 

Percentage of 

Students in 

Class that are 

Limited 

English 

Proficient – -1.414*** -0.907*** -0.668*** -0.613*** -0.535*** – -0.184*** -0.171** 
 

 

(0.157) (0.118) (0.099) (0.091) (0.096) 

 

(0.065) (0.070) 

Female – – -0.081*** -0.060*** -0.061*** -0.074*** – – – 

   

(0.013) (0.013) (0.013) (0.013) 

   Asian / Pacific – – -0.022 -0.003 -0.002 -0.023 – – – 

   

(0.036) (0.033) (0.032) (0.032) 

   Hispanic – – -0.427*** -0.215*** -0.167*** -0.161*** – – – 

   

(0.026) (0.024) (0.024) (0.024) 

   Black – – -0.578*** -0.431*** -0.375*** -0.362*** – – – 

   

(0.023) (0.021) (0.021) (0.021) 

   American 

Indian / 

Alaskan Native – – -0.510*** -0.360*** -0.298*** -0.264*** – – – 

   

(0.077) (0.072) (0.061) (0.055) 

   Previous 

Grades for 

Subject Mostly 

Bs – – -0.465*** -0.409*** -0.415*** -0.424*** – – -0.124*** 

   

(0.015) (0.014) (0.014) (0.014) 

  

(0.013) 

Previous 

Grades for – – -0.848*** -0.727*** -0.730*** -0.733*** – – -0.206*** 
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Subject Mostly 

Cs 

   

(0.018) (0.017) (0.017) (0.017) 

  

(0.017) 

Previous  

Grades for 

Subject Mostly 

Ds – – -1.069*** -0.892*** -0.893*** -0.880*** – – -0.258*** 

   

(0.023) (0.021) (0.021) (0.021) 

  

(0.023) 

Previous 

Grades for 

Subject Mostly 

Below Ds – – -1.236*** -1.023*** -1.023*** -1.004*** – – -0.295*** 

   

(0.032) (0.031) (0.031) (0.031) 

  

(0.033) 

English Spoken 

at Home – – – 0.109*** 0.096*** 0.102*** – – – 

    

(0.023) (0.023) (0.023) 

   Family Size – – – -0.023*** -0.022*** -0.020*** – – – 

    

(0.004) (0.004) (0.004) 

   Family Income 

$10,000-

$14,999 – – – 0.091*** 0.086*** 0.068*** – – – 

    

(0.026) (0.027) (0.026) 

   Family Income 

$15,000-

$19,999 – – – 0.108*** 0.100*** 0.082*** – – – 

    

(0.025) (0.026) (0.026) 

   Family Income 

$20,000-

$24,999 – – – 0.143*** 0.127*** 0.104*** – – – 

    

(0.024) (0.023) (0.023) 

   Family Income 

$25,000-

$34,999 – – – 0.226*** 0.201*** 0.179*** – – – 

    

(0.024) (0.025) (0.023) 

   Family Income 

$35,000-

$49,999 – – – 0.245*** 0.210*** 0.189*** – – – 

    

(0.024) (0.025) (0.024) 
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Family Income 

$50,000-

$74,999 – – – 0.242*** 0.201*** 0.156*** – – – 

    

(0.028) (0.028) (0.027) 

   Family Income 

$75,000-

$99,999 – – – 0.292*** 0.238*** 0.172*** – – – 

    

(0.038) (0.039) (0.039) 

   Family Income 

$100,000-

$199,999 – – – 0.356*** 0.296*** 0.196*** – – – 

    

(0.049) (0.050) (0.048) 

   Family Income 

$200,000 or 

more – – – 0.371*** 0.306*** 0.165*** – – – 

    

(0.065) (0.066) (0.059) 

   Parent is a 

High School 

Grad – – – 0.123*** 0.107*** 0.067*** – – – 

    

(0.023) (0.023) (0.022) 

   Parent had 

Some College – – – 0.262*** 0.238*** 0.183*** – – – 

    

(0.022) (0.022) (0.022) 

   Parent is a 

College 

Graduate – – – 0.510*** 0.471*** 0.363*** – – – 

    

(0.028) (0.028) (0.027) 

   Parent has a 

Master's – – – 0.714*** 0.670*** 0.541*** – – – 

    

(0.030) (0.030) (0.030) 

   Parent has a 

PhD – – – 0.751*** 0.697*** 0.573*** – – – 

    

(0.041) (0.040) (0.040) 

   Public School – – – – -0.107*** – – – – 

     

(0.038) 

    School 

Enrolment 1-

199 Students – – – – -0.018 – – – – 
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(0.071) 

    School 

Enrolment 200-

399 Students – – – – 0.003 – – – – 

     

(0.048) 

    School 

Enrolment 400-

599 Students – – – – -0.035 – – – – 

     

(0.041) 

    School 

Enrolment 600-

799 Students – – – – -0.029 – – – – 

     

(0.042) 

    School 

Enrolment 800-

999 Students – – – – -0.010 – – – – 

     

(0.044) 

    School 

Enrolment 

1000-1199 

Students – – – – 0.007 – – – – 

     

(0.046) 

    Suburban 

School – – – – 0.005 – – – – 

     

(0.025) 

    Rural School – – – – 0.017 – – – – 

     

(0.031) 

    11-20% 

Minority 

Students in 

School – – – – 0.036 – – – – 

     

(0.034) 

    21-40% 

Minority 

Students in 

School – – – – 0.015 – – – – 

     

(0.027) 
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41-60% 

Minority 

Students in 

School – – – – -0.066* – – – – 

     

(0.039) 

    61-90% 

Minority 

Students in 

School – – – – -0.052 – – – – 

     

(0.053) 

    91-100% 

Minority 

Students in 

School – – – – -0.066 – – – – 

     

(0.048) 

    11-20% of 

School 

Students on 

Free Lunch – – – – -0.015 – – – – 

     

(0.027) 

    21-30% of 

School 

Students on 

Free Lunch – – – – -0.076** – – – – 

     

(0.034) 

    31-50% of 

School 

Students on 

Free Lunch – – – – -0.109*** – – – – 

     

(0.033) 

    51-75% of 

School 

Students on 

Free Lunch – – – – -0.093* – – – – 

     

(0.049) 

    76-100% of 

School 

Students on 

Free Lunch – – – – -0.243*** – – – – 
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(0.053) 

    26-50% 8th 

graders from 

Single Parent – – – – -0.035 – – – – 

     

(0.021) 

    51-75% 8th 

graders from 

Single Parent – – – – 0.002 – – – – 

     

(0.052) 

    76-99% 8th 

graders from 

Single Parent – – – – 0.045 – – – – 

     

(0.042) 

    100% 8th 

graders from 

Single Parent – – – – -0.284*** – – – – 

     

(0.071) 

    Subject Fixed 

Effects Yes Yes Yes Yes Yes Yes Yes Yes Yes 

          School Fixed 

Effects No No No No No Yes No No No 

          Observations 42,588 41,142 41,142 40,755 40,459 40,755 20,212 18,987 18,114 

R-Squared 0.001 0.038 0.248 0.310 0.317 0.392 0.001 0.003 0.019 

          Notes: NELS sample weights are used in all regressions. Standard errors in parentheses are cluster-robust standard errors that allow for correlation in individual error terms within 

schools. *** denotes a coefficient significant at the 1% level, ** denotes a coefficient significant at the 5% level, * denotes a coefficient significant at the 10% level. 
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Appendix Table 3.A3: Full Set of Coefficient Estimates for Table 3.4 Regressions 

 

OLS 

     

FD 

  

 

Controls 

 

(1) (2) (3) (4) (5) (6) (7) (8) (9) 

Regressor No Controls 

Teacher and 

Class 

Characteristics 

Col 2 plus 

Student 

Characteristics 

and prior 

grades 

Col 3 plus 

Family 

Characteristics 

Col 4 plus 

School 

Characteristics 

Col 4 plus 

School FE No Controls 

Teacher and 

Class 

Characteristics 

Col 8 plus prior 

grades 

          Foreign 

Hispanic 

Teacher -0.411*** -0.302*** -0.178** -0.070 -0.013 -0.079* -0.053 -0.043 -0.052 

 

(0.090) (0.103) (0.070) (0.053) (0.052) (0.047) (0.048) (0.055) (0.058) 

Foreign White 

Teacher 0.229** 0.272** 0.218** 0.158** 0.140** 0.098* 0.063 0.080 0.072 
 

(0.111) (0.113) (0.086) (0.065) (0.061) (0.059) (0.080) (0.079) (0.078) 

Foreign 

Teacher of 

Other Race -0.221 -0.022 -0.052 -0.068 -0.064 -0.144 0.044 0.057 0.062 

 

(0.177) (0.178) (0.137) (0.119) (0.104) (0.105) (0.071) (0.078) (0.078) 

Female 

Teacher  – -0.025 -0.007 -0.022 -0.039** 0.006 – -0.021 -0.023* 

  

(0.024) (0.018) (0.016) (0.016) (0.015) 

 

(0.013) (0.014) 

Teacher has 

Standard 

Teaching 

Certification – -0.213*** -0.176*** -0.050 0.044 0.120** – 0.114** 0.122** 

  

(0.073) (0.063) (0.048) (0.053) (0.056) 

 

(0.046) (0.049) 

Teacher has 

Probationary 

Teaching 

Certification – -0.210** -0.148* -0.031 0.057 0.143* – 0.107 0.110 

  

(0.098) (0.086) (0.074) (0.077) (0.078) 

 

(0.071) (0.076) 

Teacher has 

Temporary – -0.265*** -0.186** -0.081 0.006 0.126** – 0.110** 0.115** 
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Teaching 

Certification 

  

(0.094) (0.080) (0.063) (0.062) (0.062) 

 

(0.054) (0.058) 

Teacher has 

less than 

Bachelor's – -0.181 -0.075 -0.026 -0.074 -0.322** – -0.098 -0.124 

  

(0.129) (0.099) (0.066) (0.074) (0.152) 

 

(0.170) (0.166) 

Teacher has 

Master's – 0.001 -0.017 -0.024 -0.019 0.004 – 0.003 -0.001 

  

(0.026) (0.020) (0.017) (0.017) (0.018) 

 

(0.014) (0.014) 

Teacher has an 

Education 

Specialist 

Degree – -0.065 -0.031 -0.042 -0.027 -0.010 – 0.000 0.007 

  

(0.044) (0.033) (0.029) (0.029) (0.030) 

 

(0.024) (0.024) 

Teacher has a 

PhD – -0.250* -0.078 -0.093 -0.052 0.017 – -0.010 -0.011 
 

 

(0.151) (0.090) (0.068) (0.062) (0.074) 

 

(0.068) (0.067) 

Taught for 4-6 

Years – 0.090* 0.058 0.040 0.035 0.017 – -0.021 -0.019 

  

(0.047) (0.040) (0.035) (0.034) (0.033) 

 

(0.031) (0.033) 

Taught for 7-9 

Years – 0.104** 0.096** 0.080** 0.072** 0.052 – 0.018 0.022 

  

(0.047) (0.040) (0.036) (0.035) (0.032) 

 

(0.029) (0.031) 

Taught for 10-

12 Years – 0.103** 0.078* 0.052 0.036 0.055* – 0.010 0.010 

  

(0.050) (0.042) (0.038) (0.038) (0.031) 

 

(0.030) (0.031) 

Taught for 13-

15 Years – 0.179*** 0.134*** 0.117*** 0.105*** 0.078** – 0.011 0.022 

  

(0.046) (0.038) (0.034) (0.033) (0.031) 

 

(0.031) (0.032) 

Taught for 16-

18 Years – 0.159*** 0.131*** 0.103*** 0.100*** 0.074** – 0.006 0.008 

  

(0.043) (0.037) (0.032) (0.032) (0.032) 

 

(0.029) (0.031) 

Taught for 19-

21 Years – 0.187*** 0.197*** 0.153*** 0.154*** 0.117*** – 0.001 0.009 

  

(0.052) (0.042) (0.038) (0.037) (0.034) 

 

(0.033) (0.034) 

Taught for 22-

24 Years – 0.113** 0.136*** 0.102** 0.119*** 0.085** – -0.027 -0.012 
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(0.060) (0.046) (0.040) (0.038) (0.039) 

 

(0.036) (0.037) 

Taught for 25 

or More Years – 0.115** 0.151*** 0.130*** 0.129*** 0.076** – -0.011 0.002 

  

(0.046) (0.037) (0.033) (0.032) (0.033) 

 

(0.030) (0.032) 

Teacher is 

Employed Full-

Time – -0.085 -0.096* -0.065 -0.055 -0.007 – -0.036 -0.037 

  

(0.068) (0.050) (0.042) (0.042) (0.046) 

 

(0.045) (0.045) 

Class Size – 0.003 0.006*** 0.004*** 0.006*** 0.021*** – -0.001 0.000 

  

(0.002) (0.002) (0.001) (0.001) (0.002) 

 

(0.001) (0.001) 

Percentage of 

Students in 

Class that are 

Limited 

English 

Proficient – -1.512*** -0.921*** -0.679*** -0.603*** -0.536*** – -0.191*** -0.179** 

 

 

(0.143) (0.112) (0.094) (0.087) (0.096) 

 

(0.066) (0.071) 

Female – – -0.081*** -0.059*** -0.061*** -0.074*** – – – 

   

(0.013) (0.013) (0.013) (0.013) 

   Asian / Pacific – – -0.029 -0.011 -0.005 -0.022 – – – 

   

(0.037) (0.034) (0.033) (0.032) 

   Hispanic – – -0.433*** -0.221*** -0.161*** -0.161*** – – – 

   

(0.027) (0.024) (0.024) (0.024) 

   Black – – -0.630*** -0.471*** -0.389*** -0.364*** – – – 

   

(0.023) (0.020) (0.020) (0.021) 

   American 

Indian / 

Alaskan Native – – -0.522*** -0.370*** -0.297*** -0.267*** – – – 

   

(0.075) (0.071) (0.060) (0.055) 

   Previous 

Grades for 

Subject Mostly 

Bs – – -0.467*** -0.410*** -0.416*** -0.424*** – – -0.124*** 

   

(0.015) (0.014) (0.014) (0.014) 

  

(0.013) 

Previous 

Grades for – – -0.853*** -0.730*** -0.733*** -0.734*** – – -0.206*** 
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Subject Mostly 

Cs 

   

(0.018) (0.017) (0.017) (0.017) 

  

(0.017) 

Previous  

Grades for 

Subject Mostly 

Ds – – -1.076*** -0.896*** -0.897*** -0.881*** – – -0.258*** 

   

(0.023) (0.021) (0.021) (0.021) 

  

(0.022) 

Previous 

Grades for 

Subject Mostly 

Below Ds – – -1.243*** -1.027*** -1.026*** -1.004*** – – -0.293*** 

   

(0.033) (0.031) (0.031) (0.031) 

  

(0.033) 

English Spoken 

at Home – – – 0.105*** 0.088*** 0.099*** – – – 

    

(0.023) (0.023) (0.023) 

   Family Size – – – -0.023*** -0.022*** -0.020*** – – – 
 

   

(0.004) (0.004) (0.004) 

   Family Income 

$10,000-

$14,999 – – – 0.091*** 0.085*** 0.067*** – – – 

    

(0.027) (0.027) (0.026) 

   Family Income 

$15,000-

$19,999 – – – 0.110*** 0.100*** 0.083*** – – – 

    

(0.025) (0.026) (0.026) 

   Family Income 

$20,000-

$24,999 – – – 0.147*** 0.129*** 0.106*** – – – 

    

(0.024) (0.024) (0.023) 

   Family Income 

$25,000-

$34,999 – – – 0.230*** 0.202*** 0.180*** – – – 

    

(0.024) (0.025) (0.023) 

   Family Income 

$35,000-

$49,999 – – – 0.249*** 0.211*** 0.190*** – – – 

    

(0.024) (0.025) (0.024) 

   

1
7
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Family Income 

$50,000-

$74,999 – – – 0.246*** 0.203*** 0.157*** – – – 

    

(0.028) (0.028) (0.027) 

   Family Income 

$75,000-

$99,999 – – – 0.296*** 0.240*** 0.172*** – – – 

    

(0.038) (0.039) (0.039) 

   Family Income 

$100,000-

$199,999 – – – 0.362*** 0.299*** 0.195*** – – – 

    

(0.049) (0.050) (0.048) 

   Family Income 

$200,000 or 

more – – – 0.376*** 0.309*** 0.166*** – – – 

    

(0.066) (0.066) (0.059) 

   Parent is a 

High School 

Grad – – – 0.123*** 0.106*** 0.065*** – – – 

    

(0.023) (0.023) (0.022) 

   Parent had 

Some College – – – 0.262*** 0.237*** 0.182*** – – – 

    

(0.022) (0.022) (0.022) 

   Parent is a 

College 

Graduate – – – 0.510*** 0.470*** 0.363*** – – – 

    

(0.028) (0.028) (0.027) 

   Parent has a 

Master's – – – 0.713*** 0.668*** 0.539*** – – – 

    

(0.030) (0.030) (0.030) 

   Parent has a 

PhD – – – 0.749*** 0.693*** 0.572*** – – – 

    

(0.041) (0.040) (0.040) 

   Public School – – – – -0.112*** – – – – 

     

(0.038) 

    School 

Enrolment 1-

199 Students – – – – -0.022 – – – – 

1
7

9
 



 

 
 

     

(0.072) 

    School 

Enrolment 200-

399 Students – – – – 0.002 – – – – 

     

(0.048) 

    School 

Enrolment 400-

599 Students – – – – -0.039 – – – – 

     

(0.042) 

    School 

Enrolment 600-

799 Students – – – – -0.029 – – – – 

     

(0.042) 

    School 

Enrolment 800-

999 Students – – – – -0.011 – – – – 

     

(0.045) 

    School 

Enrolment 

1000-1199 

Students – – – – 0.004 – – – – 

     

(0.046) 

    Suburban 

School – – – – 0.009 – – – – 

     

(0.025) 

    Rural School – – – – 0.020 – – – – 

     

(0.031) 

    11-20% 

Minority 

Students in 

School – – – – 0.033 – – – – 

     

(0.034) 

    21-40% 

Minority 

Students in 

School – – – – 0.013 – – – – 

     

(0.027) 

    

1
8

0
 



 

 
 

41-60% 

Minority 

Students in 

School – – – – -0.080** – – – – 

     

(0.039) 

    61-90% 

Minority 

Students in 

School – – – – -0.071 – – – – 

     

(0.054) 

    91-100% 

Minority 

Students in 

School – – – – -0.092* – – – – 

     

(0.049) 

    11-20% of 

School 

Students on 

Free Lunch – – – – -0.013 – – – – 

     

(0.027) 

    21-30% of 

School 

Students on 

Free Lunch – – – – -0.074** – – – – 

     

(0.034) 

    31-50% of 

School 

Students on 

Free Lunch – – – – -0.104*** – – – – 

     

(0.033) 

    51-75% of 

School 

Students on 

Free Lunch – – – – -0.092* – – – – 

     

(0.050) 

    76-100% of 

School 

Students on 

Free Lunch – – – – -0.243*** – – – – 

1
8

1
 



 

 
 

     

(0.053) 

    26-50% 8th 

graders from 

Single Parent – – – – -0.035 – – – – 

     

(0.021) 

    51-75% 8th 

graders from 

Single Parent – – – – 0.001 – – – – 

     

(0.052) 

    76-99% 8th 

graders from 

Single Parent – – – – 0.042 – – – – 

     

(0.040) 

    100% 8th 

graders from 

Single Parent – – – – -0.281*** – – – – 
 

    

(0.071) 

    Subject Fixed 

Effects Yes Yes Yes Yes Yes Yes Yes Yes Yes 

          School Fixed 

Effects No No No No No Yes No No No 

          Observations 43,011 41,253 41,253 40,865 40,569 40,865 20,571 19,082 18,207 

R-Squared 0.004 0.018 0.247 0.310 0.317 0.393 0.001 0.003 0.019 

          Notes: NELS sample weights are used in all regressions. Standard errors in parentheses are cluster-robust standard errors that allow for correlation in individual error terms within 

schools. Foreign teachers of other race include all Black, non-White, and non-Hispanic teachers that speak a non-English native language. *** denotes a coefficient significant at the 

1% level, ** denotes a coefficient significant at the 5% level, * denotes a coefficient significant at the 10% level. 

1
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THE IMPACT OF IMMIGRANT PEERS ON  

NATIVES’ ACADEMIC ACHIEVEMENT: 

WHEN PARENTS OF IMMIGRANTS ARE RELATIVELY SKILLED
106
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4.1 INTRODUCTION 

Over the past three decades, developed countries have witnessed a dramatic 

increase in the number of incoming international migrants. A product of this movement 

has been the rising enrolment of immigrant students and concomitant changes in the 

ethnic and nativity composition of students in schools and classrooms of the receiving 

countries (Betts and Fairlie, 2003; Brunello and Rocco, 2013; Cho, 2012; Jensen and 

Rasmussen, 2011; OECD, 2012).  

One question which is of relevance for the receiving country’s education policy is 

whether the presence of immigrant students has an effect on the academic performance 

of peers in the same learning environment. Despite the importance of such knowledge 

for policy-making, research on the issue is scant (though it has been growing in recent 

years). The small number of existing studies examining the effects that immigrant 

students have on the educational outcomes of peers has, until now, been largely based 

on evidence from countries where the skill composition of immigrants relative to 

natives is low
107

. These studies generally find that exposure to immigrant students has 

either negative or no effects on peers’ academic achievement
108

. Apart from a study by 

Friesen and Krauth (2011), no attempt has been made to examine the effects of such 

children in countries where migrants are, on average, more skilled than natives (e.g. 

Canada and Australia
109

). Yet, one would expect immigrant peer effects to be quite 

different, possibly even positive, given that the school-going immigrant population in 

these countries tend to be from more privileged socioeconomic backgrounds.  

Results from a study by Schnepf (2006) reveal that the socioeconomic 

backgrounds of immigrant children in countries that typically attract high-skilled 

migrants tend to be similar to or even surpass those of native children. Immigrant 

children in such countries also perform either no differently or only marginally poorer, 

academically, compared to their native counterparts. By contrast, immigrant children in 

countries that generally receive less-skilled migrants tend to be markedly less 

                                                           
107

 For example, Austria (Schneeweis, 2013), Denmark (Jensen and Rasmussen, 2011), Israel (Gould et 

al., 2009), Italy (Contini, 2013), Norway (Hardoy and Schøne, 2013), Sweden (Szulkin and Jonsson, 

2007), the Netherlands (Ohinata and van Ours, 2013a, 2013b), and the United States (Neymotin, 2009). 
108

 Exceptions are Friesen and Krauth (2011), Geay et al. (2013), Neymotin (2009), and Ohinata and van 

Ours (2013a), who find some patchy evidence that exposure to immigrant children have positive impacts 

on native students’ educational outcomes. 
109

 Unlike in most other high immigration countries, the average educational level of immigrants in 

Canada and Australia stand out as being much higher than that of natives. See for example, Antecol et al. 

(2003). 
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advantaged socioeconomically than native children. They also tend to perform 

considerably worse in school.  

Because the immigrant children who are at the focus of existing studies typically 

come from less-privileged backgrounds, peer socioeconomic composition and school 

immigrant concentration are likely to be negatively correlated in these studies (Jensen 

and Rasmussen, 2011). Since most studies in the immigrant peer effects literature 

ignore modelling explicitly the effects which are due to the socioeconomic backgrounds 

of immigrant schooling peers, the estimated effects documented in these studies will 

also include any effects which are due to the unfavourable socioeconomic 

characteristics of migrant peers. Since the estimates capture a “total treatment effect” or 

what Manski (1993) would term a sum of the “exogenous” and “endogenous” effects, 

the findings may not be generalisable to those countries where immigrant children are, 

on average, from more-privileged socioeconomic backgrounds. 

Given the above considerations, the objective of this study is to fill the gap in the 

literature by examining whether the negative immigrant peer effects documented in 

much of the literature still persists when immigrant students have relatively higher-

skilled parents than native students.  

Specifically, five research questions are addressed in this study:   

(1) How do first-generation immigrant peers affect the Mathematics and Science 

achievements of native students if parents of immigrants are, on average, more skilled 

than those of natives? 

(2) How does student achievement vary with the share of immigrant peers?  

(3) If immigrant peers indeed have spill-over effects on the academic achievements of 

natives, what are the mechanisms behind these effects? 

(4) Do immigrant spill-over effects differ for various population sub-groups? For 

instance, are males and females or students with less-educated and with more-educated 

parents equally affected by immigrant peers? Or are some groups more strongly affected 

than others? 

(5) Do institutional factors, such as the way in which countries organise their 

educational systems, have an influence on the peer effects exerted by immigrants? 
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While there have been a small number of previous studies which have tried to 

investigate whether academic achievement and the share of immigrant peers varies non-

linearly
110

, none have attempted to entirely relax the linearity assumption by using non-

parametric regression methods to recover the underlying functional relationship 

between these variables. The present study will be the first to model any possible non-

linearity this way. Existing studies also rarely investigate how and why immigrant peer 

effects arise. With the exception of Hardoy and Schøne (2013) and Ohinata and van 

Ours (2013a), no other study I know of has attempted to investigate the mechanisms 

behind these effects. The present research is among the few which attempts to study 

whether the peer effects are possibly generated by differences in the language ability 

and local-specific human capital of immigrants as well as the education of their parents. 

The final research question adds to the literature most appreciably. To my knowledge, 

no study has yet examined the relationship between immigrant peer effects and 

educational institutions. Yet, the fact that educational policies and institutions have been 

found to affect the relative academic achievement of immigrants (Cobb-Clark et al., 

2012; Schneeweis, 2011) implies that it may be possible for institutional factors to 

influence the way in which immigrant students affect others.    

In this study, we are interested in examining the peer effects only from first-

generation immigrant students. Given that differences in attributes (e.g. differences in 

language ability and/or host-country-specific human capital) are likely to be sharper 

between native students and first-generation immigrant students than between native 

students and later generations of immigrant students, these students constitute a 

particularly interesting group to study. Hence, throughout the rest of this chapter, 

immigrants refer to first-generation migrants – that is, all students not born in the 

country where the test was conducted
111

. Note also that, throughout the chapter, the 

                                                           
110

 These include Gould et al. (2009), Hardoy and Schøne (2013), Schneeweis (2013), and Szulkin and 

Jonsson (2007). Gould et al. (2009) and Schneeweis (2013) allow for a quadratic relationship between the 

grade share of immigrants and student outcomes. On the other hand, Hardoy and Schøne (2013) and 

Szulkin and Jonsson (2007) first create dummy variables for the shares of immigrant peers by grouping 

these into arbitrarily-sized bins (e.g. 0-5%, 5-10% immigrants and so on) before regressing student 

outcomes on these dummies to allow for non-linearities. Both approaches have their disadvantages. The 

former approach restricts the possible functional relationships analysed to only quadratic and linear forms 

while the conclusions yielded by the latter approach are sensitive to the size of the bins used to group the 

migrant shares.      
111

 I do not further restrict first-generation migrants to those who have at least 1 foreign-born parent 

because foreign-born children born abroad of 2 native-born parents may also have missed out on certain 

educational experiences specific to the country during their time of absence. Hence, they are also of 

interest to this study. In any case, the results do not differ substantively when the definition of first-

generation migrant students is restricted to those who were born-abroad and who had at least 1 foreign-

born parent.   
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level of skills possessed by parents is proxied by their educational attainment. Although 

the focus of this study is to examine how immigrant students affect the academic 

achievement of natives, we also devote a section to examine how immigrant peers affect 

the achievements of migrant children themselves. 

The study proceeds by providing an international comparative study of the peer 

effects generated by migrants in 3 major immigrant-receiving countries – Australia, 

Canada, and the United States. Because parents of immigrants in the U.S. are, on 

average, lower-skilled than parents of natives whilst parents of immigrants in Australia 

and Canada are, on average, higher-skilled than parents of natives, a comparison of the 

immigrant peer effects across these 3 countries will provide an indication on whether 

exposure to immigrant peers is indeed less adverse when the parents of migrants are 

relatively high-skilled. 

The empirical analysis is based on data from the Third International Mathematics 

and Science Study of 1995. This dataset provides, for all 3 countries, information on the 

nativity statuses and Math and Science abilities of students from 2 adjacent grades 

within sampled schools. This allows me to exploit plausibly exogenous variation in the 

share of immigrants across adjacent grades within schools to identify the causal impact 

of immigrant peers on natives’ academic achievement. 

The identification strategy employed is an improvement over a number of those 

previously used in the literature. Studies in the literature have used within-school 

between-class variation in the share of immigrant pupils (Contini, 2013; Ohinata and 

van Ours, 2013a) and instrumental variable (IV) strategies (Jensen and Rasmussen, 

2011) to address the potential endogeneity in the variable measuring the degree of 

exposure to immigrant pupils. However, these approaches face various methodological 

issues. The former approach requires a strong assumption that students are randomly 

assigned across classes within schools while the latter approach requires the difficult 

task of finding a variable which is correlated with the share of immigrant peers but 

which otherwise is unrelated to student achievement. Jensen and Rasmussen (2011) 

suggest using immigrant concentration in a larger geographical area as an instrument for 

immigrant concentration in the school. However, the suggested variable is unlikely to 

satisfy the requirements needed for an IV since previous studies have shown that it is 

possible for the characteristics of the larger community to have a direct influence on 

students’ educational outcomes (Ainsworth, 2002; Bobonis and Finan, 2009; Jargowsky 
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and El Komi, 2011). In comparison, the identification strategy used in this paper 

requires only a relatively weak assumption that variations in the share of immigrants 

between grade levels in schools are random.  

There are a number of reasons why the presence of immigrant children can have 

an effect on the academic achievements of native peers. Firstly, coming from a different 

country and culture, immigrant children may possess different language skills, 

knowledge, aspirations, and attitudes towards education. Through socialisation within 

the same learning environment, transmission of skills and educational aspirations 

between migrants and natives can result (Szulkin and Jonsson, 2007). Since immigrant 

students may possess more positive attitudes towards learning and/or perform 

academically better than native students, this channel allows for immigrants to have a 

positive impact on peers’ learning experiences.    

Secondly, immigrant students generally possess a poorer command of the host 

society’s native language. As a result, teachers may slow the pace of instruction more 

than they otherwise would in order to accommodate them (Cho, 2012; Hunt, 2012). It is 

also possible that teachers may alter their pedagogical methods, using less language-

intensive methods to deliver their lessons (Betts and Fairlie, 2003). These could either 

enhance or hinder the learning experiences of those studying with immigrants, though 

the latter seems more likely. Immigrant students may also divert teaching resources 

away from other students if teachers allocate a greater amount of class time providing 

individual assistance to them (teachers would presumably be able to engage the class in 

richer, more stimulating activities if they did not have to provide personalised 

instruction to immigrant students).  

Finally, immigrant students may change the content of education in receiving 

schools and classrooms since they bring an international perspective to classroom 

discussions (Ward, 2001). Again, this could either enhance or hurt the academic 

achievement of native students, though this time, the former seems more likely.  

Taken together, it seems unclear whether the presence of immigrant students will 

have a net beneficial or adverse effect on peers’ academic achievement. The overall 

effect of exposure to immigrant peers is therefore an empirical question. 

The results from this study indicate that exposure to immigrant students does have 

an effect on the academic achievement of peers. In particular, results from both non-
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parametric regressions and school fixed effects estimations suggest that while exposure 

to immigrant peers has a positive impact on the Math achievement of Australian 

natives, it has a negative impact on the Math achievement of Canadian natives. There is 

little evidence that exposure to immigrant peers has an effect on the academic 

achievement of U.S. natives. Interestingly, the result for Canada suggests that even if 

immigrant students have more educated parents than natives, this does not guarantee 

that immigrants will have non-adverse impacts on the academic achievements of peers. 

Additional tests to uncover the mechanisms behind the respective peer effects reveal 

that the peer effects of migrants are more adverse when they are non-native speakers of 

the test language, when they have less-educated parents, or when they arrive in the host-

country at later ages. Hence, within countries, improvements in the quality of immigrant 

children (as measured by language proficiency, parental education, and age at arrival) 

will likely mitigate any negative effects or enhance any positive effects which these 

students may have on the educational outcomes of natives. 

Because it is surprising that immigrants in Australia and Canada exert such 

different impacts (given the similarity in immigrant selection criteria of both countries), 

I additionally conduct an analysis to examine whether differences in the peer effects of 

immigrants may be explained by differences in the way educational systems are 

organised across countries. I find that the peer effects of immigrants are more positive 

when the shares of teachers and principals who possess at least some influence in the 

setting of curriculum are higher, when the share of immigrant students who speak the 

test language frequently at home is greater, and when immigrant children arrive in the 

host country at younger ages. This finding – that “institutional context matters” – is a 

novel one in the immigrant peer effects literature.  

The findings from this study will be useful for education policy-makers because it 

enables them to know whether country immigration policies (e.g. policies aimed at 

increasing the educational attainments of incoming migrants) and educational 

institutions have an influence on the way migrant students affect their peers.  

The rest of the chapter is organised as follows: Section 4.2 reviews existing 

literature related to this study and provides a brief background of the immigration 

histories and policies of Australia, Canada, and the United States. Section 4.3 describes 

the data used and presents results from non-parametric regressions showing how native 

students’ subject achievements are related with the share of immigrant peers. Section 
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4.4 details the empirical framework used. Section 4.5 provides results from the 

estimations and examines the mechanisms behind the documented peer effects. The role 

that educational institutions play in determining immigrant peer effects is discussed in 

Section 4.6. Finally, Section 4.7 considers the study’s limitations and provides 

suggestions for future research.    

  

4.2 LITERATURE REVIEW AND BACKGROUND 

4.2.1 Immigration and Natives’ Educational Attainment 

Early studies linking immigration to educational outcomes focused on examining 

the impact of immigration on the educational attainment of natives (i.e. years of 

schooling received or educational qualifications attained by natives). Immigration 

potentially influences natives’ educational attainments because competition between 

immigrant and native students for schooling resources may discourage natives from 

acquiring more education. However, if incoming migrants (those that enter the labour 

force) are relatively unskilled, then it is also possible for immigration to increase the 

earnings gap between skilled and unskilled labour so much so that incentives to acquire 

education may increase. The average educational attainment of natives could therefore 

either rise or fall in response to immigration.  

Early studies focused largely on the U.S. experience and generally find that the 

“crowding out” effect dominates so that immigration reduces the level of education 

received by natives. For instance, Betts (1998) finds that the share of immigrants in the 

local population has a negative effect on the probability of high school graduation for 

American-born Blacks and Hispanics. A later paper by Betts and Lofstrom (2000), 

which uses a similar dataset but covering an extended time period of analysis, affirms 

this result. Results from the latter study also indicate that a greater share of immigrants 

in the local population has a negative effect on the years of education received by 

natives of all major ethnicities in the U.S. (White, Asian, Hispanic and Black) and not 

just on those received by native-born minorities. At the post-secondary level, Hoxby 

(1998) provides evidence showing that foreign-born students crowd American-born 

Black and Hispanic students out of good quality colleges. A slightly different but 

similar conclusion is reached by Borjas (2007). In particular, Borjas shows that 

although an increase in the number of foreign students enrolled in a particular 

university’s graduate program has little crowding out effect for the average native, it 
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significantly reduces the number of native White males that enrol in that university’s 

graduate program.  

More recent studies, however, present less pessimistic evidence. For instance, 

Hunt (2012) finds immigration to have a net positive effect on the probability that U.S. 

natives complete high school. The positive effects appear to be largest for native-born 

Blacks. Her study improves upon those by Betts’ and Betts and Lofstrom’s by using a 

state panel dataset covering a longer period of analysis (1940-2010) as well as an IV 

strategy to account for the possible endogeneity in immigrant flows across states and 

time. McHenry (2012) documents a similar finding using data from the National 

Education Longitudinal Study of 1988 and the 1970-1990 U.S decennial Censuses. In 

particular, results from two stage least squares estimations which exploit plausibly 

exogenous variation in immigration flows at the commuting zone level (based on the 

historical distribution of immigrants across commuting zones) show that natives are 

more likely to complete high school, acquire and complete post-secondary education, 

and achieve higher subject grades and scores in standardised tests when low-skilled 

immigration to local labour markets increase. These findings are consistent with the 

idea that native-born workers respond by differentiating themselves through human 

capital investments when faced with rising low-skilled immigration.    

 

4.2.2 Immigrant Peers and Students’ Academic Performance 

Studies investigating the impact that immigrant students have on peers’ academic 

achievement have emerged only very recently (see Gould et al., 2009). The studies 

typically present evidence from the United States and the high-immigration European 

countries, where immigrants are, on average, less-skilled than natives. The general 

consensus among these studies is that exposure to immigrant children has either 

negative, or at best, no effects on the academic achievement of peers.   

Possibly the first study to examine how immigration affects the educational 

achievements of natives, Gould et al. (2009) show that exposure to immigrant children 

early on in life (during elementary schooling) can have consequences for the long-term 

educational outcomes of native peers. Using Israeli administrative panel data that 

tracked each student’s progress from the 5
th

 grade to the year he/she was scheduled to 

graduate from high school, the authors find that while the fraction of immigrants in the 
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5
th

 grade
112

 has only a small and statistically non-significant effect on native students’ 

dropout rates
113

, it has a marginally significant negative effect on the rate of passing the 

high school exams. Since passing the high school exams is a prerequisite for attending 

college in Israel, the results imply that exposure to immigrant children during the 

elementary years reduces the likelihood that natives successfully attend college in later 

years. The overall negative impact of immigrant peers is driven primarily by the strong 

adverse effect that immigrants impose on students from poorer socioeconomic 

backgrounds. Also, the relationship between the rate of passing the high school exam 

and the share of immigrants appears to be non-linear: the adverse effect of immigrant 

peers is greater at lower levels of immigrant concentration. The main identification 

assumption is that conditional on the total number of immigrants in grades 4 to 6 and 

the number of children in grade 5, the fraction of immigrant children in the 5
th

 grade of 

a school can be thought of as randomly assigned. Given this assumption, regressing 

high school outcomes on the fraction of immigrants in the 5
th

 grade of the school, whilst 

controlling for the number of immigrants in the 4
th

 to 6
th

 grades and the total number of 

children in the 5
th

 grade of the school, identifies the causal impact of immigrant peers. 

To mitigate the potential bias arising from the endogenous placement of immigrant 

students across grades within the same school, Gould et al. additionally implement an 

instrumental variables (IV) strategy by using the predicted share of immigrants in the 5
th

 

grade of a school as an instrument for the actual share of immigrants in that grade. 

However, they find that the IV estimates are not statistically different from the OLS 

estimates. This suggests that the OLS results are likely to be robust to above-mentioned 

endogenous placements. Although immigrant children from the former Soviet Union 

(which formed the majority of immigrants in their dataset) generally had parents who 

received more education, they displayed many signs of socioeconomic difficulties. In 

particular, they tended to come from poorer households and were more likely to rent 

rather than to own their homes. They were also more likely to have a household head 

that was unemployed. Hence, immigrant children in Gould et al.’s study are arguably 

similar to those in the United States and the European countries, in the sense that they 

come, on average, from less-privileged socioeconomic backgrounds compared to 

natives.   

                                                           
112

 Students in Israel generally attend an elementary school in their local neighbourhood and are placed in 

the same class throughout elementary education (i.e. from grades 1 to 6). Hence, Gould et al. (2009) view 

the fraction of immigrant children in grade 5 as a proxy for the total exposure to immigrant children 

throughout elementary schooling.  
113

 This is defined as the rate of dropping out of school before completion of high school.  
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Using a similar identification strategy to Gould et al. (2009), but additionally 

controlling for time-varying school characteristics, Hardoy and Schøne (2013) reach a 

slightly different conclusion for Norway. They find that the proportion of immigrant 

students has a positive and statistically significant effect on the likelihood that native 

students drop out of upper secondary school. The peer effects appear to be sizeable, 

with their preferred estimates suggesting that a 10 percentage point increase in the share 

of immigrants results in a 2 percentage point rise in the native dropout rate. Further tests 

indicate that the adverse peer effects are driven primarily by those immigrants who have 

parents with low levels of education and by those immigrants who arrived in Norway at 

later ages (after the age of 7). In contrast, exposures to immigrants with highly educated 

parents and to immigrants who arrived in Norway at younger ages do not have 

statistically significant effects on natives’ dropout probabilities. These results suggest 

that the language and skill deficiencies of migrant students may be key mechanisms 

explaining their negative achievement effects on natives. 

Using a combination of Programme for International Student Assessment (PISA) 

survey data and administrative register data from Denmark, Jensen and Rasmussen 

(2011) examine whether immigrant concentration in schools affect the 

contemporaneous Reading and Math achievement of immigrant and native students. 

They find, as well, a negative relationship between the share of immigrants in the 

school and the scores received by students in both subjects, though immigrant 

concentration appears to have a larger negative effect on native students. There is no 

evidence that immigrant concentration is related to achievement scores in a non-linear 

way. To address the potential endogeneity of the share of immigrants in schools caused 

by parental sorting across neighbourhoods, the authors also employ an IV strategy, 

using immigrant concentration in a larger geographical area (immigrant concentration in 

the broad county, municipal, and labour market region in which the child resides in) as 

an instrument for immigrant concentration in the school. The impact estimates from the 

IV estimations show school immigrant concentration to be significantly negatively 

related to children’s Math scores but insignificantly negatively related to Reading 

scores. It is important to note that, in order for the instrument to be valid, it has to be the 

case that conditional on school immigrant concentration, immigrant concentration in the 

larger geographical area does not directly affect natives’ educational outcomes. This 
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assumption, however, seems unlikely to be satisfied in practice
114

. Another weakness of 

this study, common to many others in the literature, is the inability of the analysis to 

disentangle the overall achievement impacts of immigrant peers due to the 

socioeconomic characteristics of peers from other factors. As acknowledged by Jensen 

and Rasmussen, the fact that immigrant children in Denmark are, on average, from less-

privileged backgrounds imply that the socioeconomic composition of peers and 

immigrant concentration in schools will be negatively correlated. Because the analysis 

fails to model the effects due to the socioeconomic backgrounds of immigrant schooling 

peers, the estimated effects will also include any effects which are due to the 

unfavourable socioeconomic characteristics of immigrant peers. Since the estimates 

capture a “total treatment effect”, the findings from this study (and those which 

similarly fail to account for peer socioeconomic status) are unlikely to be generalisable 

to countries where immigrant children tend to be more privileged.  

Szulkin and Jonsson (2007) analyse Swedish data covering two entire cohorts of 

students that attended the 9
th

 grade in 1998 and 1999 (consisting of 188,000 students 

and 1,043 schools). Using a multilevel modelling approach, they find that the proportion 

of first-generation immigrant students in a school has a statistically significant negative 

impact on the academic achievement of native and immigrant students. However, the 

negative effect of immigrant concentration is larger for immigrant pupils themselves. 

Also, it appears that the adverse effects of immigrants become particularly pronounced 

at certain threshold levels of concentrations: while the marginal effect of immigrant 

peers is quite small when schools have immigrant shares amounting to 40% or less, 

marginal effect sizes increase considerably once the share of immigrants exceeds that 

level.  

Ohinata and van Ours (2013a) similarly investigate whether immigrant children 

affect the contemporaneous academic achievements of peers. However, their analysis 

proceeds at the classroom level and consider spill-over effects in not only Reading and 

Math but also in Science. Using data pertaining to the Netherlands from the 2001 and 

2006 Progress in International Reading Literacy Study (PIRLS) and the 1995 and 2007 

Trends in International Mathematics and Science Study (TIMSS), Ohinata and van Ours 
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 Previous studies such as Ainsworth (2002), Bobonis and Finan (2009), and Jargowsky and El Komi 

(2011) have found that the characteristics of the larger community in which students are immersed 

(including, for instance, the ethnic and socioeconomic composition of the community) can affect their 

educational outcomes through establishing social norms, influencing attitudes about the value of 

education, and/or shaping the type of role models students are exposed to outside the home.    
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(2013a) find that the share of (first- and second-generation) immigrant students in a 

classroom has only very small and non-significant impacts on the academic 

achievements of native children sharing the same classroom. Only in the 1995 data do 

they detect a statistically significant but small positive effect of class immigrant 

concentration on the Math test scores of native children. Immigrant students themselves 

experience negative spill-over effects in Reading from having a higher share of 

immigrant children in the classroom but no spill-over effects in either Math or Science. 

The authors find no evidence that the achievement impacts from exposure to first-

generation immigrant students are any different from exposure to second-generation 

immigrants. To address the possibility that assignment of students across schools may 

have been non-random, Ohinata and van Ours exploit the availability of data on 

multiple classes within the same school to estimate a school fixed effects model. In 

essence, this involves comparing the academic performance of students from 

classrooms with different shares of immigrants within schools to identify the spill-over 

effects of immigrant peers. The identification strategy assumes that once school-specific 

characteristics are controlled for, students are randomly allocated to classes within 

schools. The identification assumption therefore implies that any practice of ability- or 

ethnic-based grouping within schools would undermine the validity of the impact 

estimates. Although the authors repeat the analysis with a sub-sample of schools that 

report not grouping students by ability and find results similar to the ones found for the 

full sample of schools, this does not rule out the possibility that other types of sorting 

patterns may have biased their impact estimates. For example, if schools practice 

classroom grouping based on students’ ease with the language of instruction, then 

linguistically-weaker native students and non-native speaking immigrant students would 

be assigned to common classes. Such a sorting procedure would imply that those 

natives in classes with large shares of immigrants would also be the lower-achieving 

ones (since native students with weaker language proficiencies tend to fare 

academically worse than those with stronger language proficiencies)
115

. Although in the 

data, such schools would not show up as being those that “track” students by ability per 

se, assignment of students across classes would hardly be random. As such, caution 

should be taken when considering the results found in this paper.   
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 It is easy to think of other sorting procedures which may bias the impact estimates as well. This may 

include, for instance, assignment into classes based on students’ age (in this case, lower-performing 

repeat students may have a greater tendency to be placed in the same classes as immigrant students who 

are often older).   
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Because exposure to immigrant students may have heterogeneous impacts on the 

academic achievements of lower- and higher-performing students, a later paper by 

Ohinata and van Ours (2013b) reinvestigates the issue of whether immigrant classmates 

have spill-over effects by using a quantile regression approach. Essentially, they 

examine whether the share of immigrant peers has a differential effect on the test scores 

of native students when natives are located on different parts of the test score 

distribution (10
th

, 30
th

, 50
th

, 70
th

, and 90
th

 percentiles of the test score distribution). In 

contrast to their earlier paper, they use national assessment data collected from 8
th

 grade 

Dutch students over the years 1996 – 2005 and exploit variation in the share of 

immigrant students across several 8
th

 grade cohorts from each school over time to 

address the potential bias due to the non-random sorting of students into schools
116

. 

Despite employing a different identification strategy, their earlier findings remain: they 

find no evidence that the share of immigrant peers has any negative effect on the 

Language and Math scores
117

 of native students. This finding is true whether spill-over 

effects are evaluated at the mean or at some other part of the native test score 

distribution.  

Contini (2013) employs the same identification strategy as Ohinata and van Ours 

(2013a) to estimate the effect of having a larger share of classmates with an immigrant 

background in Italian schools on the Language and Math achievements of 5
th

 and 6
th

 

grade natives and immigrants. He uses data from a standardised learning assessment 

administered by the Italian National Evaluation Institute and performs his estimations 

on a subset of schools that pass the random assignment test (i.e. in these schools, the 

hypothesis that students are randomly assigned to classes with respect to students’ 

migration background and socioeconomic status cannot be rejected at the 10% level). 

Unlike Ohinata and van Ours (2013a), Contini (2013) finds that the share of classmates 

with a migration background does have an influence on students’ achievement, although 

the effects are weak and heterogeneous. While the share of second-generation 

immigrant classmates is found to have a detrimental effect on the Language and Math 

achievements of natives with low socioeconomic backgrounds, it is found to have a 

beneficial effect on the subject achievements of natives with high socioeconomic 
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 While the exposure to immigrants in this study is also defined at the level of the classroom, this time, 

the authors include in their sample, only those schools with one 8
th

 grade class per cohort. Since this 

means that the share of immigrants in the class would also be the share of immigrants in the school’s 8
th
 

grade cohort, the identification strategy employed is an improvement over Ohinata and van Ours (2013a) 

since it mitigates any bias due to the non-random sorting of students across classes within schools.    
117

 Due to data limitations, the authors do not consider the spill-over effects on natives’ Science 

achievements in this paper.  
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backgrounds. Furthermore, while the share of first-generation immigrant classmates is 

found to have an adverse effect on the subject achievements of both immigrants and 

natives in grade 5, the adverse effects are somewhat larger for immigrants. At least part 

of the reason why peer effects may appear different in Contini and Ohinata and van 

Ours may be due to differences in the way first- and second-generation students are 

defined across the studies. In Contini (2013), first-generation immigrants are defined as 

all children born abroad to 2 foreign-born parents and second-generation immigrants are 

those born domestically to 2 foreign-born parents. If children have at least 1 native-born 

parent, they are defined as natives. However, in Ohinata and van Ours (2013a), first-

generation immigrants are defined as all children born abroad to at least 1 foreign-born 

parent while second-generation immigrants are those born domestically to at least 1 

foreign-born parent. Only children born domestically to 2 native-born parents qualify as 

natives. Because of differences in the way first- and second-generation migrants and 

natives are defined, results from both studies are not directly comparable.      

Most studies in the literature examine evidence from a single country. This is 

possibly because the effects of exposure to immigrant students may be different for 

different countries. An exception is Brunello and Rocco (2013), who use cross-national 

data from PISA to study whether a higher share of immigrant students affects the 

academic performance of native students. Although aggregation of data to the country-

year level addresses the selective sorting of individuals between and within schools in 

individual countries, it is possible that immigrants may sort across countries. To account 

for this possibility, the analysis conditions on country fixed effects, country-specific 

time trends and other country-by-year variables which are hypothesised to affect student 

performance. Their results suggest that a higher share of immigrant students reduces the 

test scores of natives. Two limitations of this paper should be emphasised however. 

Firstly, the study is based on a small non-representative sample of countries which are 

mainly drawn from Europe. Whether the findings can be extended to a broader sample 

of countries is questionable. Second, the authors assume that the relevant peer group for 

15-year-old natives are immigrant students of the same age. This may be inappropriate 

because immigrant students in many countries are often held back a grade or two to 

allow them to have time to adjust to the new learning environment (Pong, 2009). This 

means that the appropriate peer group for 15-year-old natives may instead be 16 or 17 

year-old immigrant pupils. Hence, the reported estimates may be biased by some degree 

of systematic measurement error. 
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Neymotin (2009) examines the effect of immigrant students on the Scholastic 

Assessment Test (SAT) scores of native U.S. students and their probability of applying 

to the top 20 American universities and finds, in contrast to the above studies, evidence 

indicating that the wave of incoming migrant students into California and Texas in the 

1990s did not harm but possibly even benefited the educational outcomes of U.S. 

students. She employs micro-level data on students taking the SAT over the years 1994-

2001 and uses differencing and IV methods to address the issues caused by self-

selection of students into neighbourhoods and schools. One reason why Neymotin may 

have found non-negative impacts is because, unlike most other studies in the literature, 

her analysis controls for the socioeconomic characteristics of the child’s schooling 

peers. This could imply that once the poorer socioeconomic backgrounds of immigrant 

peers are accounted for, these students may actually have less adverse impacts on the 

educational outcomes of natives than what most existing studies would suggest.  

Geay et al. (2013) analyse the effect of having a higher share of non-native 

speakers in a school’s grade on the academic performance of native speakers in that 

grade. Using data on English schools from the years 2003 to 2009, results from their 

school fixed effects regressions rule out any negative impacts of non-native speakers. 

Although the data does indicate a raw negative relationship between the share of non-

native English speaking students and the test scores received by native English speaking 

students, this is found to be an artefact of the non-random sorting of non-native English 

speakers into schools with less favourable characteristics (and the tendency, as well, for 

native English speakers from less-advantaged backgrounds to sort into such schools). 

Geay et al. (2013) also exploit the large in-migration of Eastern Europeans into the 

United Kingdom in 2005 and the tendency for the new immigrants to attend Catholic 

schools to form the basis of an IV strategy. Specifically, the strategy is to use the 

interaction between school type and time trend after 2005 as an instrument to predict the 

percentage of White non-native English speakers in schools. While effects are 

imprecisely estimated for Reading and Writing, the share of White non-native speaking 

peers is found to have a positive and significant effect on the Math achievement of 

native English speaking students. Results from their IV estimations do not, however, 

provide estimates of the average treatment effect of having non-native English speaking 

peers. Instead, they are limited only to indicating the effect of exposure to White non-

native speakers after 2005 on the achievements of native speakers in Catholic schools. 

Hence, the findings have limited generalisability to other schools and settings. 
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Unlike most studies in the literature which examine how immigrant pupils affect 

the academic achievement of native pupils, Cortes (2006) studies how immigrant peers 

affect the achievements of immigrants themselves. She uses data from the 1
st
 wave of 

the Children of Immigrants Longitudinal Study and compares the performances of 

students studying in high immigrant-receiving schools (i.e. enclave schools) to those in 

low immigrant-receiving schools (i.e. non-enclave schools) to identify the impact of 

immigrant peers. Although summary statistics show that students who attend enclave 

schools achieve lower Reading and Math test scores than those who attend non-enclave 

schools, the characteristics of students attending both types of schools differ markedly. 

In particular, students attending enclave schools tend to be from single-parent families, 

have parents with less years of education, and are more likely to rent their homes. This 

implies that selection into enclave schools is unlikely to be random. To ameliorate the 

bias due to such non-random sorting across school types, Cortes uses a propensity score 

matching technique, comparing the test scores of an immigrant child in an enclave 

school with those of a similar child (based on observed characteristics) in a non-enclave 

school to identify the causal impact of attending an enclave school. Results from the 

propensity score matching exercise indicate that immigrant students who attend enclave 

schools perform no differently on their Reading and Math tests from those who attend 

non-enclave schools. Hence, studying in an environment with many immigrant peers 

appears to have no impact on the academic achievement of immigrants themselves. This 

finding contrasts sharply with the ones found in Contini (2013), Jensen and Rasmussen 

(2011), and Szulkin and Jonsson (2007). 3 weaknesses of the study are apparent: Firstly, 

the analysis is based on a very small number of schools (only 40 schools in total) which 

may not be nationally representative. Secondly, the measure used to capture immigrant 

exposure in schools is arbitrary: immigrant exposure is captured by a dichotomous 

variable receiving a value of 1 (i.e. enclave school) if the school has a foreign-born 

student population greater than 25% and 0 otherwise (i.e. non-enclave school). Third, 

and most importantly, the approach employed will only yield an unbiased estimate of 

the effect of attending an enclave school if there is no selection on unobservables. Since 

it is conceivable that selection into enclave schools might depend on unobservable 

characteristics like student ability or motivation (factors which also affect student 

achievement), the matching approach may not be able to provide unbiased estimates of 

the impact of attending an enclave school.   
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Perhaps the only study there is so far documenting the effect of immigrant peers 

in a territory where the skill composition of immigrants relative to natives is high is 

Friesen and Krauth (2011). The study uses data on elementary school students from the 

Canadian province of British Columbia to examine how non-English home speaking 

students affect the academic achievement of their same-grade schoolmates. To account 

for non-random selection into schools, the authors exploit data on multiple cohorts of 

students within each school and incorporate school fixed effects in their models. The 

effects of peers from two language groups are studied: Peers who speak Chinese and 

peers who speak Punjabi at home. The results show that Chinese home-language 

students have a positive achievement impact on their same-grade peers whereas Punjabi 

home-language students have a negative achievement impact. Although the study 

provides some information on the possible effects of having immigrant schooling peers 

in a country where the average immigrant is more educated than the average native, it 

suffers from two limitations. Firstly, it focuses only on the effects of two specific 

groups of immigrant students. This hardly covers the universe of immigrant students in 

Canada. Secondly, the evidence is based on student experience in British Columbia and 

may not be representative of student experience in the other Canadian provinces.  

Instead of focusing on test scores, a recent study by Schneeweis (2013) considers 

whether the share of immigrant students in the 1
st
 grade of primary schools has an effect 

on the education tracks (high / low track) students choose upon the completion of their 

primary education and on the probability that they have to repeat grades at the primary 

and secondary school levels. Track choice is important in Austria, the country in which 

Schneeweis obtains her data from, because it determines the type of education received 

and the subsequent labour market opportunities available to an individual. While low 

track schools provide only basic general education and are meant to prepare students for 

vocational trades, high track schools offer curriculums which are academically-oriented. 

Using register data covering 22 cohorts of compulsory students in the Austrian city of 

Linz over the years 1980-2001, her study exploits variation in the share of immigrant 

students between adjacent cohorts within schools to identify the effects of immigrant 

peers. She finds that while having a higher share of foreign students in the 1
st
 grade of a 

school has no significant effect on the educational outcomes of native students, it has a 

negative effect on the educational track choice and attendance for migrant students 

themselves. The share of immigrant students is found to have no significant influence 
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on grade repetition at the primary or secondary levels, neither for native nor for foreign 

students.    

A related, though somewhat different, literature looks at how peers who do not 

speak the language of instruction proficiently affect the academic performance of 

students that do. This literature is considered to be distinct from the one above because 

students who are not proficient in the language of instruction need not be foreign-born. 

Also, many of the foreign-born could be proficient in the language of instruction. For 

example, in the U.S., half of all students considered to be non-proficient English 

speakers (Limited English Proficient or LEP students) are actually natives. Furthermore, 

students with a migration background are not necessarily given an LEP status. As such, 

the impact of students who do not speak the language of instruction proficiently can be 

quite different from the impact of immigrant students (Chin et al., 2012).  

Using data from the U.S.-based Early Childhood Longitudinal Study, Cho (2012) 

examines the peer effects of LEP classmates on the achievements of non-LEP students 

and finds that having a classmate with limited English proficiency during kindergarten 

and 1
st
 grade is associated with lower test score gains in Reading (but not in Math). The 

negative effects on Reading score gains are found to be largest for financially-

disadvantaged students with annual household incomes below US$25,000. Chin et al. 

(2012) exploit the fact that school districts in the state of Texas are required to provide 

access to bilingual education if the population of LEP students that speak a given 

language in an elementary grade is greater than or equal to 20 to create exogenous 

variation in non-LEP students’ exposure to LEP peers
118

. They find that lower exposure 

of LEP students to non-LEP students, arising from the provision of bilingual education 

in schools, has positive effects on the Math and Reading test performance of non-LEP 

students (though the effects are non-significant at the conventional levels for Reading). 

Hence, their results suggest that exposure to LEP classmates has adverse consequences 

for the academic performance of non-LEP peers.  
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 Under a bilingual education system, LEP students are placed into separate classrooms from natives. 

The alternative of the bilingual education programme is the English as a second language programme. In 

the latter, LEP students are mainstreamed with natives but taken out for parts of the school day for 

English instruction. The policy rule enables them to implement a regression discontinuity design: If the 

LEP students in a district number more than or equal to 20, then LEP students are put into bilingual 

education programmes and non-LEP students get less exposure to them. However, if there are less than 

20 LEP students in the district, then these students are put into English as a second language programmes 

and non-LEP students get more exposure to them. The idea is to compare the academic achievements of 

non-LEP students in districts that have slightly less than 20 LEP students in a language-grade to those 

with slightly more, so as to identify the peer effects of LEP students.  
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Diette and Uwaifo Oyelere (2012) use student panel data from public schools in 

North Carolina to examine whether the fraction of LEP students in a school’s grade 

affects the test scores of non-LEP students in that grade. Overall, their results suggest a 

small negative relationship between the share of peers that are LEP and the Math and 

Reading achievement of non-LEP students. Somewhat different from Cho (2012), the 

negative peer effects found in this paper appear to be driven mostly by the effects of 

LEP students on those at the top 25% of the achievement distribution.  

Finally, a later study by Diette and Uwaifo Oyelere (2013) analyses whether the 

peer effects of LEP students in North Carolina are heterogeneous across gender and 

racial groups. Results from their preferred specification (a specification which controls 

for school-by-year fixed effects) indicate that the peer effects of LEP students indeed 

vary by gender and race. While greater exposure to LEP peers has, on average, no 

effects on either the Reading or Math achievement of females or White students, it has 

adverse impacts on the Reading and Math achievements of males and African American 

students.  

  

4.2.3 Country Immigration Policies and the Quality of Incoming Migrant 

Students 

The question of whether a country’s migration policy affects the quality of 

incoming migrant students is explored in a recent study by Cattaneo and Wolter (2012). 

The authors exploit a radical change in Swiss migration policy in the mid-1990s from 

one that favoured the entry of low-skilled immigrants to one that favours the entry of 

high-skilled immigrants in order to assess how an exogenous change in migration policy 

affects the educational performance of school-going immigrant children. They found 

that the policy change had a profound impact on the qualifications of new migrants and 

their countries of origin. Whereas before the policy change, the majority of migrants 

lacked a college degree and could not speak even one of the Swiss national languages, 

by 2000, nearly half of the new migrants had a college degree and a third could speak at 

least one national language. More importantly, they document a dramatic increase in the 

PISA test scores received by first-generation immigrant students over the decade, 

beginning 2000. Using a Blinder-Oaxaca decomposition analysis, their results show that 

some 68% of this performance improvement can be attributed to changes in the 

socioeconomic characteristics of new immigrant parents and to improvements in school 
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composition (specifically, a decrease in the share of students who did not speak the test 

language in schools) induced by the new immigration policy. The results from the study 

suggest that country migration policies can have a powerful impact on the quality of 

incoming migrant children, and hence, peers to which native children are exposed.  

 

4.2.4 Synthesis of the Literature 

This review has revealed two important points about the state of the literature. 

Firstly, it has highlighted the fact that existing research has, thus far, focused on 

examining the effects of migrant students in those countries where immigrants are, on 

average, less skilled or less financially privileged than natives. These studies have 

generally found that immigrant students have either negative or no effects on the 

educational outcomes of peers. Apart from one study (i.e. Friesen and Krauth, 2011), no 

research has been done to assess the effects of such children in countries where migrants 

are relatively more skilled than natives. Though that study provides some indication on 

the possible effects of immigrant peers in a country where the migrant population tends 

to be relatively skilled, the results may not be generalisable to a wider set of countries 

for the reasons explained earlier.  

Because immigration policies can have a powerful effect on the quality of 

incoming migrant children, the fact that countries such as Canada and Australia have 

immigration policies where migrant selection is overwhelmingly based on educational 

and skill attributes imply that the effects of immigrant peers may be quite different, 

possibly even positive, for these countries. In light of this, the aim of this study is to 

contribute to the void in this literature by investigating whether immigrant peers affect 

the academic achievement of native students differently in countries where migrant 

parents are generally more skilled than native parents. 

 

4.2.5 Immigration to Australia, Canada, and the United States 

Australia, Canada, and the United States are traditional immigrant-receiving 

countries. Immigration has historically played a vital role in the establishment of these 

countries and continues to be an important process in their developments today. Prior to 

1960, all 3 countries shared similar immigration policies and patterns in immigration 

flows (Aydemir and Sweetman, 2007; Bauer et al., 2000; Ongley and Pearson, 1995). In 
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particular, admission to these countries was decided on the basis of national origin, with 

preferences given to persons originating from the United Kingdom, Ireland, and certain 

parts of Europe. Not surprisingly, the vast majority of immigrants entering these 

countries at the time were of European origin. The 1960s, however, saw a marked 

divergence in the immigration policies adopted by the United States and the other two 

countries
119

. While the criteria for immigrant selection in the United States shifted to 

one that was based predominantly on family relationships and reunification, the criteria 

in the other two shifted gradually to emphasise labour market skills (Bauer et al., 2000; 

Borjas, 1993; Ongley and Pearson, 1995). The difference in paths taken by the U.S. and 

by Canada and Australia has resulted in widely differing national origins and skill mixes 

of immigrants (Antecol et al., 2003; Borjas, 1993). Whereas by the 1990s, Asia had 

become the major source region for new migrants to Canada and Australia, Central and 

South America had become instead the major source regions for migrants to the United 

States. At the same time, striking differences could be observed in the level of skills 

possessed by immigrants in the U.S. and those in the other two countries. While as of 

around 1990, immigrants in Canada and Australia had higher average levels of 

educational attainments relative to natives in the countries, immigrants in the U.S. had 

substantially lower average levels of education compared to U.S. natives (Antecol et al., 

2003). Even when comparing across only immigrants, one finds that immigrants in the 

U.S. tend to be considerably less educated relative to those in Canada and Australia.  

Because unlike immigrants in the United States (as well as in most European 

countries), immigrants in Canada and Australia tend, on average, to be more skilled 

than natives (at least in the 1990s – the time period in which I draw my data from), the 

school-going immigrant population in these two countries also had more privileged 

parental backgrounds compared to those analysed thus far in the extant literature (this is 

shown in section 4.3.3.1). My study therefore aims to investigate whether immigrant 

children would still have the negative peer impacts documented in much of the 

literature
120

 if they have better parental characteristics (compared to natives). The 

findings from this research would be of relevance to policy-makers because it tells us 
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 In 1965, the U.S. shifted its immigration policy away from one that granted admissions based on 

source-country to one which focused on family reunification. Canada and Australia also shifted away 

from a policy focusing on national origin towards a points-based system (where entry permits were 

awarded based on economic criteria such as educational qualification, occupational demand, language 

ability, and age, among others) in 1967 and 1979 respectively.  
120

 See, for example, Brunello and Rocco (2013), Contini (2013), Gould et al. (2009), Hardoy and Schøne 

(2013), Jensen and Rasmussen (2011), and Szulkin and Jonsson (2007). 
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whether the way in which migrant students affect others may be influenced by the 

immigration policies of a country.  

  

4.3 DATA 

The data used in this chapter is from the International Association for the 

Evaluation of Educational Achievement’s (IEA) Third International Mathematics and 

Science Study (TIMSS 1995)
121

. TIMSS 1995 is an international study which was 

conducted across more than 40 countries in 1995. The aim of the study is to assess the 

Mathematics and Science achievements of students in 5 grade levels (3
rd

, 4
th

, 7
th

, and 8
th 

grades and the grade constituting the final year of secondary education) of the 

participating countries. The questions in the administered tests, based on both multiple-

choice and free-response formats, assess student competency in different areas within 

Mathematics and the Sciences. They draw directly from the school curriculum and are 

designed to measure how well students have learnt what they have been taught. 

Because individual, family background and schooling characteristics are deemed 

important in explaining academic performance, TIMSS 1995 also administered 

questionnaires to students and school administrators in a bid to collect contextual 

information. Among other things, the student questionnaire sought information 

regarding each student’s demographic characteristics (e.g. sex, age, migration status, 

age at arrival to the country if the child was born abroad) and family background (e.g. 

educational attainment of each parent, number of books at home, number of people 

living in the home, whether the test language is frequently spoken at home, whether the 

child lives with both parents).  

School questionnaires, which were administered to school administrators, 

collected information regarding the school’s student and staff community. Among other 

things, school administrators were queried on aspects such as the geographical location 

of the school, student enrolment, as well as the shares of students in the school that had 

a first language different from that taught in school, that came from homes where 

neither parent received more than primary education, who were from disadvantaged 

economic backgrounds, and who were from single parent families.  
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 Available online from: http://www.iea.nl/data.html. This study was renamed the “Trends in 

International Mathematics and Science Study” after 1995. 

http://www.iea.nl/data.html
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Although data on student achievement are available for 5 grade levels, I focus my 

study on examining student achievement in only the 7
th

 and 8
th

 grades
122

. While the 

1995 wave is not the most up-to-date version of TIMSS, it does provide a very unique 

advantage. In particular, it is the only internationally comparable dataset which provides 

achievement and migration information on students from 2 different grades of the same 

school. This makes it well-suited for the identification strategy employed in this chapter 

(this will be discussed in Section 4.4). No other datasets which I am aware of – not even 

the subsequent waves of TIMSS
123

 – fulfil the strict data requirements needed to 

implement the empirical strategy proposed
124

.  

TIMSS 1995 employed a two-stage sampling design. In the first stage, schools 

were sampled with a probability proportional to school size. In the second stage, intact 

classes of students were randomly selected from within the sampled school. Generally, 

within each school, one classroom would be randomly selected from the 7
th

 grade and 

another would be randomly selected from the 8
th

 grade
125

 and all students from these 

classes would then be surveyed. Because each respondent provides information on 

his/her nativity status (whether born abroad or born in the country of test), one is able to 

identify whether a particular observation is an immigrant student. This information 

allows one to construct the key explanatory variable of interest – a variable measuring 

the share of immigrant students in the 7
th

 and the 8
th

 grade of each school
126

. In all 

                                                           
122

 The reason is that these students are drawn from adjacent grades within the same schools in the 3 

countries of interest. Alternatively, I could limit my analysis to student achievement in the 3
rd

 and 4
th

 

grades since students in these grades are also drawn from within the same schools. However, important 

information relating to parental backgrounds was not asked of students in these grades. The absence of 

such data implies that conditioning on parental characteristics would not be possible and therefore the 

estimates may be biased if parental characteristics happen to be correlated with the degree of exposure to 

immigrant children.  
123

 The other waves of TIMSS (i.e.1999, 2003, 2007, and 2011 waves) assess the academic achievements 

of students belonging to only 2 grade levels (namely the 4
th

 and the 8
th

 grades). Students in the 4
th

 and 8
th

 

grades are typically not drawn from the same school, making within-school type comparisons infeasible. 
124

 The requirement that observations be drawn from 2 different grades within the same schools explains 

why I have not included New Zealand in the study. Although as with Australia and Canada, immigrant 

students in New Zealand also tend to have parents that are relatively highly educated, students in the 7
th

 

and 8
th

 grade in the New Zealand dataset were largely not drawn from the same schools.  
125

 Students from 2 adjacent grades are surveyed from each school. In general, students from the lower 

grade would be 7
th

 graders and students from the upper grade would be 8
th

 graders. However, in the case 

of Australia, students from the lower grade could be either 7
th

 or 8
th

 graders and students from the upper 

grade could be either 8
th

 or 9
th

 graders. This occurs because of State-level differences in the age of entry 

to primary schools. In 4 of the 8 Australian States, students were sampled from grades 7 and 8. Students 

constituting the lower grade were therefore from grade 7 while those constituting the upper grade were 

from grade 8. However, in the other 4 States, students were sampled from grades 8 and 9. In these States, 

students constituting the lower grade were from grade 8 while those constituting the upper grade were 

from grade 9. For simplicity, however, I shall refer to the lower grade as grade 7 and to the upper grade as 

grade 8.  
126

 Since generally only one class is selected from each grade per school, the share of immigrant children 

in the 7
th

 grade class is akin to the share of immigrant children in the 7
th

 grade of the school. Likewise, the 
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subsequent analyses, we define immigrant students as all those born abroad (first-

generation immigrants).  

  

4.3.1 Sample 

The dataset consists of individual-level student observations. A total of 12,852, 

16,581, and 10,973 student observations from 161, 380, and, 183 schools are available 

respectively for Australia, Canada, and the U.S.. The number of foreign-born 

observations in each of the 3 countries is sizeable. Of the 12,578 student observations 

which had non-missing responses on the country of birth in the Australian dataset, 1,401 

observations are foreign-born while the rest (11,177) are native-born. Of the 16,232 

student observations which had non-missing country of birth information in the 

Canadian dataset, 1,326 are foreign-born while the rest (14,906) are native-born. 

Similarly, of the 10,774 student observations in the U.S. dataset which had non-missing 

responses on the country of birth, 938 are foreign-born while the rest (9,836) are native-

born. These figures are consistent with the fact that these 3 countries have been 

successful in attracting considerable numbers of foreign students.   

Since I am mainly interested in investigating whether the exposure to immigrant 

peers has an effect on the academic achievements of native (and later, also foreign-born) 

students, I restrict my sample to those students who reported their country of birth in the 

background questionnaires. All students who omitted providing a response as to 

whether or not they were born in the country of test were excluded. Finally, I link each 

student observation to the share of foreign-born children in his/her grade in school.    

 

4.3.2 Measuring Student Achievement 

Student performance in Math and Science are measured using the national Rasch 

scores in TIMSS 1995. To minimise the burden on participating students, each student 

                                                                                                                                                                          
share of immigrant children in the 8

th
 grade class is akin to the share of immigrant children in the 8

th
 

grade of the school. In the few cases where more than one class is selected from a single grade, the share 

of immigrant children in the grade is obtained by dividing the sum of immigrants from these classes with 

the total number of students in these classes. All results are very similar if I had instead obtained an 

estimate of the share of immigrant students in any one grade of a school by first weighting each student 

observation by the product of the class weighting factor (inverse of the probability of selection of the 

classroom within a school), the student weighting factor (inverse of the probability of selection of a 

student within a classroom), and the student weighting adjustment (adjustment to account for non-

participating students in the selected classroom) before calculating the proportion of immigrant students 

to all students in the grade.  
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was only required to complete 1 of 8 possible test booklets. The national Rasch scores 

adjust for the varying difficulty of the items across these test booklets (Gonzalez and 

Smith, 1997). I also experimented with using “plausible values” to measure student 

achievement
127

. However, in all cases, none of the results changed substantively when 

such values were used. Since conclusions are insensitive to the use of either 

achievement scale and because the academic performance of individuals appears to be 

better represented by national Rasch scores (see Sofroniou and Kellaghan, 2004), these 

are used in this chapter. Throughout this chapter, test scores are normalised within each 

country and subject, to a mean of 0 and a standard deviation of 1 so that the values 

presented can be interpreted as fractions of a standard deviation. 

 

4.3.3 Descriptive Statistics 

4.3.3.1 Characteristics of Immigrant and Native Students, by Country 

Since this study focuses on examining the peer effects of immigrant children, a 

question of interest is whether immigrant students are different, in terms of their 

academic achievements and background characteristics, compared to their native 

counterparts. 

Table 4.1: Mean Characteristics of Foreign-Born and Native-Born Children, by Country 

 

Australia Canada United States 

 
Foreign  Native  Foreign Native  Foreign  Native  

Panel A       

Standardised Math Test Score 0.094* -0.006 -0.207* 0.030 -0.171* 0.020 

Standardised Science Test Score -0.065* 0.013 -0.432* 0.050 -0.330* 0.031 

Panel B       

8th Grade 0.526* 0.485 0.507 0.498 0.496 0.503 

Female 0.488 0.512 0.455* 0.502 0.427* 0.504 

Age 13.824* 13.712 13.775* 13.621 13.794* 13.731 

Speak Test Language at Home 0.643* 0.950 0.535* 0.944 0.565* 0.925 

Live With Both Parents 0.775* 0.745 0.678 0.715 0.691* 0.650 

Household Size 4.857* 4.694 4.918* 4.517 5.267* 4.711 

Mother’s Highest Edu  – Primary Education or Less 0.040* 0.021 0.112* 0.068 0.055* 0.023 

Mother’s Highest Edu  – Some Secondary Education 0.232* 0.397 0.108* 0.150 0.102 0.097 

Mother’s Highest Edu  – Completed Secondary Education 0.245 0.230 0.182* 0.233 0.226 0.265 

Mother’s Highest Edu  – Some / Completed Vocational 
Edu 0.094 0.088 0.106 0.110 0.110 0.089 

                                                           
127

 Plausible values are estimates of the achievement scores that students would have obtained if they had 

completed an assessment consisting of all the items in the 8 test booklets. They are derived using multiple 

imputation methods.  
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Mother’s Highest Edu  – Some University Education 0.087* 0.060 0.122 0.121 0.201* 0.275 

Mother Completed University Education 0.302* 0.204 0.371* 0.317 0.307* 0.251 

Father’s Highest Edu  – Primary Education or Less 0.038 0.031 0.105 0.085 0.064* 0.025 

Father’s Highest Edu  – Some Secondary Education 0.187* 0.329 0.075* 0.164 0.112 0.106 

Father’s Highest Edu  – Completed Secondary Education 0.157 0.174 0.148* 0.188 0.168* 0.242 
Father’s Highest Edu  – Some / Completed Vocational 

Edu 0.145 0.167 0.114 0.117 0.136 0.120 

Father’s Highest Edu  – Some University Education 0.063 0.049 0.120 0.102 0.195 0.216 

Father Completed University Education 0.410* 0.250 0.437* 0.345 0.325 0.290 

Has 0-10 Books at Home 0.049* 0.022 0.070* 0.040 0.165* 0.074 

Has 11-25 Books at Home 0.120* 0.057 0.203* 0.092 0.195* 0.119 

Has 26-100 Books at Home 0.286* 0.240 0.304* 0.266 0.271 0.280 

Has 101-200 Books at Home 0.211* 0.253 0.196* 0.249 0.159* 0.214 

Has more than 200 Books at Home 0.334* 0.428 0.226* 0.352 0.210* 0.314 

Age at Arrival (for Foreign-Born Students only) 5.596 N.A. 6.556 N.A. 6.276 N.A. 

School is Located in Isolated, Village or Rural Area 0.051* 0.178 0.058* 0.195 0.147* 0.248 

School is Located on the Outskirts of a Town/City 0.629* 0.481 0.177* 0.255 0.271* 0.318 

School is Located Close to the Centre of a Town/City 0.320 0.341 0.765* 0.551 0.582* 0.434 

Total School Enrolment 900.225* 828.622 617.285* 571.985 843.755* 692.741 

Share of Schooling Peers From Disadvantaged 
Backgrounds 0.241* 0.210 0.267* 0.199 N.A. N.A. 

Share of Schooling Peers with Neither Parents Educated 

Beyond Primary 0.086* 0.057 0.125* 0.087 N.A. N.A. 

Share of Schooling Peers from Single Parent Families 0.219* 0.204 0.276* 0.253 N.A. N.A. 
Share of Schooling Peers that have a First Language other 

than that Taught in School 0.214* 0.095 0.331* 0.131 N.A. N.A. 

       

Sample Size 1,401 11,177 1,326 14,906 938 9,836 

       Notes: Data from the Third International Mathematics and Science Study of 1995. Sample weights used in all computations so that 
mean values are nationally representative. * indicates that the mean value is significantly different at the 5% level between native 

and foreign students. N.A. represents “Not Administered”.  

   

Panel B of Table 4.1 presents the estimated mean characteristics of the 7
th

 and 8
th

 

grade foreign-born and native-born student population, by country. In all 3 countries, 

immigrant children are somewhat older and come from larger households compared to 

native children. They are also far less likely to speak the test language or have more 

than a hundred books at home. The characteristics of the schools that immigrant and 

native children attend are markedly different. Immigrant students tend to attend schools 

with weaker characteristics
128

. For example, on average, immigrant students attend 

schools where a larger proportion of the student body are from disadvantaged economic 

backgrounds
129

, from single-parent families, are non-native speakers of the language 

                                                           
128

 Information on school characteristics was unavailable for the U.S. However, previous research 

suggests that, on average, immigrant students in the U.S. tend to attend schools with weaker 

characteristics as well (Ruiz-de-Velasco et al., 2000).  
129

 The definition of “disadvantaged economic backgrounds” was defined on a country-basis by the 

national research coordinators. Efforts were made so that the definitions used were meaningful for the 

country.  
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used in class, and have parents that did not receive more than primary education. 

Schools that immigrant children attend also have larger student enrolments on average, 

and are more likely to be located in or on the outskirts of a town or city.  

As expected, parents of Australian and Canadian immigrant students are, on 

average, more educated than those of native students. As the figures in Panel B show, 

the proportion with mothers and fathers with at least some university education is 

notably larger for the group of immigrant students in these countries. As for the United 

States, although the share of those having fathers and mothers with at least some 

university education is similar for immigrants and natives, a somewhat larger proportion 

of immigrant students have fathers and mothers that have not completed secondary 

education. Therefore, on average, immigrant students in the U.S. have parents that are 

less well-educated than those of natives.    

Of particular interest is the academic performance of immigrant and native 

students in each of the 3 countries. Panel A of Table 4.1 reports the mean test scores 

received by immigrant and native students, by country. Immigrant students 

underperform natives considerably in Math and Science in Canada and in the U.S.. On 

average, immigrant students in Canada receive Math and Science test scores that are 

approximately 0.24 and 0.48 standard deviations lower respectively compared to native 

students (these differences are statistically significant at the 1% level). Similarly, 

immigrant students in the U.S. achieve Math and Science test scores that are roughly 

0.19 and 0.36 standard deviations lower compared to native students (these differences 

are statistically significant at the 1% level). In the case of Australia, immigrant students 

actually outperform native students in Math by 0.1 standard deviations (this difference 

is statistically significant at the 1% level). Although in Science, immigrant students in 

Australia still perform worse than natives (0.08 standard deviations poorer), this 

difference is nowhere as large as the ones obtained for Canada or the U.S..  

The above analysis reveals that immigrant children in Australia fare relatively 

well in terms of their academic achievements. This finding deviates from much of the 

evidence found in the assimilation literature, which has generally found that immigrant 

children lag behind their native counterparts in terms of educational performance and 

attainment (see for example, Ammermüller (2007), Marks (2005), and Rangvid (2007)). 

However, the fact that Australian immigrant students do not seem to lag much may not 

be too surprising considering that they tend to come from more privileged backgrounds. 
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A more striking finding is that which pertains to the performance of immigrant students 

in Canada. Since the figures in Panel A of Table 4.1 indicate that immigrant children in 

Canada tend to have parents that are relatively highly educated, it seems natural to 

expect that any educational disadvantages arising from factors such as language barriers 

or deficiencies in host-country-specific human capital would be compensated to some 

degree by their favourable family characteristics (Ammermüller, 2007). As such, one 

would intuitively expect immigrant students in Canada to be reasonable academic 

achievers. However, Panel B clearly shows that the extent to which Canadian immigrant 

students underperform natives is actually worse than that for the U.S.
130

. 

Notwithstanding the Australian evidence, this seems to provide prima facie indication 

that the higher skill levels of immigrant parents are by no means a guarantee for the 

academic success or the assimilative ability of their offspring.  

 

4.3.3.2 Distribution of School Immigrant Concentration for Native Students in 

Australia, Canada, and the U.S. 

Figure 4.1 presents histograms of the distribution of school immigrant 

concentration for native students in each of the 3 countries. All distributions are uni-

modal and skewed to the right, indicating that native students in these countries tend to 

attend schools with relatively low shares of immigrants. The distributions appear to be 

the most right-skewed for Canada, less so for the U.S., and least so for Australia. While 

only a small proportion of native students in Canada attend schools with immigrant 

concentrations above 10%, the proportion of native students in Australia who attend 

schools with such concentrations is relatively sizeable. For the class intervals chosen 

(school immigrant share is broken into interval widths of 0.02 or 2%), the most 

common school immigrant share (mode) for native Canadians is between 0% and 2%. It 

is between 2% and 4% for the U.S. and between 4% and 6% for Australia. 

                                                           
130

 These results sharply contrast with the ones found in Schnepf (2006). Schnepf’s study found that for 

Canada, “immigrants do not differ greatly from natives regarding their educational achievement”.  

However, the results are consistent with those found by Statistics Canada (2008) and recent research 

conducted in Queens University (see Gartke, 2010). Statistics Canada and researchers at Queens 

University found respectively that first-generation immigrant students in Canada fared significantly worse 

in 2006 PISA and 2007 TIMSS assessments compared to their native counterparts.  
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 Figure 4.1: Distribution of School Immigrant Concentration for Native Students in Australia, Canada, and the U.S. 
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Table 4.2: Mean Characteristics of Native Students, by School Immigrant Concentration and Country 

 
Australia Canada United States 

 School 

Immigrant 

Conc   5% 

5%   School 
Immigrant 

Conc   10% 

School 

Immigrant 

Conc   10% 

School 

Immigrant 

Conc   5% 

5%   School 
Immigrant 

Conc   10% 

School 

Immigrant 

Conc   10% 

School 

Immigrant 

Conc   5% 

5%   School 
Immigrant 

Conc   10% 

School 

Immigrant 

Conc  10% 

Standardised Math Test Score 
-0.118 0.040 0.057 0.106 -0.064 -0.073 0.095 -0.078 -0.007 

Standardised Science Test Score 
-0.072 0.047 0.061 0.103 0.052 -0.058 0.163 -0.055 -0.150 

Female 
0.484 0.597 0.471 0.496 0.506 0.510 0.507 0.494 0.514 

Age 
13.676 13.762 13.705 13.643 13.587 13.596 13.783 13.718 13.626 

Speak Test Language at Home 
0.973 0.970 0.915 0.955 0.966 0.907 0.963 0.925 0.834 

Live with Both Parents 
0.720 0.776 0.743 0.729 0.725 0.680 0.658 0.641 0.644 

Household Size 
4.759 4.660 4.663 4.497 4.510 4.562 4.587 4.716 4.998 

Mother’s Highest Edu – Primary or Less 
0.019 0.018 0.024 0.065 0.055 0.083 0.015 0.026 0.036 

Mother’s Highest Edu – Some Secondary  
0.442 0.378 0.373 0.168 0.137 0.121 0.094 0.097 0.106 

Mother’s Highest Edu – Completed Secondary  
0.254 0.218 0.217 0.259 0.214 0.190 0.279 0.268 0.227 

Mother’s Highest Edu – Vocational Education 
0.092 0.089 0.085 0.116 0.110 0.098 0.100 0.071 0.093 

Mother’s Highest Edu – Some University  
0.043 0.067 0.070 0.115 0.143 0.121 0.272 0.279 0.276 

Mother Completed University Education 
0.150 0.229 0.231 0.278 0.341 0.387 0.241 0.261 0.261 

Father’s Highest Edu – Primary or Less 
0.034 0.026 0.031 0.082 0.073 0.096 0.016 0.031 0.041 

Father’s Highest Edu – Some Secondary  
0.406 0.285 0.297 0.197 0.133 0.112 0.109 0.103 0.104 

Father’s Highest Edu – Completed Secondary  
0.193 0.166 0.163 0.208 0.186 0.147 0.253 0.230 0.236 

Father’s Highest Edu – Vocational Education 
0.169 0.179 0.157 0.121 0.131 0.101 0.129 0.116 0.103 

Father’s Highest Edu – Some University  
0.049 0.046 0.053 0.096 0.112 0.111 0.210 0.225 0.213 

Father Completed University Education 
0.150 0.298 0.299 0.297 0.365 0.433 0.283 0.294 0.303 

Has 0-10 Books at Home 
0.029 0.017 0.020 0.038 0.035 0.047 0.060 0.077 0.102 

Has 11-25 Books at Home 
0.059 0.049 0.062 0.098 0.073 0.092 0.109 0.123 0.137 

Has 26-100 Books at Home 
0.256 0.224 0.239 0.284 0.244 0.242 0.289 0.275 0.263 

Has 101-200 Books at Home 
0.272 0.251 0.238 0.252 0.270 0.231 0.229 0.188 0.217 

Has more than 200 Books at Home 
0.384 0.460 0.441 0.328 0.378 0.387 0.313 0.337 0.281 

Sample Size 
3,412 3,325 4,440 9,288 2,396 3,222 4,278 3,135 2,423 

Notes: Data from the Third International Mathematics and Science Study of 1995. Sample weights used in all computations. 

2
1

3
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4.3.3.3 Characteristics of Native Students, by School Immigrant Concentration and 

Country 

Table 4.2 presents the mean characteristics of native students, by school 

immigrant concentration. For purposes of analysis in this sub-section, schools are 

divided into 3 blocs: those with immigrant shares under 5% (schools with low 

immigrant shares), those with immigrant shares between 5% and 10% (schools with 

intermediate immigrant shares), and those with immigrant shares above 10% (schools 

with high immigrant shares).  

In all 3 countries, as we move along from schools with low immigrant shares to 

those with high immigrant shares, the proportion of native students with mothers and 

fathers who have a university degree increases. The proportion of natives who speak the 

test language at home also decreases. The latter suggests that school selection could be 

based, in part, on students’ first language and/or cultural heritage (native-born students 

who report not speaking the test language at home are possibly second- or third-

generation migrants). 

Of central importance is the difference in student performance by school 

immigrant concentration. In Canada, we observe that as we move along from schools 

with low immigrant shares to those with high immigrant shares, the Math and Science 

test scores of natives consistently decrease. A similar pattern is also observed in the 

U.S. with regards to Science test scores. In contrast to these patterns, the table shows 

that for Australia, native students consistently perform better in both Math and Science 

as we move along from schools with low immigrant shares to those with high 

immigrant shares.   

This preliminary assessment reveals that while higher school immigrant 

concentration is associated with higher achievement scores for native students in 

Australia, it is associated with lower achievement scores for native students in Canada 

(and to some extent, for native students in the U.S.). However, these relationships are 

likely to be driven, at least in part, by the endogenous sorting of students across schools. 

As the analysis shows, within each of the countries, the average characteristics of 

students attending the low, intermediate, and high immigrant school types do differ 

somewhat. As such, these relationships may simply be reflecting differences in the 

attributes of students across the school types. Nevertheless, the relationships do at least 
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suggest that the extent of exposure to immigrant peers may have a causal influence on 

students’ academic achievement.          

 

4.3.3.4 Relationship between Student Achievement and Exposure to Immigrant Peers: 

Results from Non-Parametric Regressions 

Most studies in the immigrant peer effects literature assume the existence of a 

linear relationship between student achievement and the degree of exposure to 

immigrant peers. However, there is no reason a priori to believe why a linear 

relationship should hold
131

. In this section, I relax the linearity assumption entirely and, 

instead, let the data characterise the functional relationship underlying the variables.   

Figure 4.2 presents results from non-parametric regressions (locally weighted 

smoothed scatterplots
132

), showing the relationship between native students’ Math test 

scores and the share of immigrant peers in each of the 3 countries
133

. We first discuss 

the results in the upper panel (Panel A) before discussing those in the lower one (Panel 

B). The red curves in Panel A of Figure 4.2 depict the relationships between the average 

Math test scores achieved by native students in a school-grade and the share of 

immigrant students in the school-grade. The dark grey bands surrounding the red curves 

show the 95% confidence limits for the predicted relationships
134

. For Australia, 

                                                           
131

 For instance, Schneeweis (2013) makes a case for why peer effects may not be linear. She reasons that 

the disadvantages associated with attending a school populated by a large share of migrants may be a 

diversion of teaching resources (from the rest of the class towards immigrants) and lower exposure to 

native students. On the other hand, attending a school with a large share of migrants has its advantages 

because the learning needs of migrants are likely to become increasingly apparent as migrant shares grow. 

Accordingly, “salience” may set in as schools recognise these needs and react to them. Hence, the way 

student achievement varies with school immigrant share is indeterminate and will depend on the level of 

immigrant share at which salience sets in. If salience is achieved at relatively high levels of immigrant 

share, then any adverse effects of immigrant peers would be moderated as levels of immigrant share 

increase. On the other hand, if salience is achieved at relatively low levels of immigrant share, then any 

adverse effects of immigrant peers would already be moderated at relatively low immigrant shares and so 

will only become stronger as immigrant shares increase.   
132

 The idea behind these regressions is as follows: At every arbitrarily chosen point,   , a local linear 

regression is run to obtain an estimate of the regression function at that point. The local regression is 

weighted so that data points further away from    receive less weight than data points closer to it (In our 

application, the bandwidth is specified as 0.45. Hence, 45% of the data are used to obtain an estimate of 

the regression function at   . Cleveland’s (1979) tricube weighting function is used to diminish the weight 

of more distant points). Repeating this procedure for all different points, an estimate of the entire 

regression function is obtained. See DiNardo and Tobias (2001) for a discussion of the local linear 

regression estimation approach.   
133

 In Figures 4.2 and 4.3, grade effects are partialed out semi-parametrically prior to estimation. The 

bandwidth is set to 0.45 for all regressions. I chose the smallest bandwidth that provided me with a 

relatively smooth curve.  
134

 The 95% confidence envelope is obtained by joining the 95% confidence intervals for each of the  -

values together. Specifically, let the estimated variance of the fitted   at      be     ̂  ̂    ∑    
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average Math achievement increases with the share of immigrant grade peers 

throughout most of the distribution. For Canada, average Math achievement rises 

initially until the share of immigrant students in the school-grade reaches a non-zero 

value. Thereafter, it falls continuously as the share of immigrant grade peers increase. 

For the U.S., average Math achievement falls as the share of immigrant grade peers 

rises.   

Because the above relationships could be driven by selective enrolment into 

schools (for example, native students with lower abilities could have a tendency to sort 

into schools with higher shares of immigrants), I next present results from non-

parametric regressions showing the relationships between differences in the share of 

immigrant students across adjacent grades of a school and differences in grade average 

native Math test scores. These are provided in Panel B of Figure 4.2. Because variation 

in the shares of immigrants between adjacent grades of each school are used to identify 

the peer effects of immigrants, the relationships depicted in this panel account for the 

non-random sorting of students between schools. 

                                                                                                                                                                          
where   represents the estimated error variance and     represents the weights applied to each   using the 

tricube weighting function. The 95% confidence interval for   ̂ is then given by    ̂      √    ̂  ̂   

(Jacoby, 2005). 
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Figure 4.2: Non-Parametric Estimates of the Effect of School-Grade Immigrant Concentration on Natives’ Math Test Scores 

 

 

 

 

Panel A: Relationship between Native Students' Math Test Scores and Share of Immigrant Children at the School-Grade Level 

Australia      Canada       United States 

 

Panel B: Relationship between Differences in the Share of Immigrant Children between 2 Grades of a School and Differences in Native Students' Math Test Scores 

Australia      Canada       United States 

 

Notes: Data from the Third International Mathematics and Science Study of 1995. Sample weights used in all computations. Grade effects are partialed out semi-

parametrically prior to estimation. The bandwidth is set to 0.45 for all regressions. 
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Figure 4.3: Non-Parametric Estimates of the Effect of School-Grade Immigrant Concentration on Natives’ Science Test Scores 

 

 

  

Panel A: Relationship between Native Students' Science Test Scores and Share of Immigrant Children at the School-Grade Level 

Australia      Canada       United States 

   

Panel B: Relationship between Differences in the Share of Immigrant Children between 2 Grades of a School and Differences in Native Students' Science Test Scores 

Australia      Canada       United States 

   

Notes: Data from the Third International Mathematics and Science Study of 1995. Sample weights used in all computations. Grade effects are partialed out semi-

parametrically prior to estimation. The bandwidth is set to 0.45 for all regressions. 
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The relationships in Panel B of Figure 4.2 indicate that when school differences 

are taken into account, average Math achievement of native Australian students still 

rises with the share of immigrant students in the school-grade. Similarly, for Canada, 

average native Math achievement still falls with the share of immigrant peers
135

. 

However, for the U.S., the negative correlation between average native Math 

achievement and the share of immigrant peers disappears and there now appears to be 

no relationship between them. This suggests that in the U.S., academically weaker 

natives tend to attend schools with larger shares of immigrants. This comparative 

exercise highlights the importance of using across-grade variation in immigrant shares 

within schools to identify the causal effects of immigrant peers. The within 

transformation plots provide preliminary evidence that while exposure to immigrant 

peers hurts the Math achievement of Canadian students, it actually benefits the Math 

achievement of Australian students. Math achievements of American students do not 

appear to be affected by the presence of immigrant peers.  

The results from non-parametric regressions showing the relationships between 

native students’ Science test scores and the share of immigrant peers are displayed in 

Figure 4.3. The estimated relationships are very similar to those found in Figure 4.2. 

Accordingly, results for Math achievements apply as well to Science.  

Because the relationships between school-grade average test scores and school-

grade immigrant shares appear to be reasonably well approximated by a linear function 

and because the aggregate results presented in this section could mask compositional 

differences in the student population across both grades, I next turn towards estimating 

linear models with individual-level data.  

 

4.4 EMPIRICAL STRATEGY 

If students were randomly assigned to schools and classes, identifying the causal 

effect of exposure to immigrant peers would be a straightforward exercise. Suppose we 

were interested to know how the share of immigrant children in a school or class affects 

                                                           
135

 Throughout most of the distribution, the relationship between the grade share of immigrants and the 

grade average Math test scores is negative. The part of the curve to the right of 0.3 and to the left of -0.3 

of the horizontal axis can, for practical purposes, be ignored since the difference in the shares of 

immigrants across the 2 grades in the vast majority of schools in the sample does not exceed 0.3 in 

absolute value. As such, the regression function is likely to be poorly estimated at both tails of the 

distribution where the absolute difference in the share of immigrants exceeds 0.3.   



 

220 
 

the academic performance of peers, we could obtain an estimate of this effect by 

performing an OLS regression of test scores on the share of immigrant children 

studying in the school or class. The coefficient on the variable measuring the share of 

immigrants would then provide an unbiased estimate of the causal effect of the share of 

immigrant children in a school or class on the academic performance of students in the 

school or class.  

In practice, however, estimating the causal effect of immigrant students is more 

challenging. This is because students are neither randomly assigned across schools nor 

across classrooms within schools. Often, parents choose the neighbourhoods to settle in 

as well as the schools to send their children to. School administrators may also place 

students into classes in accordance with their demonstrated academic potential or prior 

academic achievements.  

There is some evidence that immigrants in developed countries tend to settle in 

less-affluent neighbourhoods where housing costs are lower (this may not necessarily 

apply though to countries with a skills-based immigration policy). The schools located 

in such neighbourhoods are often attended by children of immigrants and native-born 

parents of less-privileged socioeconomic backgrounds (Brunello and Rocco, 2013; 

Gould et al., 2009). Due to such sorting behaviour, a spurious negative correlation 

between academic achievement and the share of immigrants in a school may emerge 

even if the presence of immigrant students does not actually have a causal effect on 

student achievement. Indeed, we have already seen evidence of such non-random 

sorting of students across schools (especially in the U.S.) in Figures 4.2 and 4.3. 

Furthermore, native parents may respond to an inflow of immigrant students into a 

school by transferring their children from these (usually public) schools to private 

schools (where the concentration of immigrant children is typically much lower) (Betts 

and Fairlie, 2003; Gerdes, 2013). If the parents making such switches tend to be from 

more privileged socioeconomic backgrounds, then estimates of the impact of immigrant 

schooling peers would be subject to a negative bias.  

Within schools, the practice of ability-based grouping may also result in a 

situation where the least-academically inclined native students are assigned to classes 

with greater concentrations of immigrant students. The reason is simple: because both 

language-deficient immigrant students and worse-performing native students may 

experience difficulties in keeping up with the class material if they are placed in regular 
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classes, school administrators may see an advantage in assigning both types of students 

to classes where the pace of instruction is slower.  

In general, the potential non-random sorting of immigrant and native students 

across schools and across classrooms within schools implies that the unobserved 

determinants of student achievement may be correlated with the share of immigrant 

students in schools and classes. As such, OLS estimators of the achievement effect of 

immigrant peers are likely to be biased. 

To address the potential endogeneity arising from the non-random sorting of 

students across schools as well as across classrooms within schools, this study employs 

a combination of 2 strategies. The first involves aggregating our measure of immigrant 

concentration to the school-grade level. This eliminates the bias due to the non-random 

sorting of students, by immigrant status, across classes within schools (in any particular 

grade). The second involves identifying the effect of having immigrant peers in a 

school-grade by relating variations in the academic performance of students over 2 

adjacent grades – grade 7 and grade 8 – of each school to variations in the share of 

immigrant students over the 2 grades of the school.  

To elucidate, consider the educational production function: 

         
                          (4.1) 

Where      denotes the academic performance of student   from grade   of school  . 

     denotes a vector of individual and family background characteristics for the 

student.     denotes the share of immigrant children in grade   of school  . The error, 

            , is a composite given by 3 terms:    and    respectively reflect 

unobserved grade and school characteristics which are correlated with both     and      

while      denotes a mean zero random error term. Of interest here is the parameter,  , 

which captures the effect of the share of immigrant peers in a school’s grade on the 

academic performance of students in that school’s grade. 

In order to eliminate any bias due to the non-random sorting of students across 

schools, the unobserved school heterogeneity,   , has to be removed prior to estimation. 

To do this, equation (4.1) is first averaged over all students in each school,  , to yield: 

  ̅    
 ̅̅ ̅     ̅       ̅      (4.2) 
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Subtracting (4.2) from (4.1) then yields: 

       ̅  (    
    

 ̅̅ ̅)   (      ̅)     (       ̅)      (4.3) 

In the transformed equation (4.3), our parameter of interest remains unchanged:  . 

In addition to the interpretation given before,   can now also be interpreted as 

measuring how variations in student test scores around the mean test score for each 

school are related to variations in immigrant shares around the mean immigrant share 

for each school
136

. Clearly, for this identification strategy to be implemented, data on 

student test scores and immigration shares from at least 2 grades of each school are 

required. The dataset that I use fulfils these unique requirements since it provides me 

with information on the test scores and nativity statuses of students from the 7
th

 and the 

8
th

 grades of each sampled school. The assumption used to identify the effect of 

immigrant peers is that any variation in the share of immigrants over the 2 grades is due 

entirely to random demographic differences between age cohorts in schools. This 

identification strategy is closely related to the one employed by Wößmann and West 

(2006). In particular, that study also uses variation in educational inputs between grade-

levels of a school in order to identify the effects of particular educational inputs on 

student achievement. Our approaches towards addressing within-school sorting differ, 

however. While Wößmann and West use an IV strategy to address the potential 

endogeneity in their main variable of interest (class size) arising from the non-random 

placement of students across classes within schools, the present study uses a strategy of 

aggregating the main variable of interest to a level such that the effect estimates are not 

                                                           
136

   therefore captures what Manski (1993) calls the sum of “exogenous” and “endogenous effects”. 

More precisely, in Manski’s view, associations between the behaviour of an individual and the behaviour 

of a social group (group that influences the individual’s behaviour) arise as a result of 3 separate effects – 

namely, exogenous, endogenous, and correlated effects. An exogenous effect operates when the 

behaviour (or in this case, academic achievement) of an individual is affected by the exogenous 

characteristics of the reference group. An endogenous effect operates when the behaviour of an individual 

is affected by the average behaviour of the reference group (the effect is considered “endogenous” 

because the behaviour of the group is, in turn, also affected by the behaviour of the individual). A 

correlated effect operates when individuals in the same group (e.g. same school) behave similarly because 

they share similar individual characteristics and/or face similar institutional environments. Since the 

interest in the present study is in analysing only the causal effects of immigrant students on the academic 

achievements of natives, only the first two effects (exogenous and endogenous effects) are relevant. The 

sum of these effects captures both the direct (possibly working through transmission of skills / ideas from 

immigrant students to native students) and indirect (possibly working through changes in the quality of 

education / methods of instruction received by natives and/or diversion of teaching resources from natives 

to immigrants) effects of immigrant students on the achievements of native students. Any association 

produced by the correlated effect is not causal and should be isolated from the exogenous and endogenous 

effects. What Manski terms “correlated effects” is the result of non-random assignment of students across 

schools and classrooms. In our application, correlated effects are isolated from the causal endogenous and 

exogenous effects through the use of school fixed effects and aggregation of the immigrant concentration 

measure to the school-grade level.    
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biased by such sorting patterns. (i.e. immigrant share is measured at the school-grade 

level).  

 

4.5 RESULTS 

Summary statistics of all variables included in the estimations are presented for 

the samples of native students in Table 4.3. On average, Australian students have the 

largest shares of immigrant peers in their school-grades while Canadian students have 

the lowest shares. However, the mean share of non-native language speaking grade-

peers is smallest for Australian students and largest for Canadian students. This suggests 

that while Canadian students are exposed, on average, to less foreign-born children than 

Australian students, the foreign-born children that Canadians are exposed to have a 

higher tendency to be non-native speakers of the test language. This is confirmed by a 

comparison of the relative shares of non-native language speaking foreign students and 

native language speaking foreign students across the 3 countries. On average, Canadian 

students have the most highly educated parents, with 33.4% and 35.6% respectively 

having mothers and fathers that completed university education. Australian students 

have the least educated parents, with only 20.9% and 24.9% having mothers and fathers 

that completed university education. The mean share of immigrant students in the 

school-grade that arrived in the country at age 6 or older and the mean share of 

immigrant students in the school-grade that arrived in the country at ages below 6 do 

not add up exactly to the mean share of immigrant students in the school-grade because 

of the sizeable number of immigrant students that omitted providing age at arrival 

information in the student background questionnaires
137

. 

  

                                                           
137

 The percentage of foreign-born students who had missing information on age at arrival is 20.5% (287 

of 1,401 foreign students) for Australia, 21.3% (283 of 1,326 foreign students) for Canada, and 6.4% (60 

of 938 foreign students) for the U.S..  
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Table 4.3: Summary Statistics of Variables Used in Estimations                                  

(for the Sample of Native Students) 

 

Australia Canada U.S. 

Variable Mean  S.D. Mean  S.D. Mean  S.D. 

Standardised Math Test Score 0.109 0.984 -0.048 0.990 -0.029 1.008 

Standardised Science Test Score 0.138 0.970 -0.063 0.994 -0.035 1.007 

Share of Immigrant Students in Grade 0.100 0.089 0.066 0.097 0.078 0.084 

Share of Non-Native Language Speaking Students in Grade 0.068 0.089 0.163 0.245 0.118 0.148 

Share of Immigrant Students in Grade who Arrived Age 6 or 

Later 0.038 0.046 0.030 0.068 0.040 0.059 

Share of Immigrant Students in Grade who Arrived Earlier 

than 6 0.043 0.039 0.022 0.037 0.032 0.041 

Share of Immigrant Students in Grade with More Educated 

Parents 0.054 0.057 0.037 0.061 0.046 0.055 

Share of Immigrant Students in Grade with Less Educated 

Parents 0.046 0.053 0.029 0.056 0.031 0.048 

Share of Immigrant Students in Grade who are Non-Native 

Speakers 0.030 0.053 0.030 0.064 0.037 0.056 

Share of Immigrant Students in Grade who are Native 

Speakers 0.069 0.057 0.036 0.051 0.040 0.048 

8th Grade (0/1) 0.558 0.497 0.503 0.500 0.646 0.478 

Female (0/1) 0.529 0.499 0.495 0.500 0.510 0.500 

Age 13.889 0.648 13.540 0.701 13.865 0.704 

Speak Test Language at Home (0/1) 0.956 0.205 0.857 0.350 0.906 0.292 

Living with Both Parents (0/1) 0.746 0.435 0.729 0.444 0.619 0.486 

Household Size 4.660 1.272 4.508 1.208 4.746 1.741 

Mother’s Highest Edu – Primary Education or Less (0/1) 0.020 0.139 0.065 0.246 0.030 0.170 

Mother’s Highest Edu – Some Secondary Education (0/1) 0.385 0.487 0.141 0.348 0.110 0.313 

Mother’s Highest Edu – Completed Secondary Education 

(0/1) 0.233 0.423 0.239 0.426 0.260 0.439 

Mother’s Highest Edu – Some/Completed Vocational Edu 

(0/1) 0.091 0.288 0.104 0.305 0.092 0.289 

Mother’s Highest Edu – Some University Education (0/1) 0.061 0.240 0.118 0.323 0.271 0.444 

Mother Completed University Education (0/1) 0.209 0.407 0.334 0.471 0.237 0.425 

Father’s Highest Edu – Primary Education or Less (0/1) 0.030 0.170 0.079 0.269 0.032 0.176 

Father’s Highest Edu – Some Secondary Education (0/1) 0.325 0.468 0.164 0.370 0.118 0.323 

Father’s Highest Edu – Completed Secondary Education 

(0/1) 0.173 0.378 0.192 0.394 0.246 0.430 

Father’s Highest Edu – Some/Completed Vocational Edu 

(0/1) 0.174 0.379 0.113 0.316 0.121 0.326 

Father’s Highest Edu – Some University Education (0/1) 0.050 0.219 0.097 0.296 0.211 0.408 

Father Completed University Education (0/1) 0.249 0.432 0.356 0.479 0.272 0.445 

Has 0-10 Books at Home (0/1) 0.020 0.141 0.036 0.185 0.086 0.281 

Has 11-25 Books at Home (0/1) 0.056 0.230 0.100 0.300 0.131 0.338 

Has 26-100 Books at Home (0/1) 0.231 0.421 0.282 0.450 0.284 0.451 

Has 101-200 Books at Home (0/1) 0.260 0.439 0.244 0.430 0.203 0.403 

Has more than 200 Books at Home (0/1) 0.433 0.496 0.338 0.473 0.296 0.456 

       
Number of Students 11,177 

 

14,906 

 

9,836 

 
       

Notes: Unweighted means and standard deviations of all variables included in the estimations, for the sample of native 

students.  
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Table 4.4: Estimated Effect of the Share of Immigrant Peers on Native Students' Test Scores 

 

Math Science 

 OLS OLS (w/School FE) OLS OLS (w/School FE) 

 

(1) (2) (3) 

 

(4) (5) (6) 

 

No Controls  No Controls  

Controls for  

Student  

& Family  

Characteristics No Controls  No Controls  

Controls for  

Student  

& Family  

Characteristics 

Australia 

       Share of Immigrant Students in Grade 0.831** 1.072** 0.899** 

 

0.493 0.648 0.472 

 

(0.360) (0.423) (0.442) 

 

(0.333) (0.402) (0.396) 

Observations 11,177 11,177 7,490 

 

11,177 11,177 7,490 

R-Squared 0.022 0.035 0.112 

 

0.022 0.037 0.125 
 

       Canada 

       Share of Immigrant Students in Grade -0.363* -0.565* -0.595* 

 

-0.173 -0.441* -0.268 

 

(0.186) (0.333) (0.347) 

 

(0.190) (0.253) (0.287) 

Observations 14,906 14,906 9,909 

 

14,906 14,906 9,909 

R-Squared 0.034 0.037 0.113 

 

0.018 0.021 0.107 

        U.S. 

       Share of Immigrant Students in Grade -1.432*** -0.204 -0.277 

 

-2.209*** -0.172 -0.073 

 

(0.446) (0.581) (0.525) 

 

(0.409) (0.449) (0.400) 

Observations 9,836 9,836 7,890 

 

9,836 9,836 7,890 

R-Squared 0.027 0.023 0.116 

 

0.045 0.020 0.114 

        Notes: Grade fixed effects are included in all regressions. The student and family background variables control for students’ sex, age, whether or not they speak the 

test language frequently at home, household size, mothers’ and fathers’ highest level of education, number of books at home, and whether or not they live with both 

parents. Standard errors in parentheses are cluster-robust standard errors that allow for correlation in individual error terms within schools. *** denotes a coefficient 

significant at the 1% level, ** denotes a coefficient significant at the 5% level, * denotes a coefficient significant at the 10% level. 

2
2

5
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Table 4.4 presents results from a variety of regressions showing the estimated 

effect of the share of immigrant grade peers on the Math and Science achievements of 

native Australian, Canadian, and U.S. students
138

. For each subject, 3 columns of results 

are displayed. The first column shows estimates from the most basic specification: an 

OLS specification that controls only for grade fixed effects. The second column shows 

the estimates when school fixed effects are included in the regressions. By including 

school fixed effects, the coefficient on the immigrant share variable is identified on the 

basis of variation in the exposure to immigrant peers across adjacent grades within 

schools. Hence, the results in the second column are free from any bias due to the non-

random sorting of students across schools. Finally, the third column shows estimates 

from the most comprehensive specification. This specification controls for student
139

 

and family background
140

 characteristics (which may be correlated with both the share 

of immigrant grade peers and subject test scores) in addition to grade and school fixed 

effects
141

. For brevity, only coefficient estimates for the immigrant share variable are 

shown. The interested reader may find the coefficient estimates pertaining to the full set 

of control variables in Tables 4.A1 (for Math Achievement) and 4.A2 (for Science 

Achievement).  

Since the explanatory variable of interest is measured at a higher level of 

aggregation than the dependent variable (immigrant exposure is measured at the school-

grade level while subject test scores are measured at the student level), in all analyses, I 

                                                           
138

 Tables 4.A1 and 4.A2 show the full set of control variables and their estimated coefficients for natives’ 

Math test scores and Science test scores respectively. 
139

 Included in the set of student characteristics are dummy variables for the student’s sex (male or 

female) and whether the student speaks the test language frequently at home (this dummy is set to 1 if the 

student reports always or almost always speaking the test language at home). It also includes a continuous 

variable indicating the student’s age (measured in months). 
140

 Included in the set of family background characteristics are dummy variables for the highest level of 

education attained by the student’s mother and father, the number of books in the student’s home, and 

whether the student lives with both parents. It also includes a continuous variable indicating the total 

number of people living in the student’s home. Observations may fall into 1 of 6 parental education 

categories: Father (Mother) had at most primary education or less; Father (Mother) had some secondary 

education; Father (Mother) completed secondary education; Father (Mother) had some / completed 

vocational education; Father (Mother) had some university education; Father (Mother) completed 

university education. The base categories are “Father had at most primary education or less” and “Mother 

had at most primary education or less”. Observations may fall into 1 of 5 categories with regards to the 

number of books owned: 0-10; 11-25; 26-100; 101-200; or more than 200 books at home. The base 

category is “0-10 books at home”.  
141

 I omit controlling for teacher characteristics because these could be endogenous. It is possible that 

school administrators may assign teachers with certain traits to teach in grades with a larger share of 

immigrant students. For instance, administrators may be more likely to assign immigrant teachers or 

teachers who are bilingual to grade levels with more immigrants. Since teacher variables may themselves 

be affected by the share of immigrant students in the school-grade (and also because we lack suitable 

instrumental variables for the various teacher variables), inclusion of teacher characteristics as controls 

may lead to inconsistent estimates of the achievement effect of immigrant peers (see Angrist and Krueger, 

1999).     
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present standard errors which are clustered at the school level to correct for arbitrary 

correlations in individual error terms within schools
142

.  

For Australia, the coefficient estimate in column (1) of Table 4.4 indicates that the 

Math achievement of native students is positively associated with the share of 

immigrant peers in the grade. Specifically, a 10 percentage point increase in the grade 

share of immigrants is associated with a 0.083 standard deviation increase in the Math 

test score (this relationship is statistically significant at the 5% level). The estimated 

effect increases slightly in magnitude (to 1.072; significant at the 5% level) when school 

fixed effects are incorporated in the regression (Column (2)), indicating that 

academically weaker Australian students tend to attend schools with larger 

concentrations of immigrants. The estimate does not change much in either magnitude 

or statistical significance when student and family background characteristics are 

additionally controlled for. The estimate in column (3) indicates that a 10 percentage 

point rise in the grade share of immigrants increases native Math test scores by about 

0.090 standard deviations (significant at the 5% level).   

For Canada, the coefficient estimate in column (1) of Table 4.4 indicates that the 

share of immigrant students in the grade is negatively related to natives’ Math test 

scores (this relationship is statistically significant at the 10% level). A 10 percentage 

point increase in the grade share of immigrants is associated with a 0.036 standard 

deviation decrease in natives’ Math test score. However, when across-school sorting is 

accounted for through inclusion of school fixed effects, the coefficient on the immigrant 

share variable increases in magnitude (to -0.565; significant at the 10% level). This 

indicates that, in Canada, academically more-able students tend to sort towards schools 

with greater concentrations of immigrants. The estimate changes little in either 

magnitude or statistical significance when individual and family background attributes 

are controlled for. The estimate in column (3) indicates that the share of immigrant 

grade peers has a negative and statistically significant (at the 10% level) impact on the 

Math test scores of natives. A 10 percentage point increase in the share of immigrant 

grade peers is estimated to lead to a 0.060 standard deviation decline in the Math test 

score of natives.   

                                                           
142

 Throughout the chapter, all regressions are un-weighted. A comparison reveals that weighting has very 

little effect on the point estimates, but enlarges the standard errors. Since parameter estimates are similar 

with either weighted or un-weighted regressions, estimates from un-weighted regressions are used 

because they are more efficient (see Winship and Radbill, 1994).  
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For the U.S., the coefficient estimate in column (1) indicates that native Math 

achievement is negatively related to the share of immigrant peers in the grade. A 10 

percentage point increase in the share of immigrant grade peers is associated with a 

0.143 standard deviation decline in native Math scores (this relationship is statistically 

significant at the 1% level). However, the estimate in column (2) reveals that this 

association is actually an artefact of the non-random sorting behaviour of students 

across schools. Once school differences are accounted for, the statistically significant 

relationship between the variables disappears and the coefficient falls drastically in 

magnitude to -0.204. This result is not altered when controls for individual and family 

background characteristics are added (column (3)).  

The above analysis indicates that while exposure to immigrant peers has a positive 

and statistically significant impact on the Math achievement of Australian students, it 

has a negative and statistically significant impact on the Math achievement of Canadian 

students. There is no evidence that exposure to immigrant peers has an effect on the 

Math achievement of U.S. students. These results are consistent with those from non-

parametric regressions.   

The estimated peer effects of immigrants on natives’ Science test scores are 

displayed in columns (4) to (6) of Table 4.4. As can be seen, for all 3 countries, the 

patterns described for Math achievement apply similarly to Science. More precisely, 

exposure to immigrant peers is shown to have a positive effect on the Science 

achievement of Australian students and a negative effect on the Science achievement of 

Canadian students. Here again, exposure to immigrant peers has essentially no impact 

on the Science achievement of U.S. students. The main difference is that, for all 3 

countries, the magnitudes of the estimated peer effects are smaller for Science than for 

Math achievement. Also, none of the estimated peer effects from the most 

comprehensive specification (column (6)) are statistically significant at the conventional 

levels. Holding all student and family background characteristics equal and accounting 

for the non-random sorting of students across schools, a 10 percentage point rise in the 

share of immigrant grade peers is estimated to increase Australian students’ Science 

achievement by only 0.047 standard deviations and decrease Canadian student’s 

Science achievement by only 0.027 standard deviations (both estimated effects are 

statistically non-significant). The sizes of these effects are approximately one-half of 

those obtained for Math. Hence, at least for the countries considered, immigrant peers 
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appear to have a larger influence on the Math achievements compared to the Science 

achievements of natives.    

 

4.5.1 Heterogeneous Effects 

In this section, I investigate whether the peer effects of immigrants are 

heterogeneous across gender and parental education groups. The analysis here is 

motivated by previous work showing exposure to immigrant peers to have potentially 

different effects on students of different demographic and socioeconomic backgrounds. 

For instance, Hardoy and Schøne (2013) find that increases in the exposure to 

immigrant students have different implications for the academic performance of male 

and female students. Brunello and Rocco (2013) study how an increase in the share of 

immigrant students affects the school performance of native students and find peer 

effects to vary with the parental background of natives. In particular, they find that the 

performances of native students with poorer parental backgrounds suffer more than 

those of native students with better parental backgrounds when the share of immigrant 

students in a country increases. Since education policy-makers would be interested to 

know which groups of natives suffer most or benefit most from the presence of 

immigrant peers, the following provides a treatment of this issue. 

 

4.5.1.1 Results for Male and Female Students 

I start by examining whether the peer effects of immigrants differ for male and 

female students. In a recent study on Norway, Hardoy and Schøne (2013) found that 

immigrant peers had a larger negative impact on males’ academic performance than 

females’. They speculate that this could be due to males (aged between 16 and 21) being 

“more easily influenced by the behavio[u]r of their fellow classmates than females” 

(Hardoy and Schøne, 2013, pp.18). To test whether this explanation is plausible and to 

see if their findings hold as well in these data, I estimate equation (4.4) separately, by 

subject:   

         
                                                    

(4.4) 
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Equation (4.4) is very similar to equation (4.1)
143

. However, it allows for the 

effects of the grade share of immigrants to be different for male and female students. A 

number of new terms appear in this model:      is a dummy variable equal to 1 if the 

student is female and equal to 0 if the student is male (this variable exists in Equation 

(4.1) as well but is modeled as one of the variables in     . Here it is shown explicitly 

so that it is clear that, in addition to allowing for differential effects of immigrant peers 

on the achievements of males and females, we are also allowing for a constant 

achievement differential between them).      is a dummy variable equal to 1 if the 

student is male and equal to 0 if the student is female. The first interaction term 

         is created by interacting the male dummy with the share of immigrant 

students in the school-grade. The second interaction term          is created by 

interacting the female dummy with the share of immigrant students in the school-grade. 

Here, the coefficients on the interaction terms,    and   , are of main interest and they 

reveal, respectively, the effect of the share of immigrant peers on the academic 

achievements of male and female natives
144

.  

Table 4.5 reports the regression results from specification (4.4). Only results from 

the most elaborate specification are presented (the specification which controls for 

student and family background attributes and grade and school fixed effects). 

Table 4.5: Estimated Effect of the Share of Immigrant Peers on                              

Native Students' Test Scores, by Native Students' Sex 

 

Math 

 

Science 

Australia 

   Female -0.026 

 

-0.137*** 

 

(0.036) 

 

(0.038) 

Male x Share of Immigrant Students in Grade 1.071** 

 

0.645 

 

(0.487) 

 

(0.425) 

Female x Share of Immigrant Students in Grade 0.703* 

 

0.273 

 

(0.421) 

 

(0.395) 

Full Set of Controls? Yes 

 

Yes 

Observations 7,490 

 

7,490 

R-Squared 0.112 

 

0.125 

Canada 

   Female -0.068*** 

 

-0.192*** 

 

(0.024) 

 

(0.022) 
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 Accordingly, the way that the variables     ,     ,    ,   ,   , and      are defined remain unchanged. 

   and    are respectively accounted for through the use of grade and school fixed effects.  
144

 Of less but still some interest is the coefficient on     ,   . This coefficient measures the difference 

between male and female test scores when the share of immigrants in the grade is equal to zero.    
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Male x Share of Immigrant Students in Grade -0.637* 

 

-0.305 

 

(0.350) 

 

(0.313) 

Female x Share of Immigrant Students in Grade -0.544 

 

-0.224 

 

(0.371) 

 

(0.291) 

Full Set of Controls? Yes 

 

Yes 

Observations 9,909 

 

9,909 

R-Squared 0.113 

 

0.107 

U.S. 

   Female -0.145*** 

 

-0.245*** 

 

(0.028) 

 

(0.026) 

Male x Share of Immigrant Students in Grade -0.304 

 

-0.244 

 

(0.550) 

 

(0.421) 

Female x Share of Immigrant Students in Grade -0.254 

 

0.077 

 

(0.528) 

 

(0.408) 

Full Set of Controls? Yes 

 

Yes 

Observations 7,890 

 

7,890 

R-Squared 0.116 

 

0.114 

    

Notes: All regressions control for the grade, age, and household size of students, the number of 

books the student has at home, whether the student frequently speaks the test language at 

home, whether the student lives with both parents, and the highest education attained by both 

parents. All regressions also include school fixed effects. Standard errors in parentheses are 

cluster-robust standard errors that allow for correlation in individual error terms within 

schools. *** denotes a coefficient significant at the 1% level, ** denotes a coefficient 

significant at the 5% level, * denotes a coefficient significant at the 10% level. 

  

For Australia, exposure to immigrant peers has somewhat greater positive impacts 

on the academic achievements of male students than female students. However, it is 

only for Math that we find any statistically significant effects. In particular, for Math, a 

10 percentage point rise in the grade share of immigrant peers is estimated to increase 

male test scores by 0.107 standard deviations (significant at the 5% level). In 

comparison, the same change increases female test scores by only 0.070 standard 

deviations (significant at the 10% level). While the sizes of the peer effects are larger 

for males compared to females in both subjects, equality tests show that the coefficient 

estimates are not statistically different from one another
145

. Hence, despite the 

appearance, there is no strong evidence that immigrant peers in Australia affect the 

academic achievements of males and females differently. 

For Canada, the magnitudes of the point estimates on the interaction terms suggest 

that exposure to immigrant peers has slightly larger negative impacts on the academic 

achievements of males than females. This is true for both Math and Science. However, 

                                                           
145

 The p-value of the estimated difference in male and female slope coefficients is 0.196 for Math and 

also 0.196 for Science. 
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the differences are small in magnitude and equality tests reveal that the estimated 

coefficients for males and females are not statistically significantly different from each 

other
146

. Hence, for Canada, there is also no strong evidence that immigrant peers affect 

the academic achievements of males and females differently. Immigrant peer effects are 

only statistically significant for the group of male students in Math. In particular, a 10 

percentage point increase in the grade share of immigrants is estimated to reduce the 

Math test score of males by 0.064 standard deviations (significant at the 10% level).  

The results for the U.S. are qualitatively similar to those obtained for Canada. As 

the coefficients in Table 4.5 show, for both subjects, immigrant peers also have slightly 

larger negative impacts on the academic achievements of males compared to females. 

As with Canada, equality tests show that the coefficients for males and females are not 

statistically different from one another
147

. However, for the U.S., none of the estimated 

effects on male and female test scores are statistically significant. Hence, not only is 

there no evidence of immigrant peers having an effect on the academic achievement of 

the general native student population, there is also no evidence of immigrant peers 

having an effect among gender subgroups in the U.S.. 

Therefore, although a visual analysis of the point estimates in Table 4.5 seem to 

support the arguments put forth by Hardoy and Schøne (2013) in the sense that male 

students in all 3 countries seem to be stronger influenced by the presence of immigrant 

peers (the estimated effects of the share of immigrant grade peers are always larger and 

more statistically significant for males than females
148

), more formal tests of equality 

fail to reject the hypothesis that the impact of immigrant peers on the academic 

achievement of both gender groups are equally strong. 

   

4.5.1.2 Results for Students with More-Educated and with Less-Educated Parents 

In this sub-section, I investigate whether the peer effects of immigrants vary with 

the parental education of natives. Exposure to immigrant peers may potentially have 
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 The p-value of the estimated difference in male and female slope coefficients is 0.627 for Math and 

0.682 for Science. 
147

 The p-value of the estimated difference in male and female slope coefficients is 0.834 for Math and 

0.140 for Science. 
148

 As a sensitivity check, I also estimated equation (4.3) separately for males and females. Estimating 

models separately by gender subgroups allows for all coefficients to differ freely across the subgroups. 

Though not shown here for brevity, the finding that males seem to be more strongly affected by 

immigrant peers than females hold largely, as well, when this approach is used. 
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different effects for students with less-educated and with more-educated parents because 

students with less-educated parents are likely to receive less supplementary academic 

support from their parents compared to those with more-educated ones. To test whether 

the share of immigrant peers in the grade has differential effects on students with less-

educated parents and on students with more-educated parents, I estimate equation (4.5): 

         
                                                 

      (4.5) 

where     ,     ,    ,   ,   , and      are as defined previously in Equation (4.1)
149

. 

      is a dummy variable that receives a value of 1 if the student has at least 1 parent 

who has received some education above the secondary level and 0 otherwise.        is a 

dummy variable that receives a value of 1 if both the student’s parents have not received 

any education above the secondary level and 0 otherwise. 2 interaction terms appear in 

Equation (4.5). The first,          , represents an interaction of the       dummy with 

the share of immigrants in the student’s grade. The second,          , represents an 

interaction of the       dummy with the share of immigrants in the student’s grade. 

Equation (4.5) allows for the effects of the grade share of immigrants to be different for 

students with less-educated and for students with more-educated parents, whilst also 

allowing for a constant achievement differential between the 2 groups. In particular, the 

coefficient    gives the effect of the grade share of immigrants on the academic 

achievement of natives with less-educated parents while    gives the effect on those 

with more-educated parents
150

. I define a student’s parents to be more-educated if the 

student has at least 1 parent who has received some education beyond the secondary 

school level and less-educated otherwise. 

Table 4.6 reports the regression results from specification (4.5). Only results from 

the most comprehensive specification are presented. For Australia, the share of 

immigrant grade peers appears to have a larger positive impact on the Math and Science 

achievements of students with less-educated parents than on those with more-educated 

parents. However, it is only for Math that we find any statistically significant peer 

effects. Specifically, a 10 percentage point increase in the grade share of immigrants is 
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 However, I remove the highest level of education attained by the student’s mother and father as control 

variables in these regressions so as to prevent multicollinearity.  
150

 Of less but still some interest is the coefficient on      ,   . This coefficient measures the test score 

differential of students with less-educated and with more-educated parents when the share of immigrants 

in the grade is zero.    
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estimated to increase the Math test scores of students with less-educated parents by 

0.121 standard deviations (significant at the 1% level) and the Math test scores of those 

with more-educated parents by 0.082 standard deviations (significant at the 10% level). 

An equality test of the hypothesis that the Math achievement effects of immigrants are 

the same for students with less-educated and more-educated parents is rejected at the 

5% level. Hence, for Australia, there is evidence that exposure to immigrant peers has a 

larger positive impact on the Math achievement of students with less-educated parents 

than on the Math achievement of students with more-educated parents. In Science, there 

is no evidence against the hypothesis that the immigrant peer effects are the same for 

both groups of students
151

. 

Table 4.6: Estimated Effect of the Share of Immigrant Peers on                              

Native Students' Test Scores, by Native Students' Parental Education 

 

Math 

 

Science 

Australia 

   More Educated Parents 0.282*** 

 

0.268*** 

 

(0.028) 

 

(0.030) 

Less Educated Parents x Share of Immigrant Students in Grade 1.205*** 

 

0.625 

 

(0.440) 

 

(0.447) 

More Educated Parents x Share of Immigrant Students in Grade 0.815* 

 

0.493 

 

(0.424) 

 

(0.430) 

Full Set of Controls? Yes 

 

Yes 

Observations 10,092 

 

10,092 

R-Squared 0.105 

 

0.121 

Canada 

   More Educated Parents 0.270*** 

 

0.267*** 

 

(0.019) 

 

(0.020) 

Less Educated Parents x Share of Immigrant Students in Grade -0.605** 

 

-0.286 

 

(0.304) 

 

(0.252) 

More Educated Parents x Share of Immigrant Students in Grade -0.555* 

 

-0.522** 

 

(0.309) 

 

(0.250) 

Full Set of Controls? Yes 

 

Yes 
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 The p-value of the estimated difference in the slope coefficients for both groups is 0.045 for Math but 

only 0.574 for Science. As a sensitivity check, I also estimated equation (4.3) separately for Australian 

students with more-educated parents and for Australian students with less-educated parents. Conducting 

separate estimations by parental education subgroups allows for all coefficients to differ freely across the 

subgroups. Though not shown here for brevity, this procedure yields the same conclusion: students with 

less-educated parents are more positively affected by immigrant peers than students with more-educated 

parents. Using this procedure, I find that a 10 percentage point rise in the share of immigrant peers in the 

grade is estimated to increase the Math test scores of those with less-educated parents by 0.148 standard 

deviations (significant at the 1% level). In comparison, it increases the Math scores of those with more-

educated parents by only 0.053 standard deviations (statistically non-significant). Similarly, a 10 

percentage point increase in the share of immigrant grade peers is estimated to increase the Science test 

scores of those with less-educated parents by 0.097 standard deviations (significant at the 10% level) but 

increase the Science scores of those with more-educated parents by only 0.019 standard deviations 

(statistically non-significant).           
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Observations 14,004 

 

14,004 

R-Squared 0.117 

 

0.107 

U.S. 

   More Educated Parents 0.166*** 

 

0.166*** 

 

(0.031) 

 

(0.031) 

Less Educated Parents x Share of Immigrant Students in Grade -0.046 

 

0.054 

 

(0.520) 

 

(0.413) 

More Educated Parents x Share of Immigrant Students in Grade -0.250 

 

-0.237 

 

(0.529) 

 

(0.401) 

Full Set of Controls? Yes 

 

Yes 

Observations 9,370 

 

9,370 

R-Squared 0.116 

 

0.117 

    

Notes: All regressions control for the grade, sex, age, and household size of students, the 

number of books the student has at home, whether the student frequently speaks the test 

language at home, and whether the student lives with both parents. All regressions also include 

school fixed effects. Standard errors in parentheses are cluster-robust standard errors that allow 

for correlation in individual error terms within schools. *** denotes a coefficient significant at 

the 1% level, ** denotes a coefficient significant at the 5% level, * denotes a coefficient 

significant at the 10% level. 

 

For Canada, the magnitudes of the point estimates on the interaction terms suggest 

that exposure to immigrant peers has slightly larger negative impacts on the Science 

achievements of students with more-educated parents than on the Science achievements 

of those with less-educated parents. On the other hand, exposure to immigrant peers 

appears to affect the Math achievements of both groups of students equally strongly. 

The share of immigrants in the grade has statistically significant negative impacts on the 

Math achievement of both groups and on the Science achievement of students with 

more-educated parents. A 10 percentage point rise in the share of immigrant grade peers 

is estimated to reduce the Math test scores of those with less-educated parents by 0.061 

standard deviations (significant at the 5% level) and of those with more-educated 

parents by 0.056 standard deviations (significant at the 10% level). The same change is 

estimated to reduce the Science test scores of students with more-educated parents by 

0.052 standard deviations (significant at the 5% level) and of those with less-educated 

parents by 0.029 standard deviations (statistically non-significant). Nonetheless, 

equality tests show that, for both subjects, the hypothesis that immigrant peer effects are 

the same for students with more-educated and with less-educated parents cannot be 
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rejected
152

. Hence, there is no strong evidence that both groups are differently affected 

by immigrant peers.  

For the U.S., a visual analysis of the point estimates suggests that exposure to 

immigrant peers has larger negative impacts on the academic achievements of students 

with more-educated parents. While the estimated impacts of immigrant peers are 

essentially zero for the group of students with less-educated parents (for both subjects), 

they are somewhat larger (more negative) for the group of students with more-educated 

parents. However, none of the estimated effects are statistically significant. 

Furthermore, equality tests show that the hypothesis that the peer effects of immigrants 

are the same for both groups cannot be rejected.  

 

4.5.2 Mechanisms Explaining Immigrant Peer Effects 

In this section, I investigate the possible pathways leading to the observed 

immigrant peer effects. Could the peer effects of immigrants be driven by differences in 

immigrants’ and natives’ language abilities and/or knowledge and skills specific to the 

destination country? In other words, could the language and skill deficiencies of 

Canadian immigrants and their parents be driving the negative achievement effects 

which these immigrants seem to impose? Similarly, would the positive achievement 

impacts of Australian immigrants have had been lower had these immigrants possessed 

lower levels of Australian-specific human capital or proficiencies in the English 

language? To study whether the quality of immigrant students and their parents (as 

measured by the degree of destination-country-specific human capital, language ability, 

and parental educational attainment) affects the peer effects that they generate, I split 

immigrants into dichotomous groups based on skill / adaptation as measured by (1) 

parental education, (2) native language, and (3) age at arrival to country, before 

comparing how exposure to immigrants differing on these characteristics affect student 

achievement. In all cases, I control for individual and family background characteristics 

as well as school and grade fixed effects. 
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 The p-value of the estimated difference in the slope coefficients for both groups is 0.751 for Math and 

0.144 for Science. 
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Table 4.7: Estimated Effects of the Shares of Immigrant Peers in the High Skill / 

Adapted Group and in the Low Skill / Adapted Group on Native Students' Test Scores 

  

Math Science 

 

Skill/ 

Adaptation 

Measured by: 

Share of 

Immigrant Peers 

in High 

Skill/Adapted 

Group 

Share of 

Immigrant Peers 

in Low 

Skill/Adapted 

Group 

Share of 

Immigrant Peers 

in High 

Skill/Adapted 

Group 

Share of 

Immigrant Peers 

in Low 

Skill/Adapted 

Group 

Panel A 

     Australia 

 

1.475** 0.030 0.949* -0.249 

  

(0.574) (0.626) (0.495) (0.611) 

Canada 

Parental 

Education -0.326 -0.925* 0.055 -0.665 

  

(0.440) (0.528) (0.390) (0.448) 

U.S. 

 

0.592 -1.481* 0.414 -0.748 

  

(0.804) (0.750) (0.533) (0.608) 

Panel B 

     Australia 

 

0.279 2.029** 0.150 1.079 

  

(0.558) (0.931) (0.470) (0.657) 

Canada Language Use -0.163 -0.841* -0.212 -0.229 

  

(0.503) (0.471) (0.450) (0.369) 

U.S. 

 

-0.409 -0.093 0.045 -0.137 

  

(0.815) (0.870) (0.622) (0.684) 

Panel C 

     Australia 

 

0.696 0.645 0.405 0.280 

  

(0.695) (0.771) (0.638) (0.613) 

Canada Age at Arrival -0.029 -0.650 0.242 -0.178 

  

(0.571) (0.445) (0.526) (0.362) 

U.S. 

 

0.390 -0.569 0.887 -0.565 

  

(0.980) (0.717) (0.633) (0.557) 

      

Notes: This table presents estimates from various regressions, showing the impact of immigrant peers in 

the high skill/adapted group and the impact of immigrant peers in the low skill/adapted group. 

Skill/adaptation is measured by: (1) parental education, (2) language use, and (3) age at arrival of 

immigrants. Immigrant students are defined as low skilled/adapted when skill is measured by parental 

education and if neither of the student’s parents have an education above the secondary level. When 

adaptation is measured by language use, immigrant students are low skilled/adapted if they are non-native 

speakers of the test language. When adaptation is measured by age at arrival, immigrant students are low 

skilled/adapted if they arrive at ages 6 or later. In each case, the number of observations from Australia, 

Canada, and the U.S. is 7,490, 9,909, and 7,890 respectively. All regressions control for the grade, sex, 

age, and household size of students, the number of books the student has at home, whether the student 

frequently speaks the test language at home, whether the student lives with both parents, and the highest 

education attained by both parents. All regressions also include school fixed effects. Standard errors in 

parentheses are cluster-robust standard errors that allow for correlation in individual error terms within 

schools. *** denotes a coefficient significant at the 1% level, ** denotes a coefficient significant at the 

5% level, * denotes a coefficient significant at the 10% level.     
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4.5.2.1 Educational Attainment of Immigrant Parents 

I begin by investigating whether the achievement effects from exposure to 

immigrants with more-educated parents differ from those of exposure to immigrants 

with less-educated parents. To do this, I create 2 variables: (1) the share of immigrant 

grade peers with at least one parent who received some education beyond the secondary 

level (relatively more-educated parents; in high skill group) and (2) the share of 

immigrant grade peers with neither parent having any education beyond the secondary 

level (relatively less-educated parents; in low skill group). I then re-estimate equation 

(4.3), incorporating these as explanatory variables instead of the single variable 

measuring the grade share of immigrants. If parental education contributes positively to 

the peer effects generated by immigrants, then the impact from immigrant peers with 

less-educated parents should be more negative (or less positive) than the impact from 

immigrant peers with more-educated parents. This is indeed what I find. As Panel A of 

Table 4.7 shows, for all 3 countries, the share of immigrant peers with less-educated 

parents has a larger negative impact on natives’ Math and Science test scores than the 

share of immigrant peers with more-educated parents. Noteworthy are the Math findings 

for Canada and the U.S.. For both countries, exposure to immigrant peers with less-

educated parents has a statistically significant negative impact on the Math test scores of 

natives. In comparison, exposure to immigrant peers with more-educated parents has no 

statistically significant impact. In the case of Australia, the results indicate that the 

positive peer effects of immigrants stem primarily from those with more-educated 

parents. While the share of immigrant peers with more-educated parents has a positive 

and statistically significant effect on the Math and Science achievements of natives, the 

share of immigrant peers with less-educated parents does not.  

 

4.5.2.2 Language Abilities of Immigrant Students 

Next, I investigate whether spill-over effects may be due to the language 

deficiencies suffered by immigrant students. I create 2 variables for this purpose: (1) the 

grade share of immigrant peers that are non-native speakers of the test language (in low 

adapted group) and (2) the grade share of immigrant peers that are native speakers of 

the test language (in high adapted group)
153

. Equation (4.3) is then re-estimated with 
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 A student is classified as a native speaker of the test language if he/she reports always or almost 

always speaking the language of test at home. He/she is classified as a non-native speaker of the test 

language otherwise. 
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these variables instead of the single explanatory variable measuring the grade share of 

immigrants. The idea is that if language ability contributes positively to peer effects, 

then any impact from those immigrant peers who are non-native speakers should be 

more adverse than the impact from those who are native language speakers. This is 

indeed what I find for Math achievement in Canada. Panel B of Table 4.7 shows that 

while the estimated effect (-0.841) of the share of non-native language speaking 

immigrant peers on natives’ Math test scores is sizeable and statistically significantly 

negative at the 10% level, the estimated effect of the share of native language speaking 

immigrant peers is small and non-significant. This provides some support for the idea 

that the overall negative peer effects documented for Canada in Section 4.5 are partly 

driven by the language deficiencies of immigrant students. Little can be said for 

achievements in the U.S. (and for Science achievement in Canada) because the 

coefficients on the variables of interest do not reach statistical significance in any of 

these estimations.  

Interestingly, for Australia, we see that the positive peer effects of immigrants 

come mainly from those immigrants that are non-native speakers. The share of non-

native speaking immigrant grade peers is shown to have a sizeable positive impact on 

the Math achievement of Australian natives (the estimated coefficient of 2.029 is 

statistically significant at the 5% level). In comparison, the estimated achievement 

effect of the share of native language speaking immigrant grade peers is much smaller 

and statistically non-significant. While this seems to suggest that the language 

deficiencies of immigrants enhance the learning experiences of peers in Australia, we 

must be careful in making such causal statements. This is because immigrants who are 

non-native speakers may differ systematically from those who are native speakers. And 

these differences, which are not accounted for in this analysis, may be creating the 

illusion that linguistic deficiency makes for better peers. For example, an analysis using 

TIMSS 1995 reveals that non-native speaking immigrant children in Australia actually 

outperform native-speaking immigrants and native-born children in Math. While the 

average Math test scores achieved by native speaking immigrant and native-born 

children are 0.091 and -0.006 respectively, it is 0.104 for non-native speaking 

immigrants
154

. Since non-native speaking immigrants perform academically better than 
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 This finding sharply contrasts with the case for Canada. In Canada, non-native speaking immigrants 

perform worse than native speaking immigrants and native-born children. Average Math test scores are    

-0.220, -0.196, and 0.030 respectively for non-native speaking immigrants, native speaking immigrants, 

and native-born children.   
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their native speaking counterparts (possibly because they possess attributes which help 

to compensate for their lack of English language proficiency), it is not surprising that 

increased exposure to them has a more positive effect on natives’ test scores. However, 

it is not language deficiency per se that is responsible for the more positive peer effect. 

Rather, it is the un-modelled difference in attributes possessed by the two groups of 

students (i.e. native speaking and non-native speaking immigrant students) which 

contributes spuriously to this result. Hence, attaching a causal interpretation to the 

above result would be erroneous. 

 

4.5.2.3 Host-Country-Specific Human Capital of Immigrants 

Could deficiencies in host-country-specific knowledge and skills resulting from 

immigrant students’ decreased exposure to host-country educational institutions be 

responsible for the negative peer effects documented for Canada? In a similar vein, 

would the positive peer effects documented for Australia be as large if immigrant 

students had possessed lower levels of Australian-specific human capital? To answer 

both questions, I create 2 variables: (1) the share of immigrant grade peers that arrived 

in the host-country at ages 6 or later (ages at or after the compulsory school-starting 

age; in low adapted group) and (2) the share of immigrant grade peers that arrived in the 

host-country at ages below 6 (in high adapted group). Equation (4.3) is then re-

estimated with these as explanatory variables instead of the variable measuring the 

grade share of immigrants. If the level of host-country-specific human capital 

contributes positively to peer effects, then the peer effects from immigrants that arrive at 

ages 6 or later should be more negative (or less positive) than those from immigrants 

that arrive at earlier ages. Because immigrants that arrive earlier have greater exposure 

to the educational institutions in the host country (Cobb-Clark et al., 2012) and have 

more time to acquire local-specific skills and knowledge, age at arrival proxies for the 

level of host-country-specific human capital possessed. The results in Panel C of Table 

4.7 show indeed, that for all 3 countries and both subjects, the coefficient on the 

variable measuring the grade share of immigrants arriving at ages below 6 is more 

positive than that on the variable measuring the grade share of immigrants arriving at 

ages 6 or later
155

. Though the evidence is weak, the point estimates do somewhat 
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 However, it should be noted that it is only for Science achievement in the U.S. that coefficients on 

both variables are found to be statistically significantly different from each other (at the 10% level). The 

reason that all of the estimated coefficients in Panel C of Table 4.7 are imprecisely estimated is likely due 
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suggest that any negative peer effects of immigrants could be due to deficiencies in the 

host-country-specific human capital suffered by immigrants. They also suggest that any 

positive peer effects of immigrants may diminish if the host-country-specific human 

capital possessed by immigrants decreases
156

.    

Overall, the results in sub-sections 4.5.2.1 – 4.5.2.3 are in agreement with those 

from Hardoy and Schøne (2013) and suggest that peer quality is a potential channel 

through which immigrants affect the achievements of peers.  

 

4.5.2.4 Heterogeneity in Peer Effects from Exposure to Immigrants with Different 

Characteristics 

In this sub-section, I go a step further to examine the peer effects exhibited by 

different groups of immigrant students. Specifically, I further sub-divide immigrant 

students into 4 groups: those who are (1) non-native speakers of the test language and 

with less-educated parents, (2) native speakers with less-educated parents, (3) non-

native speakers with more-educated parents, and (4) native speakers with more-

educated parents. I then construct variables measuring the share of immigrant peers in 

the grade that fall into each of these 4 categories and incorporate these into equation 

(4.3) in lieu of the single explanatory variable measuring the share of immigrants in the 

grade
157

. Results from these estimations are shown in Table 4.8. For Australia, we see 

that the positive peer effects are driven mainly by those non-native speaking immigrants 

with more-educated parents
158

. Exposure to immigrants from the other 3 groups does 

                                                                                                                                                                          
to the large shares of foreign-born students within the 3 countries that omitted providing age at arrival 

information. The percentage of foreign-born students who had missing information on age at arrival was 

20.5%, 21.3%, and 6.4% for Australia, Canada, and the U.S. respectively. 
156

 Since the age at which immigrant peers arrive in the country can affect the test scores natives achieve, 

I also tried estimating equation (4.3), controlling for the average age at arrival of immigrants in the 

school-grade. This way, the coefficient on the grade share of immigrants would effectively be picking up 

the effect of exposure to immigrant peers when the average age at arrival of immigrants in each student’s 

grade was the same. However, none of the estimated coefficients change substantively when this variable 

is included. In fact, the variable measuring immigrants’ average age at arrival turns out to be non-

significant in all regressions. Therefore, I omit presenting the results from this specification. 
157

 I also experimented with specifications where I included variables measuring the shares of immigrant 

peers from 8 different groups. These 8 groups were defined based on combinations of immigrants’ 

language ability (native or non-native speaking), parental education (more- or less-educated parents), and 

ages at arrival (ages before 6 or ages 6 and after). However, the estimated coefficients on the immigrant 

share variables are imprecise (the standard errors turn out to be much larger) in these estimations. This is 

likely because of the large shares of foreign-born students in these 3 countries that omitted providing age 

at arrival information. 
158

 Denote the variables measuring the grade share of immigrant peers that are (1) non-native speakers 

having less-educated parents, (2) native speakers having less-educated parents, (3) non-native speakers 

having more-educated parents, and (4) native speakers having more-educated parents respectively as I1, 

I2, I3, and I4. Then, for Australian Math achievement, the hypothesis that the coefficient on I3 is equal to 
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not have statistically significant effects on the subject achievements of native students. 

In the case of Canada, the results reveal that the adverse peer effects of immigrants are 

mainly driven by immigrant students belonging to 2 groups: native speaking immigrant 

students with less-educated parents and non-native speaking immigrants with more-

educated parents
159

. Exposure to immigrants belonging to the other 2 groups does not 

have any negative impacts on natives’ subject achievements. For the U.S., only 

exposure to native speaking immigrants with less-educated parents has a negative effect 

on natives’ subject achievements
160

. Exposure to immigrant peers from the other 3 

groups does not have statistically significant effects. 

                                                                                                                                                                          
the coefficients on I1, I2, and I4 is rejected respectively at the 5%, 5%, and 10% level. For Australian 

Science achievement, the hypothesis that the coefficient on I3 is equal to the coefficients on I1, I2, and I4 

is rejected respectively at the 1%, 5%, and 5% level. 
159

 Denote the variables measuring the grade share of immigrant peers that are (1) non-native speakers 

having less-educated parents, (2) native speakers having less-educated parents, (3) non-native speakers 

having more-educated parents, and (4) native speakers having more-educated parents respectively as I1, 

I2, I3, and I4. Then, for Canadian Math achievement, the hypothesis that the coefficient on I2 is equal to 

the coefficients on I1 and I4 is rejected respectively at the 10% and 1% level. Also, the hypothesis that the 

coefficient on I3 is equal to the coefficients on I1 and I4 is rejected respectively at the 5% and 1% level. 

For Canadian Science achievement, the hypothesis that the coefficient on I2 is equal to the coefficients on 

I1 and I4 is rejected at the 1% level. Also, the hypothesis that the coefficient on I3 is equal to the 

coefficients on I1 and I4 is rejected respectively at the 10% and 5% level. 
160

 Denote the variables measuring the grade share of immigrant peers that are (1) non-native speakers 

having less-educated parents, (2) native speakers having less-educated parents, (3) non-native speakers 

having more-educated parents, and (4) native speakers having more-educated parents respectively as I1, 

I2, I3, and I4. Then, for U.S. Math achievement, the hypothesis that the coefficient on I2 is equal to the 

coefficient on I4 is rejected at the 5% level. However, the hypothesis that the coefficient on I2 is equal to 

the coefficients on I1 and on I3 cannot be rejected at the 10% level. For U.S. Science achievement, the 

hypothesis that the coefficient on I2 is equal to the coefficient on I4 is rejected at the 5% level. However, 

the hypothesis that the coefficient on I2 is equal to the coefficients on I1 and on I3 cannot be rejected at 

the 10% level. 



 

243 
 

Table 4.8: Estimated Effects of the Shares of Immigrant Peers with Different Characteristics on 

Native Students' Test Scores 

 

Math 

 

Science 

Australia 

   Share of Immigrant Peers who are Non-Native Speakers with Less Educated Parents 0.049 

 

-0.953 

 

(0.965) 

 

(0.832) 

Share of Immigrant Peers who are Native Speakers with Less Educated Parents -0.027 

 

0.081 

 

(0.796) 

 

(0.738) 

Share of Immigrant Peers who are Non-Native Speakers with More Educated Parents 3.648*** 

 

2.809*** 

 

(1.335) 

 

(0.925) 

Share of Immigrant Peers who are Native Speakers with More Educated Parents 0.644 

 

0.375 

 

(0.719) 

 

(0.592) 

Full Set of Controls? Yes 

 

Yes 

Observations 7,490 

 

7,490 

R-Squared 0.114 

 

0.127 

Canada 

   Share of Immigrant Peers who are Non-Native Speakers with Less Educated Parents 0.318 

 

0.708 

 

(0.733) 

 

(0.569) 

Share of Immigrant Peers who are Native Speakers with Less Educated Parents -1.699** 

 

-1.712** 

 

(0.798) 

 

(0.688) 

Share of Immigrant Peers who are Non-Native Speakers with More Educated Parents -1.914*** 

 

-1.082* 

 

(0.683) 

 

(0.622) 

Share of Immigrant Peers who are Native Speakers with More Educated Parents 0.694 

 

0.621 

 

(0.526) 

 

(0.483) 

Full Set of Controls? Yes 

 

Yes 

Observations 9,909 

 

9,909 

R-Squared 0.115 

 

0.109 

U.S. 

   Share of Immigrant Peers who are Non-Native Speakers with Less Educated Parents 0.107 

 

0.401 

 

(1.290) 

 

(0.942) 

Share of Immigrant Peers who are Native Speakers with Less Educated Parents -2.818*** 

 

-1.623* 

 

(1.040) 

 

(0.840) 

Share of Immigrant Peers who are Non-Native Speakers with More Educated Parents -0.190 

 

-0.521 

 

(1.356) 

 

(1.009) 

Share of Immigrant Peers who are Native Speakers with More Educated Parents 1.035 

 

1.024 

 

(1.105) 

 

(0.795) 

Full Set of Controls? Yes 

 

Yes 

Observations 7,890 

 

7,890 

R-Squared 0.119 

 

0.115 

    

Notes: All regressions control for the grade, sex, age, and household size of students, the number of books the student 

has at home, whether the student frequently speaks the test language at home, whether the student lives with both 

parents, and the highest education attained by both parents. All regressions also include school fixed effects. Standard 

errors in parentheses are cluster-robust standard errors that allow for correlation in individual error terms within 

schools. *** denotes a coefficient significant at the 1% level, ** denotes a coefficient significant at the 5% level, * 

denotes a coefficient significant at the 10% level. 
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4.5.3 Non-Linear Peer Effects 

Until now, we have assumed that the relationship between the share of immigrant 

peers and natives’ academic achievement is linear. There are good reasons for this. 

After all, results from non-parametric regressions (see Figures 4.2 and 4.3) indicate that, 

in all 3 countries, the relationships between the grade share of immigrants and natives’ 

subject test scores appear to be reasonably well approximated by linear functions.  

In this section, I relax the linearity assumption in two ways. First, I allow the 

marginal effect of immigrants on natives’ test scores to vary with the share of 

immigrant students in the grade. Next, I allow natives’ test scores to vary non-

parametrically with the share of immigrant peers. 

 

4.5.3.1 Allowing for Changing Marginal Effects 

To capture changing marginal effects, I estimate log-linear and log-log 

specifications relating native students’ test scores to the share of immigrant peers. A 

log-linear specification allows for natives’ achievement to grow or to decay at a 

constant percentage rate with the share of immigrant peers while a log-log specification 

allows for a constant elasticity of natives’ achievement with respect to the share of 

immigrant peers. 



 

245 
 

Table 4.9: Estimated Effect of the Share of Immigrant Peers on Native Students' Test Scores under Alternative Model Specifications 

Panel A (Linear Specification) 

       

 

Math 

   

Science 

  

 

OLS OLS (w/School FE) OLS OLS (w/School FE) 

 

(1) (2) (3) 

 

(4) (5) (6) 

 

No Controls  No Controls  

Controls for  

Student  

and Family  

Characteristics No Controls  No Controls  

Controls for  

Student  

and Family  

Characteristics 

Australia 

       Share of Immigrant Students in Grade 0.831** 1.072** 0.899** 

 

0.493 0.648 0.472 

 

(0.360) (0.423) (0.442) 

 

(0.333) (0.402) (0.396) 

Observations 11,177 11,177 7,490 

 

11,177 11,177 7,490 

R-Squared 0.022 0.035 0.112 

 

0.022 0.037 0.125 
 

       Canada 

       Share of Immigrant Students in Grade -0.363* -0.565* -0.595* 

 

-0.173 -0.441* -0.268 

 

(0.186) (0.333) (0.347) 

 

(0.190) (0.253) (0.287) 

Observations 14,906 14,906 9,909 

 

14,906 14,906 9,909 

R-Squared 0.034 0.037 0.113 

 

0.018 0.021 0.107 

        U.S. 

       Share of Immigrant Students in Grade -1.432*** -0.204 -0.277 

 

-2.209*** -0.172 -0.073 

 

(0.446) (0.581) (0.525) 

 

(0.409) (0.449) (0.400) 

Observations 9,836 9,836 7,890 

 

9,836 9,836 7,890 

R-Squared 0.027 0.023 0.116 

 

0.045 0.020 0.114 

        

Notes for regressions in Panel A: Grade fixed effects are included in all regressions. The dependent variables are the test scores on Math/Science. The student and 

family background variables control for students’ sex, age, whether or not they speak the test language frequently at home, household size, mothers’ and fathers’ 

highest level of education, number of books at home, and whether or not they live with both parents. Standard errors in parentheses are cluster-robust standard 

errors that allow for correlation in individual error terms within schools. *** denotes a coefficient significant at the 1% level, ** denotes a coefficient significant at 

the 5% level, * denotes a coefficient significant at the 10% level. 
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Panel B (Log-Linear Specification) 

       

 

Math 

   

Science 

  

 

OLS OLS (w/School FE) OLS OLS (w/School FE) 

 

(1) (2) 

 

(3) (4) (5) (6) 

Australia No Controls  No Controls  

Controls for  

Student  

and Family  

Characteristics No Controls  No Controls  

Controls for  

Student  

and Family  

Characteristics 

Share of Immigrant Students in Grade 0.055** 0.073***  0.061** 0.032 0.044* 0.032 

 

(0.024) (0.027)  (0.028) (0.022) (0.026) (0.026) 

Observations 11,177 11,177  7,490 11,177 11,177 7,490 

R-Squared 0.022 0.034  0.113 0.022 0.036 0.125 

   

 

    Canada 

  

 

    Share of Immigrant Students in Grade -0.025** -0.038*  -0.040* -0.012 -0.030* -0.017 

 

(0.012) (0.022)  (0.023) (0.013) (0.017) (0.019) 

Observations 14,906 14,906  9,909 14,906 14,906 9,909 

R-Squared 0.034 0.036  0.114 0.019 0.021 0.109 

   

 

    U.S. 

  

 

    Share of Immigrant Students in Grade -0.097*** -0.013  -0.018 -0.150*** -0.011 -0.004 

 

(0.029) (0.039)  (0.035) (0.028) (0.030) (0.027) 

Observations 9,836 9,836  7,890 9,836 9,836 7,890 

R-Squared 0.028 0.024  0.118 0.046 0.020 0.114 

 

Notes for regressions in Panel B: Grade fixed effects are included in all regressions. The dependent variables are the log test scores on Math/Science. All test scores 

are rescaled to a mean of 150 and standard deviation of 1 beforehand so that there will not be any log of zero or log of negative value cases. Standard errors in 

parentheses are cluster-robust standard errors that allow for correlation in individual error terms within schools. *** denotes a coefficient significant at the 1% 

level, ** denotes a coefficient significant at the 5% level, * denotes a coefficient significant at the 10% level. 
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Panel C (Log-Log Specification) 

       

 

Math 

   

Science 

  

 

OLS OLS (w/School FE) OLS OLS (w/School FE) 

 

(1) (2) 

 

(3) (4) (5) (6) 

Australia No Controls  No Controls  

Controls for  

Student  

and Family  

Characteristics No Controls  No Controls  

Controls for  

Student  

and Family  

Characteristics 

Log Share of Immigrant Students in Grade 0.066** 0.082**  0.069** 0.040 0.049 0.038 

 

(0.028) (0.032)  (0.033) (0.026) (0.031) (0.030) 

Observations 11,177 11,177  7,490 11,177 11,177 7,490 

R-Squared 0.022 0.034  0.112 0.022 0.036 0.125 

   

 

    Canada 

  

 

    Log Share of Immigrant Students in Grade -0.028* -0.045*  -0.046* -0.010 -0.035* -0.019 

 

(0.015) (0.026)  (0.027) (0.015) (0.020) (0.022) 

Observations 14,906 14,906  9,909 14,906 14,906 9,909 

R-Squared 0.034 0.036  0.114 0.018 0.021 0.108 

   

 

    U.S. 

  

 

    Log Share of Immigrant Students in Grade -0.113*** -0.024  -0.029 -0.174*** -0.020 -0.011 

 

(0.034) (0.044)  (0.039) (0.032) (0.035) (0.030) 

Observations 9,836 9,836  7,890 9,836 9,836 7,890 

R-Squared 0.029 0.024  0.117 0.047 0.020 0.115 

 

Notes for regressions in Panel C: Grade fixed effects are included in all regressions. The dependent variables are the log test scores on Math/Science. All test scores 

are rescaled to a mean of 150 and standard deviation of 1 beforehand so that there will not be any log of zero or log of negative values. Also, a value of 1 is added 

to the grade share of immigrant students before applying logarithms so that the log share of immigrant students will not wind up with cases of log of zero values. 

Standard errors in parentheses are cluster-robust standard errors that allow for correlation in individual error terms within schools. *** denotes a coefficient 

significant at the 1% level, ** denotes a coefficient significant at the 5% level, * denotes a coefficient significant at the 10% level. 
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Table 4.9 presents results from the log-linear
161

 (Panel B) and log-log
162

 (Panel C) 

specifications showing the estimated effects of the grade share of immigrant peers on 

the subject test scores of natives. To provide a reference for comparison, estimates from 

the linear specification are also shown (Panel A; the estimates in Panel A are taken from 

Table 4.4). A comparison of the estimates from the three specifications reveals two 

things. Firstly, the statistical significance of the estimated impacts and the direction in 

which the estimates change as we move from the 1
st
 columns through to the 3

rd
 (from 

the most basic to the most comprehensive model) is remarkably similar whichever 

specification is used. Secondly, as with the estimates from the linear specification, those 

from the log-linear and the log-log specifications suggest that once school, individual, 

and family background differences are accounted for, exposure to immigrant peers has a 

positive and statistically significant impact on the Math achievement of Australian 

natives and a negative and statistically significant impact on the Math achievement of 

Canadian natives. Using these specifications, we find again that exposure to immigrant 

peers does not have any statistically significant impacts on the Math achievement of 

U.S. natives and on the Science achievements of natives in all 3 countries.  

 

4.5.3.2 Allowing for Test scores to Vary Non-Parametrically with the Share of 

Immigrant Peers  

Now, I relax the linearity assumption further by allowing natives’ subject 

achievements to vary non-parametrically with the share of immigrant peers. This is 

done by replacing the continuous variable measuring the grade share of immigrant peers 

with dummy variables incorporating this information. Specifically, the share of 

immigrant peers is indicated by 7 dummy variables: 0-5%; 5-10%; 10-15%; 15-20%; 

20-25%; 25-30%; and above 30%
163

. I focus only on the Math test scores of Australian 

and Canadian natives since earlier results consistently suggest that, on average, 

immigrants seem to have non-negligible influences only on the Math achievement of 

individuals from these 2 groups. 

                                                           
161

 Subject test scores are rescaled to a mean of 150 and a standard deviation of 1 so that values are 

strictly positive. This is because the log of 0 and the log of negative values are undefined. 
162

 In the log-log specifications, all continuous covariates are log-transformed. However, the coefficient 

estimates on the immigrant share variable are practically identical if only the immigrant share variable is 

logged-transformed while the rest of the other continuous covariates – student age and household size – 

are not. Because the share of immigrants in the grade may take on a value of 0, I add a value of 1 to the 

grade share of immigrants before applying the log. That is, I use 

                                   in lieu of                                . This is done 

so that any cases with zero immigrant shares will be preserved in the analysis.  
163

 The base category is “0-5% immigrants”.  
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Table 4.10: Estimated Effect of the Share of Immigrant Peers on                      

Australian and Canadian Natives' Math Test Scores 

 

Australia 

 

Canada 

 

(1) 

 

(2) 

0.10   Share of Immigrant Students in Grade   0.05 -0.035 

 

-0.042 

 

(0.072) 

 

(0.052) 

0.15   Share of Immigrant Students in Grade   0.10 0.057 

 

0.000 

 

(0.076) 

 

(0.075) 

0.20   Share of Immigrant Students in Grade   0.15 0.072 

 

-0.084 

 

(0.086) 

 

(0.100) 

0.25   Share of Immigrant Students in Grade   0.20 -0.017 

 

-0.018 

 

(0.117) 

 

(0.133) 

0.30   Share of Immigrant Students in Grade   0.25 0.000 

 

-0.376** 

 

(0.134) 

 

(0.175) 

Share of Immigrant Students in Grade   0.30 0.388* 

 

-0.189 

 

(0.224) 

 

(0.127) 

Full Set of Controls? Yes 

 

Yes 

Observations 7,490 

 

9,909 

R-Squared 0.113 

 

0.114 

    Notes: Columns (1) and (2) present estimates from 2 separate regressions. The dependent variable 

in Column (1) is the Math test score of Australian natives while the dependent variable in Column 

(2) is the Math test score of Canadian natives. The base category is 0-5% immigrants. All 

regressions control for the grade, sex, age, and household size of students, the number of books the 

student has at home, whether the student frequently speaks the test language at home, whether the 

student lives with both parents, and the highest education attained by both parents. All regressions 

also include school fixed effects. Standard errors in parentheses are cluster-robust standard errors 

that allow for correlation in individual error terms within schools. *** denotes a coefficient 

significant at the 1% level, ** denotes a coefficient significant at the 5% level, * denotes a 

coefficient significant at the 10% level. 

  

Table 4.10 presents the results from this specification. Only results from the 

specification incorporating school (and grade) fixed effects and individual and family 

background controls are shown. The estimates in column (1) and column (2) pertain 

respectively to the Math achievements of native Australian students and native 

Canadian students. The results in Table 4.10 indicate that while the effect of immigrant 

peers on natives’ academic achievement is fairly weak in those schools with low 

immigrant shares, it is much stronger in those schools with high shares. For Australia, 

the positive peer effects of immigrants appear to be working strongest in those schools 

with immigrant shares greater than 30%. Similarly, for Canada, the negative peer effects 

of immigrants appear to be working strongest in those schools with immigrant shares 

greater than 25%. Hence, immigrant effects appear to be working through the relatively 

small number of schools in these countries with immigrant shares of such magnitudes. 
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These findings are consistent with those found by Hardoy and Schøne (2013) and 

Szulkin and Jonsson (2007). In particular, both studies also find immigrant effects to be 

at work in only those few schools with large immigrant shares.  

 

4.5.4 The Impact of Immigrant Peers on Immigrants’ Academic Achievement 

Thus far, we have mainly been concerned with how the presence of immigrant 

students in the same learning environment affects the academic achievements of native 

students. In this section, we extend the scope of our analysis to investigate how the 

presence of immigrant peers affects the academic achievement of immigrant children 

themselves.  

Table 4.11 presents regression results of the estimated effect of the share of 

immigrant grade peers on immigrant students’ Math and Science test scores. As with 

Table 4.4, for each subject, 3 columns of results are presented. The first column shows 

estimates from an OLS specification which controls only for grade fixed effects. The 

second column shows the estimates when school fixed effects are added. Finally, the 

third column shows estimates from a specification which additionally controls for 

student and family background attributes. For Australia and Canada, the effects that 

immigrant grade peers have on the academic achievements of immigrant students are 

very similar to those for native students. After accounting for the non-random sorting of 

students across schools and for differences in individual and family background 

characteristics, exposure to immigrant students is shown, as well, to have positive 

impacts on the academic achievements of Australian immigrants and negative impacts 

on the achievements of Canadian immigrants. However, the estimated peer effect is 

statistically significant only for Australian immigrants’ Math achievement. Specifically, 

a 10 percentage point increase in the grade share of immigrants is estimated to increase 

Australian immigrants’ Math test scores by a sizeable 0.143 standard deviations 

(statistically significant at the 1% level).  

The effects that U.S. immigrant students have on the academic achievements of 

U.S. natives and on their own achievements do, however, differ. While the share of 

immigrant grade peers has only small and statistically non-significant negative impacts 

on U.S. natives’ Math and Science test scores, the results in Table 4.11 reveal that it has 

positive and more sizeable impacts on the subject achievements of immigrants. The 

estimates from the most complete specification (column (3)) suggest that a 10 
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percentage point increase in the share of immigrants in the grade increases immigrants’ 

Math test scores by 0.186 standard deviations (statistically significant at the 5% level) 

and Science test scores by 0.061 standard deviations (statistically non-significant). 

Hence, for the U.S., the academic performance of immigrants themselves seems to be 

enhanced by greater exposure to other immigrants. A possible explanation for this lies 

in the idea of “salience”. As the share of immigrants grow, the specific learning needs 

of immigrants are likely to become more apparent. Consequently, school authorities and 

teachers are more likely to recognise these needs and respond to them (Schneeweis, 

2013). Furthermore, due to economies of scale, schools may find it less costly to 

provide migrants with focused services such as remedial lessons or bilingual education 

as their numbers grow. These may entail teaching migrants separately from natives so 

that instruction can be better tailored to suit their needs. Without a sufficiently large 

enough pool of immigrants, these students may otherwise have been allocated to regular 

classes where the pace of instruction is too fast for them. Hence, the learning 

experiences of migrant children may suffer with a lower school immigrant share. 
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 Table 4.11: Estimated Effect of the Share of Immigrant Peers on Immigrant Students' Test Scores 

 

Math Science 

 

OLS OLS (w/School FE) OLS OLS (w/School FE) 

 

(1) (2) (3) 

 

(4) (5) (6) 

 

No Controls  No Controls  

Controls for  

Student  

and Family  

Characteristics No Controls  No Controls  

Controls for  

Student  

and Family  

Characteristics 

Australia 

       Share of Immigrant Students in Grade 0.079 1.810*** 1.434*** 

 

-0.889 0.671 0.618 

 

(0.642) (0.635) (0.538) 

 

(0.564) (0.651) (0.575) 

Observations 1,401 1,401 1004 

 

1,401 1,401 1,004 

R-Squared 0.005 0.019 0.111 

 

0.029 0.036 0.133 

        Canada 

       Share of Immigrant Students in Grade -0.460** -0.808 -0.808 

 

-1.059*** -1.229** -0.857 

 

(0.226) (0.564) (0.545) 

 

(0.239) (0.573) (0.531) 

Observations 1,326 1,326 808 

 

1,326 1,326 808 

R-Squared 0.039 0.029 0.140 

 

0.047 0.018 0.170 

        U.S. 

       Share of Immigrant Students in Grade -0.113 1.118* 1.861** 

 

-0.489 0.012 0.613 

 

(0.590) (0.643) (0.786) 

 

(0.684) (0.591) (0.580) 

Observations 938 938 670 

 

938 938 670 

R-Squared 0.003 0.005 0.087 

 

0.004 0.000 0.120 

        Notes: Grade fixed effects are included in all regressions. The student and family background variables control for students’ sex, age, whether or not they speak the 

test language frequently at home, household size, mothers’ and fathers’ highest level of education, number of books at home, and whether or not they live with both 

parents. Standard errors in parentheses are cluster-robust standard errors that allow for correlation in individual error terms within schools. *** denotes a coefficient 

significant at the 1% level, ** denotes a coefficient significant at the 5% level, * denotes a coefficient significant at the 10% level. 
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4.6 DISCUSSION 

It seems surprising that the peer effects of immigrants should be so different in 

Australia and Canada despite the fact that both countries share such similar immigration 

policies and histories and levels of economic development. In both countries, immigrant 

students have parents that are, on average, more highly skilled than those of natives. It 

is therefore puzzling why only immigrant students in Australia should have positive 

impacts on the achievements of peers (while immigrant students in Canada not only fail 

to have positive impacts, but even have adverse impacts on peers’ achievement). 

Furthermore, given that the parents of immigrants are relatively less-skilled (than those 

of natives) in the U.S. than in Canada, one would expect immigrant peer effects to be 

more adverse in the U.S. than in Canada. Yet, the evidence suggests that U.S. 

immigrants actually have less adverse impacts on the achievements of peers than 

Canadian immigrants. How can these counterintuitive findings be explained?  

One potential explanation lies in the fact that how immigrant students perform 

relative to natives (and therefore how immigrant students affect peers’ behaviours) is 

not only influenced by their socioeconomic characteristics but also by institutional 

factors such as the way in which educational systems are organised (Cobb-Clark et al., 

2012; Schneeweis, 2011). This means that even if immigrant students possess better 

socioeconomic characteristics than native students, any positive influence that this may 

have on peer effects may still be undone if countries adopt education policies or 

organise their educational systems in ways that hinder the educational progress of 

migrants
164

. Because educational systems are inherently differently organised across 

countries, the impacts from exposure to immigrant students can be different in different 

countries even if the relative socioeconomic characteristics of immigrant students in 

these countries are identical.  

In fact, I do find some evidence that the way in which educational systems are 

organised across the 3 countries are quite different. For instance, responses from the 

TIMSS 1995 school administrator questionnaire reveal that the degree to which schools 

have the autonomy to make curricular decisions independently of external (i.e. district, 

                                                           
164

 As noted by the OECD (2011), countries adopt different education policies and organise their school 

systems differently so that “some education systems appear to be able to facilitate the integration of 

immigrant students better than others”. If educational systems were organised in ways that disadvantaged 

immigrant children, then this would have a negative influence on the peer effects that immigrants exhibit 

since peer effects depend positively on the average achievement of immigrants.  
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regional, or national) entities is lowest for Canada and highest for Australia
165

. While 

94% and 86% of the student population respectively in Australia and the U.S. had 

subject teachers who possessed either “some” or “a lot” of influence in determining 

curriculum, only 59% of Canadian students had teachers with such influence
166

. 

Similarly, while 81% and 78% of the student population respectively in Australia and 

the U.S. had principals who had either “some” or “a lot” of influence in determining 

curriculum, only 65% of Canadian students had principals with such influence
167

. The 

extent to which schools are given the autonomy over curriculum setting is important, 

because as pointed out by the OECD (2012), “schools with more autonomy over 

curricular decisions may be better able to cater to the particular needs of immigrant 

students”. They are therefore better able to present immigrants with more educational 

opportunities. Because of the lower autonomy that Canadian schools possess over 

curricular decisions, schools there may not be as able as schools in either Australia or 

the U.S. to cater to the specific needs of immigrant students. Hence, the relative 

performance and peer effects of immigrants may be worse in Canada than in the other 

two countries.  

In addition, responses from the TIMSS 1995 teacher questionnaires reveal that the 

percentage of teachers who felt that their teaching was limited “by quite a lot” or “a 

great deal” by students from a wide range of backgrounds (including language and 

economic backgrounds) was the highest for Canada and lowest for the U.S.
168

. While 

22% of Canadian students had teachers who felt that their teaching was limited by 

students from diverse backgrounds, only 18% of Australian students and 14% of U.S. 

students had teachers who felt this way
169

. This is likely the result of schools in Canada 

opting for more comprehensive learning environments than those in Australia or the 

U.S.
170

. This may have implications for teaching effectiveness because it implies that 

                                                           
165

 Data from TIMSS 1995, accessed 5 November 2013 at https://nces.ed.gov/timss/idetimss/.  
166

 School principals were posed with the following question: “How much influence do teachers of a 

subject have in determining curriculum?” They could choose among 4 options: “none”, “a little”, “some”, 

or “a lot”. 
167

 School principals were asked: “How much influence does the Principal/Head of School have in 

determining curriculum?” Again, they could choose from 4 options: “none”, “a little”, “some”, or “a lot”. 
168

 Data from TIMSS 1995, accessed 5 November 2013 at https://nces.ed.gov/timss/idetimss/.  
169

 Teachers were posed with the question: “Is your teaching limited by students from a wide range of 

backgrounds (e.g. economic, language)?” They were then given 4 options to choose from: “not at all”, “a 

little”, “quite a lot”, or “a great deal”.    
170

 In comprehensive school systems, students are not differentiated into classrooms based on ability, 

language, culture, interest, or some other attribute. Instead, classes comprise students from a mixture of 

backgrounds. The alternative to a comprehensive system is an attribute-based system. In the latter, 

students are differentiated into classrooms based on certain attributes (e.g. ability, language, culture) so 

that those in a classroom share similar attributes. I used data from the 2003 Programme for International 

https://nces.ed.gov/timss/idetimss/
https://nces.ed.gov/timss/idetimss/
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teachers in Canada struggle more to carry out their teaching duties (whilst also catering 

to the diversity in student needs within the learning environment) than do teachers in the 

other two. Other factors constant, immigrant students (and those studying with 

immigrants) in Canada may therefore not learn as effectively as those in either Australia 

or the U.S..  

Two other potential explanations lie in age at arrival differences of immigrant 

children and differences in the extent to which immigrant students are exposed to the 

test language at home in these countries. Recall from Table 4.1 that the average age at 

arrival of 7
th

 and 8
th

 grade immigrant children is lowest for Australia (5.596 years) and 

highest for Canada (6.556 years)
171

. The table also shows that the share of immigrant 

children who speak the test language frequently at home is highest for Australia (64.3% 

of immigrant children in Australia report “always” or “almost always” speaking the test 

language at home) and lowest for Canada (only 53.5% of immigrant children in Canada 

report “always” or “almost always” speaking the test language at home)
172

. Since age at 

arrival and the extent to which students are exposed to the assessment language at home 

are strong predictors of immigrant students’ academic performance (see Cobb-Clark et 

al. (2012) and OECD (2012)), the older ages at which immigrant children arrive in 

Canada (compared to Australia and the U.S.) and the lower tendency for Canadian 

immigrant students to speak the test language at home (compared to Australian and 

American immigrant students) may, to some extent, account for the poorer relative 

academic performance of immigrants in Canada and for the adverse effects these 

children have on peers’ educational achievements. 

 

                                                                                                                                                                          
Student Assessment (PISA) to reach the conclusion that schools in Canada have the greatest tendency to 

opt for comprehensive learning systems. In particular, data from PISA 2003 indicate that while 47% of 

15-year-olds in Canada attend schools that do not group students by ability in any of the (Math) classes, 

only 16% and 32% of 15-year-olds respectively in Australia and the U.S. attend such schools. The reason 

I used 2003 PISA data was because data on ability-based grouping for Canada were unavailable in any of 

the TIMSS surveys. Questions on ability-based grouping for all 3 countries were only available in the 

2003, 2006, and 2009 waves of PISA. Since the way in which schools group students into classrooms 

might change over time (albeit likely in a gradual manner), I used data from PISA 2003 since this was the 

wave closest to 1995. 
171

 In the U.S, the average age at arrival of 7
th

 and 8
th

 grade immigrant children is 6.276 years.  
172

 In the U.S., 56.5% of 7
th

 and 8
th

 grade immigrant children report that they either “always” or “almost 

always” speak the test language at home.  
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4.6.1 Immigrant Peer Effects and the Role of Educational Institutions 

Is it possible to empirically validate the reasoning above? In other words, is there 

any evidence to suggest that differences in the peer effects of immigrants are related to 

differences in the way educational systems are organised across countries? To assess 

whether and how institutional arrangements affect the peer effects exerted by 

immigrants, I follow the approach by Schütz et al. (2007) and exploit institutional 

variation at the country level. Specifically, I pool observations from the 3 countries and 

estimate the following educational production function: 

           
          (       )                      (4.6)

173
 

Where       denotes the academic performance of native student   from grade   of 

school   in country  .       denotes a vector of individual and family background 

characteristics for the student.      denotes the share of immigrant children in grade   of 

school   in country  .    is a measure of the institution of interest for country   and so 

        represents an interaction between the grade share of immigrants and the 

institutional characteristic.   ,   , and    capture unobserved country, school, and 

grade heterogeneity respectively and are accounted for in the regressions through a set 

of country, school, and grade dummy variables. The coefficient of interest here is   for 

it captures how the effect of the share of immigrant peers on student achievement 

changes as the institutional feature of interest varies across countries
174

. If the estimate 

of this coefficient is negative, then this indicates that the influence of the share of 

immigrants on student achievement becomes smaller (i.e. becomes more negative) as 

                                                           
173

 Institutional variables which vary at the country level cannot be included as main explanatory 

variables in specification (4.6) because they would be perfectly collinear with the country fixed effects.  
174

 Alternatively, I could estimate a specification given by:  

           
              (       )           

Such a specification would be identical to equation (4.6) except that country and school fixed effects are 

excluded and the institutional characteristic of interest    appears twice – once as a main variable and 

again as an interaction term with the grade share of immigrants.   would still be interpreted in this 

specification as in equation (4.6), though here   also captures the main effect of the institutional feature 

on student achievement. Specification (4.6), however, is preferred over this specification for two reasons. 

Firstly, this specification requires students in the sample to be drawn from a sufficiently large number of 

countries. The fact that students in our sample are drawn from only 3 countries means that    will be able 

to take on a maximum of only 3 different values. Secondly, this specification requires a restrictive 

assumption that there is no unobserved cross-country heterogeneity in student achievement. The inclusion 

of country fixed effects in specification (4.6) relaxes this requirement by soaking up the cross-country 

heterogeneity in student achievement.  
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the indicator measuring the institutional feature increases. The converse is true if the 

estimated coefficient is positive
175

.      

I concentrate the analysis on 5 indicators measuring national education systems. 

These measure features relating to schools’ autonomy over curriculum, teachers’ choice 

over students, and characteristics of the immigrant student population and include 

specifically: (1) the share of students with subject teachers who possess “some” or “a 

lot” of influence in determining curriculum, (2) the share of students with principals 

who possess “some” or “a lot” of influence in determining curriculum, (3) the share of 

students with teachers who feel that their teaching is limited by students from a wide 

range of backgrounds, (4) the average age at arrival of (7
th

 and 8
th

 grade) immigrant 

children, and (5) the share of immigrant children who speak the test language frequently 

at home. As with Schütz et al. (2007), all institutional indicators are measured as 

averages at the country level. This aggregation is done so as to avoid problems of 

within-country endogeneity
176

.  

Equation (4.6) is estimated separately for each institutional indicator of interest. 

Table 4.12 reports the results from these estimations. For brevity, only estimates of the 

coefficient on the interaction term between the grade share of immigrant peers and each 

institutional indicator of interest (i.e. estimates of the parameter   in equation (4.6)) are 

reported. These tell us directly how the effect of the share of immigrant peers on native 

students’ test scores changes as the institutional indicator of interest is increased. 

Statistically significant negative coefficients indicate that the peer effects of immigrants 

become smaller (more negative) as the institutional indicator is increased. Statistically 

significant positive coefficients indicate the opposite. 

                                                           
175

 More precisely, the marginal effect of the grade share of immigrant peers on student achievement is 

given by 
  

  
      (subscripts dropped for convenience). Therefore,   captures how the peer effects of 

immigrants change as   is varied across countries.     
176

 Using school level variation in institutional arrangements within countries could be problematic since 

students may self-select into schools based on schools’ institutional features. Furthermore, schools may 

adjust institutional arrangements in accordance with the share of immigrants in the school. For instance, 

schools with larger shares of immigrants may respond by grouping these students into focused classes 

because this could be deemed to be more conducive for student learning. Such responses could potentially 

bias the estimated coefficient on the interaction term.   
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Table 4.12: Estimated Impacts of Various Institutional Arrangements on the             

Peer Effects Exerted by Immigrants 

 

Math 

 

Science 

Institutional Indicator 1    

Share of Students with Teachers who Possess Influence in Curriculum 

Setting  3.460** 

 

2.051 

 

(1.569) 

 

(1.323) 

Full Set of Controls? Yes 

 

Yes 

Observations 25,289 

 

25,289 

R-Squared 0.108 

 

0.110 

Institutional Indicator 2 

   Share of Students with Principals who Possess Influence in Curriculum 

Setting  7.230** 

 

4.284 

 

(3.386) 

 

(2.841) 

Full Set of Controls? Yes 

 

Yes 

Observations 25,289 

 

25,289 

R-Squared 0.108 

 

0.110 

Institutional Indicator 3    

Share of Students with Teachers who Feel Teaching is Limited by 

Students from a Wide Range of Backgrounds -4.621 

 

-2.685 

 

(7.734) 

 

(6.054) 

Full Set of Controls? Yes 

 

Yes 

Observations 25,289 

 

25,289 

R-Squared 0.108 

 

0.110 

Institutional Indicator 4    

Average Age at Arrival of Immigrant Students  -1.623*** 

 

-0.965* 

 

(0.600) 

 

(0.531) 

Full Set of Controls? Yes 

 

Yes 

Observations 25,289 

 

25,289 

R-Squared 0.108 

 

0.110 

Institutional Indicator 5 

   Share of Immigrant Students who Speak the Test Language Frequently at 

Home  14.410*** 

 

8.572* 

 

(5.325) 

 

(4.716) 

Full Set of Controls? Yes 

 

Yes 

Observations 25,289 

 

25,289 

R-Squared 0.108 

 

0.110 

    

Notes: The coefficients in this table represent estimates of the parameter   in equation (4.6). Each is 

derived from a separate regression. Negative coefficients imply that the peer effects of immigrants 

become smaller (more negative) as the institutional indicator is increased. Positive coefficients imply 

that the peer effects of immigrants become larger (more positive) as the institutional indicator is 

increased. All regressions control for the grade, sex, age, and household size of students, the number 

of books the student has at home, whether the student frequently speaks the test language at home, 

whether the student lives with both parents, and the highest education attained by both parents. All 

regressions also include country and school fixed effects. Standard errors in parentheses are cluster-

robust standard errors that allow for correlation in individual error terms within schools. *** denotes 

a coefficient significant at the 1% level, ** denotes a coefficient significant at the 5% level, * denotes 

a coefficient significant at the 10% level. 

  



 

259 
 

The results in Table 4.12 support the hypothesis that differences in educational 

institutional arrangements are, at least, partly responsible for the differential impacts 

imposed by immigrant students in the 3 countries. In particular, the results for Math 

achievement indicate that, ceteris paribus, the peer effects of immigrants are more 

positive when the shares of teachers and principals in the country who possess at least 

some influence in the setting of curriculum are higher and when the share of immigrant 

students who speak the test language frequently at home is higher. In addition, the peer 

effects of immigrants are more negative in countries where immigrant children arrive at 

older ages. The share of teachers in the country who feel that their teaching is limited by 

students from a wide range of backgrounds does not seem to have any influence on 

immigrant peer effects. The results for Math achievement apply largely to Science. The 

only difference is that, for Science achievement, the shares of subject teachers and 

principals who possess at least some influence in the setting of curriculum does not 

seem to have a statistically significant bearing on the peer effects exerted by immigrants 

(though they do come close to being significant at the 10% level).  

The results from this exercise provide an explanation for why immigrants in 

Australia and Canada have such different effects on peers despite the adoption of 

similar immigration policies by both countries. The fact that schools have less 

autonomy over curricular decisions and that immigrant children tend to speak the test 

language less frequently and arrive at older ages in Canada than in Australia possibly 

accounts for why immigrants in Canada have more adverse achievement impacts. 

Perhaps more importantly, they provide a possible explanation for the apparently 

conflicting findings within the literature. As noted, while most studies have found 

immigrants to have either adverse or no effects on natives’ achievements, a small 

number do actually find beneficial effects. This analysis shows that the way immigrant 

students affect their peers is ultimately influenced as well by the educational institutions 

under which they operate. This is a novel finding in the literature on immigrant peer 

effects. 

 

4.7 CONCLUSION 

Recognising the social forces which immigration can potentially bring, a small but 

growing number of studies have, in recent years, begun to question whether the 

presence of immigrant students has an influence on the academic performance of peers 
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in the same learning environment. There now appears to be some consensus within this 

literature that exposure to immigrant peers has either negative, or at best, no effects on 

the academic achievement of native children. However, the existing literature is based 

largely on evidence from the high-immigration European countries and the United 

States, where the parents of immigrants are, on average, less skilled than those of 

natives. An important question is whether the negative peer effects documented in much 

of this literature still persist if the parents of immigrants are more skilled than those of 

natives. A related question is whether, within a country, improvements in the skills or 

socioeconomic backgrounds of migrants can compensate for their linguistic and/or host-

country-specific skill deficiencies so much so that they make better peers.  

Using an internationally comparable dataset which provides achievement and 

migration information on students from 2 different grade levels of each school, I 

estimate the effects that immigrant peers have on the Mathematics and Science 

achievements of native (and immigrant) students in 3 countries – Australia, Canada, and 

the United States. While immigrants in the United States have parents that are lower-

educated than those of natives, immigrants in Australia and Canada have parents that 

are, on average, more educated than those of natives. Since data on individual, family 

background and academic abilities are based on a common set of background 

questionnaires and test items, I am able to obtain and compare the peer effects of 

immigrants across the 3 countries, controlling for a common set of variables.  

This study begins by imposing no assumptions on the functional relationship 

between the share of immigrant peers and natives’ academic achievement. But, because 

results from non-parametric regressions indicate that the relationships between these 

variables are reasonably well approximated by linear functions, I subsequently turn 

towards estimating linear models with individual-level data. The latter approach has the 

advantage of being able to account for any confounding effects stemming from 

differences in individual and family characteristics. To derive causal estimates of the 

impacts of immigrant students on peers’ academic achievement, I relate variations in the 

test scores of students over 2 adjacent grades of each school to variations in the share of 

immigrant students over the 2 grades of the school.  

The results from this study indicate that immigrant students do have an effect on 

native peers’ academic achievement. However, the effects of immigrants are not the 

same across the 3 countries. While immigrant students in Australia affect the academic 



 

261 
 

achievements of natives positively, immigrant students in Canada affect the academic 

achievements of natives adversely. However, in both cases, it is only the impacts on 

natives’ Math achievements which are statistically significant. The impacts on natives’ 

Science achievements, though qualitatively similar, do not reach statistical significance. 

There is little evidence that immigrants in the U.S. affect the academic achievements of 

natives. These conclusions are robust to various functional specifications (linear, log-

linear, and log-log specifications).  

The presence of immigrant peers also has a positive impact on the academic 

achievements of Australian immigrants and a negative impact on the achievements of 

Canadian immigrants (however, the impact is only statistically significant for Australian 

immigrants’ Math achievement). Interestingly, while the presence of immigrant peers in 

the U.S. has little effect on native students’ academic achievements, it has a positive 

effect on immigrant students’ own achievements (although it is only in Math that 

impacts are statistically significant). 

The results from Canada demonstrate that even if immigrant children have better-

educated parents than natives, this does not guarantee that they will have non-adverse 

effects on native peers’ academic outcomes. How immigrants affect peers’ academic 

achievement depends also, and perhaps more importantly, on the way a country’s 

educational system is organised. However, within countries, improvements in 

immigrant quality (as measured by parental education, linguistic ability, and host-

country-specific skills of immigrants) may lessen the negative effects or increase the 

positive effects that immigrants have on the educational achievements of peers. As the 

results from the “Mechanisms” sub-section show, the impacts of migrants are more 

adverse when they have less-educated parents, when they infrequently speak the test 

language at home, and when they arrive in the host-country at later ages. These findings 

shed light on the role that peer and parental quality play in the determination of peer 

effects and have important implications for the education policies of host countries.  

An implication of the findings is that the peer effects of immigrants found in any 

one country cannot be simply extrapolated to another even if these countries share 

similar immigration policies. Though immigrants in two countries may share similar 

socioeconomic positions relative to natives, institutional factors, such as the way in 

which the countries organise their educational systems, could have an influence on how 

immigrant students affect the behaviour of others. It would therefore be a mistake if 
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researchers attempt to generalise the peer effects found in one country to others on the 

basis of similarities in the relative socioeconomic positions of migrants. A reliable 

assessment of immigrant peer effects would need to be country-specific and would have 

to consider both the socioeconomic characteristics of immigrants as well as the 

institutional arrangements under which these students operate.  

This study has considered how exposure to first-generation immigrant children 

affects the academic achievement of peers. Due to space constraints, we are unable to 

also investigate the achievement effects from exposure to second-generation 

immigrants. Examining the peer effects of second-generation immigrants requires a 

slightly different approach because the parental backgrounds of this group can be quite 

heterogeneous, with some having parents that arrived in the country as children (their 

parents would therefore have received at least part of their education in the host 

country) and others having parents who arrived as adults. Since those with parents who 

came over as children would have parents that more closely resemble natives (in terms 

of language ability, host-country-specific knowledge, attitudes, or aspirations etc.), the 

peer effects that these students generate could be different from those with parents who 

came over as adults. As such, analyses that adopt a blanketed approach to the way 

second-generation immigrants are classified may mask many interesting subtleties. 

Future research can examine whether the effects from exposure to second-generation 

immigrant groups differing on parental age at arrival do indeed vary within our 3 

countries of interest.    

This study has attempted to explore how the presence of immigrant peers affects 

the educational achievements of native students when immigrants have parents that are 

relatively high-skilled. However, it remains silent on the role that other types of family 

resources play in the determination of immigrant peer effects. The main reason for this 

lies in the lack of data. Apart from parental education, TIMSS 1995 provides little 

information on other measures of parental / family resources. This implies that the 

ability to delve into questions such as “can greater family incomes compensate for the 

deficiencies in host-country-specific language and skills faced by immigrant students so 

much so that they make better peers?” is severely challenged. Future efforts to collect 

more information regarding the levels / types of resources students possess (together 

with efforts to collect information about the migration backgrounds and test scores of 

students from different grades within schools) will allow researchers to conduct studies 
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to improve our understanding of immigrant peer effects and how these are influenced by 

the economic resources immigrants possess. 
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APPENDICES TO CHAPTER 4 

Appendix Table 4.A1:  Determinants of Math Achievement – Full Set of Coefficient Estimates for Table 4.4 Regressions 

 

Australia Canada United States 

 

OLS OLS (w/School FE) OLS OLS (w/School FE) OLS OLS (w/School FE) 

Regressor  (1) (2) (3) (4) (5) (6) (7) (8) (9) 

 

No 

Controls  

No 

Controls  

Controls for  

Student  

and Family 

Charac 

No 

Controls  

No 

Controls  

Controls for  

Student  

and Family 

Charac 

No 

Controls  

No 

Controls  

Controls for  

Student  

and Family 

Charac 

Share of Immigrant Students in 

Grade 0.831** 1.072** 0.899** -0.363* -0.565* -0.595* -1.432*** -0.204 -0.277 

 

(0.360) (0.423) (0.442) (0.186) (0.333) (0.347) (0.446) (0.581) (0.525) 

8th Grade 0.247*** 0.300*** 0.432*** 0.359*** 0.349*** 0.577*** 0.243*** 0.271*** 0.528*** 

 

(0.036) (0.036) (0.044) (0.026) (0.026) (0.035) (0.057) (0.053) (0.052) 

Female – – -0.060** – – -0.062*** – – -0.141*** 

   

(0.023) 

  

(0.019) 

  

(0.020) 

Age – – -0.119*** – – -0.232*** – – -0.268*** 

   

(0.028) 

  

(0.023) 

  

(0.023) 

Speak Test Language at Home – – 0.252*** – – 0.075** – – 0.109** 

   

(0.061) 

  

(0.038) 

  

(0.050) 

Living with Both Parents – – 0.082*** – – 0.147*** – – 0.118*** 

   

(0.026) 

  

(0.020) 

  

(0.021) 

Household Size – – -0.015 – – -0.026*** – – -0.022*** 

   

(0.010) 

  

(0.008) 

  

(0.005) 

Mother had Some Secondary 

Education – – 0.151* – – 0.115** – – 0.087 

   

(0.078) 

  

(0.050) 

  

(0.068) 

Mother Completed Secondary 

Education – – 0.100 – – 0.179*** – – 0.110 

   

(0.082) 

  

(0.052) 

  

(0.069) 

Mother had Vocational Education – – 0.224** – – 0.240*** – – 0.083 

   

(0.086) 

 

 

(0.056) 

  

(0.070) 

2
6

4
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Mother had Some University 

Education – – 0.187** – – 0.236*** – – 0.113 

   

(0.085) 

  

(0.056) 

  

(0.069) 

Mother Completed University 

Education – – 0.287*** – – 0.247*** – – 0.169** 

   

(0.084) 

  

(0.050) 

  

(0.069) 

Father had Some Secondary 

Education – – 0.121* – – 0.148*** – – -0.023 

   

(0.069) 

  

(0.043) 

  

(0.056) 

Father Completed Secondary 

Education – – 0.127* – – 0.208*** – – 0.019 

   

(0.071) 

  

(0.046) 

  

(0.053) 

Father had Vocational Education – – 0.251*** – – 0.294*** – – 0.031 

   

(0.068) 

  

(0.051) 

  

(0.057) 

Father had Some University 

Education – – 0.140* – – 0.259*** – – 0.105* 

   

(0.073) 

  

(0.047) 

  

(0.060) 

Father Completed University 

Education – – 0.341*** – – 0.371*** – – 0.170*** 

   

(0.071) 

  

(0.045) 

  

(0.060) 

Has 11-25 Books at Home – – 0.154* – – 0.090* – – 0.046 

   

(0.084) 

  

(0.051) 

  

(0.038) 

Has 26-100 Books at Home – – 0.403*** – – 0.274*** – – 0.264*** 

   

(0.079) 

  

(0.049) 

  

(0.035) 

Has 101-200 Books at Home – – 0.533*** – – 0.403*** – – 0.391*** 

   

(0.076) 

  

(0.049) 

  

(0.040) 

Has more than 200 Books at Home – – 0.655*** – – 0.407*** – – 0.460*** 

   

(0.077) 

  

(0.050) 

  

(0.042) 

Observations 11,177 11,177 7,490 14,906 14,906 9,909 9,836 9,836 7,890 

R-Squared 0.022 0.035 0.112 0.034 0.037 0.113 0.027 0.023 0.116 

          Notes: Grade fixed effects are included in all regressions. Standard errors in parentheses are cluster-robust standard errors that allow for correlation in individual error terms within schools. 

*** denotes a coefficient significant at the 1% level, ** denotes a coefficient significant at the 5% level, * denotes a coefficient significant at the 10% level. 

  

2
6

5
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Appendix Table 4.A2:  Determinants of Science Achievement – Full Set of Coefficient Estimates for Table 4.4 Regressions 

 

Australia Canada United States 

 

OLS OLS (w/School FE) OLS OLS (w/School FE) OLS OLS (w/School FE) 

Regressor  (1) (2) (3) (4) (5) (6) (7) (8) (9) 

 

No Controls  No Controls  

Controls for  

Student  

and Family 

Charac No Controls  No Controls  

Controls for  

Student  

and Family 

Charac No Controls  No Controls  

Controls for  

Student  

and Family 

Charac 

Share of Immigrant Students in 

Grade 0.493 0.648 0.472 -0.173 -0.441* -0.268 -2.209*** -0.172 -0.073 

 

(0.333) (0.402) (0.396) (0.190) (0.253) (0.287) (0.409) (0.449) (0.400) 

8th Grade 0.273*** 0.330*** 0.378*** 0.268*** 0.263*** 0.382*** 0.233*** 0.255*** 0.424*** 

 

(0.030) (0.029) (0.039) (0.022) (0.022) (0.032) (0.046) (0.041) (0.040) 

Female – – -0.170*** – – -0.187*** – – -0.221*** 
 

  

(0.026) 

  

(0.018) 

  

(0.020) 

Age – – -0.047* – – -0.125*** – – -0.179*** 

   

(0.026) 

  

(0.022) 

  

(0.018) 

Speak Test Language at Home – – 0.330*** – – 0.137*** – – 0.217*** 

   

(0.056) 

  

(0.035) 

  

(0.046) 

Living with Both Parents – – 0.074*** – – 0.132*** – – 0.071*** 

   

(0.028) 

  

(0.022) 

  

(0.022) 

Household Size – – -0.046*** – – -0.060*** – – -0.037*** 

   

(0.010) 

  

(0.008) 

  

(0.006) 

Mother had Some Secondary 

Education – – 0.169** – – 0.152*** – – -0.018 

   

(0.073) 

  

(0.050) 

  

(0.070) 

Mother Completed Secondary 

Education – – 0.153** – – 0.252*** – – 0.006 

   

(0.077) 

  

(0.050) 

  

(0.072) 

Mother had Vocational Education – – 0.220*** – – 0.277*** – – -0.015 

   

(0.081) 

  

(0.055) 

  

(0.075) 

Mother had Some University 

Education – – 0.215*** – – 0.297*** – – 0.050 

   

(0.081) 

 

 

(0.055) 

  

(0.072) 

2
6

6
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Mother Completed University 

Education – – 0.341*** – – 0.302*** – – 0.075 

   

(0.079) 

  

(0.049) 

  

(0.074) 

Father had Some Secondary 

Education – – 0.159** – – 0.098** – – 0.037 

   

(0.062) 

  

(0.044) 

  

(0.059) 

Father Completed Secondary 

Education – – 0.152** – – 0.138*** – – 0.095* 

   

(0.066) 

  

(0.044) 

  

(0.054) 

Father had Vocational Education – – 0.301*** – – 0.283*** – – 0.146** 

   

(0.058) 

  

(0.050) 

  

(0.059) 

Father had Some University 

Education – – 0.182** – – 0.162*** – – 0.156** 

   

(0.073) 

  

(0.049) 

  

(0.062) 

Father Completed University 

Education – – 0.367*** – – 0.302*** – – 0.215*** 

   

(0.063) 

  

(0.047) 

  

(0.063) 

Has 11-25 Books at Home – – 0.136 – – 0.043 – – 0.126*** 

   

(0.087) 

  

(0.057) 

  

(0.045) 

Has 26-100 Books at Home – – 0.332*** – – 0.246*** – – 0.321*** 

   

(0.083) 

  

(0.053) 

  

(0.043) 

Has 101-200 Books at Home – – 0.484*** – – 0.406*** – – 0.453*** 

   

(0.080) 

  

(0.057) 

  

(0.046) 

Has more than 200 Books at 

Home – – 0.633*** – – 0.470*** – – 0.539*** 

   

(0.080) 

  

(0.057) 

  

(0.047) 

Observations 11,177 11,177 7,490 14,906 14,906 9,909 9,836 9,836 7,890 

R-Squared 0.022 0.037 0.125 0.018 0.021 0.107 0.045 0.020 0.114 

          Notes: Grade fixed effects are included in all regressions. Standard errors in parentheses are cluster-robust standard errors that allow for correlation in individual error terms within schools. 

*** denotes a coefficient significant at the 1% level, ** denotes a coefficient significant at the 5% level, * denotes a coefficient significant at the 10% level. 
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5 CONCLUSION 

The results from the three studies in this thesis have demonstrated that 

immigration and immigrants can have an impact on the lives of those in the receiving 

countries in ways that go beyond labour market considerations.  

Chapter 2 has shown that large immigration flows can have a short-term negative 

influence on the childbearing decisions and fertility behaviour of natives. This 

potentially occurs because immigration induces various economic and structural 

changes in the destination country. In particular, the price of living space and the local 

prices of immigrant-labour-intensive services in destination areas are likely to change 

with large immigration flows. Furthermore, certain natives may perceive their jobs and 

incomes to be less secure with a greater number of entrants in the labour market. These 

considerations can, in turn, interact to influence the contemporaneous childbearing 

decisions and behaviours of natives. However, the analysis by population sub-groups 

also makes it clear that not all individuals will respond to immigration in the same 

manner. More precisely, I find that responses can vary based on differences in 

residential tenure. While the immigration shock is found to have a considerable negative 

impact on the fertility of women living in rented homes, it does not have an effect on 

those living in owned homes. This differential impact is likely due to the rise in local 

housing rents accompanying immigration, making childbearing and rearing less 

affordable for those living in rented homes. 

Chapter 3 has shown that teachers’ nativity status can have an impact on the 

scholastic performance of students. Contrary to popular belief, I find that foreign 

secondary school teachers in the United States do not have an adverse impact on the 

academic achievements of American-born students. In fact, there is even some evidence 

that foreign teachers actually enhance the achievements of these students. The overall 

effect of having a foreign teacher, however, appears to vary by student nativity because 

the positive effects of foreign teachers do not extend in similar ways to foreign students. 

Alternative specifications which allow for student achievements to vary across 4 

different groups of teachers defined by nativity / ethnicity (i.e. foreign-born Hispanic 

teachers, foreign-born White teachers, foreign-born teachers of “other race”, and native-

born teachers) indicate that compared to native teachers, foreign White teachers raise 

the educational achievements of American-born students while foreign Hispanic 

teachers and foreign teachers of “other race” lower the achievements of foreign 
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students. The results from this chapter underscore the importance of teacher nativity and 

ethnicity as factors determining how well students learn and achieve.   

Chapter 4 shows that the presence of immigrant children can have an effect on the 

academic achievement of peers in the same learning environment. However, the 

achievement effect of exposure to immigrant peers can vary from country to country 

even if immigrant selection criteria in these countries are similar. A comparative study 

of the peer effects generated by migrants in 3 major immigrant-receiving countries – 

Australia, Canada, and the United States – indicates that while exposure to immigrant 

peers affects students’ (natives’ and immigrants’) achievements in Australia positively, 

it affects students’ (natives’ and immigrants’) achievements in Canada adversely. In the 

U.S., exposure to immigrant peers is found to have little impact on natives’ 

achievements, but has a positive impact on immigrants’ own achievements. The results 

from Canada demonstrate that even if immigrant children have relatively highly 

educated parents, this does not guarantee that they will have non-adverse effects on 

peers’ academic performance. That said, within countries, an improvement in immigrant 

quality – as measured by parental education, language ability, and host-country-specific 

skills of immigrants – may lessen the negative effects or increase the positive effects 

that immigrants have on the educational achievements of peers. Hence, within countries, 

better socioeconomic backgrounds appear to be able to compensate for the linguistic 

and host-country-specific skill deficiencies immigrants face so much so that they 

actually make better peers. Though formal tests of equality fail to reject the hypothesis 

that exposure to immigrant peers has the same effect on males’ and females’ 

achievements, male students in all 3 countries seem to be more strongly influenced by 

immigrant peers – in the sense that the estimated effects of the share of immigrant peers 

are always larger and more statistically significant for male students than for female 

students.  

The results from Chapters 3 and 4 highlight that current phenomena observed in 

many developed countries today – including the growth in international teacher 

recruitment and the increased enrolments of foreign students across schools – will have 

important consequences for the cognitive abilities of the native-born in these countries. 

Since there is a clear relationship between cognitive skill levels and the economic 

growth / productivity of countries (Hanushek and Kimko, 2000), such phenomena could 

have far-reaching effects, possibly capable of shaping the future well-being of those in 

the receiving countries.  
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This thesis has shown that the effects of immigration are not purely confined to 

the labour market. Rather, the arrival of immigrants can bring about changes in other 

markets and segments of society as well. This finding is not new; social scientists have 

for a long time acknowledged this (Bodvarsson and Van den Berg, 2009). What is 

surprising is that, despite such recognition, research on the non-labour market effects of 

immigration has not been forthcoming. The fact that immigration is found, in this thesis, 

to have an impact on the contemporaneous educational outcomes and childbearing 

propensities of natives, suggests a need for more future work in these areas. After all, a 

fair and comprehensive assessment of the impact of immigration on the host society can 

only be reached by taking all possible effects of immigration into account. 

A common finding running through the three studies is that immigration and the 

presence of immigrants typically have heterogeneous effects. While some groups of 

natives gain from the presence of immigrants, others lose. It is also possible that some 

groups are not affected at all. Because of the distributional effects induced by 

immigration, it is conceivable that some groups would be supportive of immigration 

while other groups would be opposed to it. Viewed this way, preferences and attitudes 

towards immigrants are possibly more complex functions of the (actual and/or 

perceived) gains and losses experienced by individuals over several domains of their 

lives (i.e. gains and losses in a number of different markets as a result of immigration) 

than what existing studies would suggest. This has implications for the way economists 

and social scientists develop models to explain individual preferences over immigration 

policy. Perhaps because of the lack of research on the non-labour market effects of 

immigration, existing research has tended to view immigration preferences largely from 

a labour market standpoint, emphasising the role that labour market factors such as 

individual skill levels and people’s perceptions of labour market competition play in 

determining individual preferences toward immigration (see for example, Daniels and 

Von der Ruhr (2003), Dustmann and Preston (2007), Mayda (2006), Scheve and 

Slaughter (2001))
177

. The results from this thesis indicate that it may be worthwhile for 

researchers to extend existing models to include not only individuals’ labour market 

concerns but also their concerns over outcomes in other markets (i.e. markets potentially 

affected by immigration) as possible elements influencing preferences over 

                                                           
177

 A few of these studies have tried to incorporate additional non-economic factors such as racial 

prejudice, welfare, safety, and cultural concerns (Dustmann and Preston, 2007; Mayda, 2006) to assess 

whether these affect preference formations. However, none of the studies have attempted to model 

individual outcomes in other markets (i.e. markets potentially affected by immigration) as possible factors 

determining preferences over immigration.  
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immigration. Such advancements could help to shed further light on why certain groups 

seem so opposed to immigration even when the consensus from the empirical literature 

has been unsupportive of a view that immigration hurts the labour market outcomes of 

natives.  
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