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ABSTRACT
Background: The outcome evaluation of large-scale public health interventions is an
important part of the rational policy cycle. Timely outcome evaluation can inform
decisions by policy makers on whether to continue, modify or discontinue an intervention.
Cost-benefit analysis-based outcome evaluations are particularly valuable, producing
results that allow easy comparisons of interventions that have multiple benefits and/or
externalities. It is important that the evaluation of benefits and costs be based on sound
statistical principles, and correct characterisation of the key features of an intervention is
vital if results are to be generalised in order to inform future interventions.
The key element of cost-benefit analyses of large-scale public health interventions is the
evaluation of health benefits. Health data present conceptual and analytical challenges due
to the characteristics of cost data and the complexities of assigning dollar values to
changes in the rates of events such as mortality. Health data from New Zealand’s Warm
Up New Zealand: Heat Smart (WUNZ:HS) evaluation, which retrofitted homes with
improved insulation and space heating, provided the case study that is the basis of this
thesis, enabling the exploration of suitable statistical and econometric approaches to the
evaluation of health benefits. A related comparison of the WUNZ:HS programme with
Australia’s controversial Home Insulation Programme (HIP) was an opportunity to
consider the key characteristics of a successful large-scale public health intervention of this
type, an evaluation which complements the outcome evaluation of health cost data.
Aims: The primary aim of this thesis was to examine the methodological issues around the
analysis of administrative data in large-scale public health intervention evaluations, using
data available from the WUNZ:HS evaluation as the basis of a case study. The
methodologies examined aimed to accurately quantify the health benefits or costs of a
programme in dollar terms.
Secondary to this aim was a policy analysis-based comparison of the WUNZ:HS
programme with the Australian Home Insulation Programme (HIP). This comparison
informed retrofit programme specific recommendations and also a discussion about the
generalisability of the results of the primary analysis and the importance of intervention
design and implementation.
Methods: Mortality data were analysed using Cox Proportional Hazard models.
Statistically significant changes in mortality were then valued using a “Value of a
Statistical Life”-based methodology. Changes in hospitalisation costs and pharmaceutical
use costs were modelled at the household level using difference-in-difference-based fixed
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effects models. The WUNZ:HS HIP policy comparison was conducted using a
combination of a literature review and a key informant interview.
Results: Individuals aged 65 and over who occupied a household that received a
WUNZ:HS insulation retrofit and who had had a baseline circulatory hospitalisation had a
Hazard Ratio for mortality of 0.673 (95% CI 0.535 - 0.847) (p<0.001) relative to comparable
control group individuals. Individuals aged 65 and over who occupied a household that
received a WUNZ:HS insulation retrofit and who had had a baseline respiratory
hospitalisation had a Hazard Ratio of 0.8 (95% CI 0.635 – 1.008), (p=0.058) relative to
comparable control group individuals. Annual household level mortality-related benefits
of insulation can be valued at approximately $1,120, although this figure varies greatly
depending on modelling assumptions. Heating did not have a statistically significant
Hazard Ratio for vulnerable treatment vs. control individuals.
Households that received insulation had reductions in monthly all-cause hospitalisation
costs relative to their matched controls of $3.18 per month (p<0.001) (95% CI 1.83 - 4.54) in
the favoured model. There was no evidence of an impact of heating retrofits on
hospitalisation costs.
Households that received insulation had reductions in monthly all-cause pharmaceutical
use costs relative to matched control group households of $2.01 (p<0.001) (95% CI 1.52 –
2.50) in the favoured model. Households that received heating demonstrated reductions in
monthly all-cause pharmaceutical use costs of $3.01 (p<0.001) (95% CI 1.43 – 4.59).
The central estimate of the combined annual household health benefits of insulation was
$859 using a (p<0.05) threshold for inclusion of benefits and $1,173 using a (p<0.1)
threshold. The combined annual household level health benefits of heating were
approximately $41 using either threshold. When health results were incorporated into
total cost-benefit figures the benefit cost ratio for the programme was estimated at 6.4:1,
driven largely by health benefits, indicating strong evidence for the value of the
WUNZ:HS programme. This result was highly sensitive to the assumptions used to
estimate mortality-related benefits.
Comparison of the WUNZ:HS and HIP programmes suggested that differences in
programme outcomes were driven by differences in the characteristics of retrofitting
organisations, the financial contribution of households towards retrofits, the experience of
implementing agencies, the relative speeds of programme roll-outs, and differences in
policy officials’ commitment to economic stimulus vs. other potential programme cobenefits. Some of these differences can be linked to the wider policy contexts, particularly
the impact of housing research in the New Zealand context.
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Conclusion: Exploration of statistical and econometric methods for the evaluation of largescale public health interventions, using the WUNZ:HS evaluation dataset as a case study,
produced plausible and consistent results, and demonstrated the importance of modelling
assumptions. Policy analysis-based comparison of WUNZ:HS and Australia’s HIP
demonstrated the importance of characterising key elements of an intervention if results
are to be generalisable.
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PREFACE
I re-entered the academic world, almost by accident, at the age of 27, having completed an
undergraduate philosophy degree many years previously and then spent several years working with
people with an intellectual disability. During this time I became interested in the subject of peak oil.
This lead me to study Environmental Studies at Victoria University of Wellington, and then to
complete a Master of Environmental Studies under the tutelage of Associate Professor Ralph
Chapman. My thesis topic, a cost-benefit analysis of a major randomised controlled trial of heating
retrofits, brought me into contact with He Kainga Oranga, the Housing and Health Programme of
the Public Health Department of the University of Otago, Wellington. I worked with Nevil Pierse
and Philippa Howden-Chapman and many others, had my first taste of statistical analysis and
contracted Philippa’s contagious fascination with the connections between housing and health.
When I completed my thesis I briefly worked as a policy analyst for a private research organisation
and then returned to the fold at the University of Otago, Wellington as a research assistant for the
newly formed Centre for Sustainable Cities. While there I studied epidemiology as part of the
Masters of Public Health Programme, which confirmed my interest in the topic and encouraged me
to pursue a PhD with a statistical focus. The opportunity arose to be part of a group which was
carrying out a government commissioned evaluation of a large-scale public health intervention, the
$347 million Warm Up New Zealand: Heat Smart programme. This seemed like a logical extension
of my Master’s thesis and a great opportunity to be involved in high impact research with real
policy consequences, so I came aboard as part of the group charged with assessing any health
benefits or changes in health costs resulting from the programme.
The WUNZ:HS evaluation was a challenging and interesting process to be part of. Many serious
hours were spent in deep concentration as data were collected and cleaned, analyses planned and
reports written. The key conclusion resulting from the group’s analyses was that the programme
had a highly favourable ratio of benefits to costs. A subsequently commissioned evaluation that I
carried out confirmed the key results driving this conclusion. Gratifyingly, our results appeared to
have real influence on the policy process, both in modifications of the programme and then in the
extension of the programme in the form of the Warm Up New Zealand: Healthy Homes programme.
In the one and a half years since these evaluations were completed I have extended the work that I
carried out as part of the group, treating it as a case study of large-scale public health intervention
outcome evaluation, attempting a more thorough analysis of the available health data and exploring
the generalisability of the results of the evaluation by contrasting the WUNZ:HS programme with
a much less successful programme, the Australian Home Insulation Programme. During the same
period of time Mary-Lou and I purchased our first home, learned that I had chronic myeloid
leukaemia (which potentially explained much previous ill-health) and adopted two poodles, refugees
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from the Christchurch earthquake and thus part of the larger New Zealand housing and health
story.
It has been a busy, challenging and interesting four years, and I will take with me many new skills
and valuable experiences. Having completed my thesis I look forward to the next chapter 
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CHAPTER 1. INTRODUCTION
This thesis is focused on methodological issues surrounding the quantification of the
health benefits of large-scale public health interventions. Accurate evaluation of largescale public health interventions is important from a policy perspective, and this thesis
explores some of the potential tools that can be used to carry out such analyses.

1.1. What is a large-scale public health intervention?
The term “public health” refers not only to the health status of a population but also to
“a philosophy of intervention aimed at protecting and promoting the health of the
population” (Baggot, 2000, p1). What then is a public health intervention? A useful
definition is provided by Rychetnik, Hawe et al. (2004, p 356):
“[a]n intervention comprises an action or programme that aims to bring about
identifiable outcomes. A public health intervention can be defined by the fact that it is
applied to many, most, or all members in a community, with the aim of delivering a net
benefit to the community or population as well as benefits to individuals.”
Under such a definition any change in the way things are done, be it a new policy, law,
project or programme applied at a group level with an intended community or
population health outcome can be seen as a public health intervention. It is important
to note that interventions that are applied to many, most or all members of a group are
typically preventative, e.g. immunisation rather than curative medicine. Preventative
interventions can be further categorised using Geoffrey Rose’s famous distinction
between preventative interventions that target high risk individuals (who gain a great
deal of benefit from such interventions) and population level preventative
interventions that may only offer a small reduction in risk for most individuals, but
that may more effectively reduce the societal burden of disease by addressing the root
cause of a given problem (Rose 2001). Public health interventions fall into the latter
category.
Large-scale is a more subjective term and will mean different things in countries with
different sized populations. In the context of this thesis, the significance of the term is
that it implies that enough people will potentially be affected by an intervention that
administrative data will be an optimal tool for analysing the outcomes of the
intervention.
Having defined a large-scale public health intervention loosely as any action, change in
law or policy or new programme, which is intended to impact community or
population health and which is large enough in size to be optimally analysed using
administrative data, it is then important to ask what is meant by evaluation.
1

1.2. What is meant by evaluation?
Rychetnik and Hawe et al. (2004, p 540) quote the following definition of evaluation, ‘‘a
process that attempts to determine as systematically and objectively as possible the relevance,
effectiveness, and impact of activities in the light of their objectives” (Last 2001). This broad
definition captures the key elements of the term, and is a useful starting point. Public
health interventions are amenable to evaluation from a number of perspectives: their
design and implementation can be evaluated as well as their outcomes; and both
quantitative and qualitative tools can be used to evaluate them. This thesis focuses
primarily on outcome evaluation, assessing the impact of an intervention on the target
population. Outcome evaluation as a term encompasses both the evaluation of the
outcomes of pilot interventions, and evaluations of the outcomes of full interventions
either during their period of operation or after it.
A logical starting point for carrying out an outcome evaluation is to ask whether an
intervention has met its stated goals. An example of such an evaluation would be
comparing immunisation rates before and after an advertising campaign aimed at
encouraging immunisation by new parents. Even if a causal connection could be
established an evaluation such as this would raise other significant questions such as:
could immunisation rates have been raised more cost-effectively using an alternative
approach? Could the money spent on the programme have been better spent trying to
address a different health problem (or even in a different sector) and achieved better
results (and how would we define better)? Were there additional benefits or costs that
resulted from the programme (for example other changes in parenting behaviours
following the advertising campaign)?
Economic evaluations of public health interventions address these questions by
allowing policy makers to quantify outcomes in terms of a common unit of
measurement, such as dollars per additional immunisation, or quality adjusted life
years (QALYs) gained, which means that interventions can be compared. The key
methods of health economic evaluation include effectiveness analysis, cost utility
analysis and cost-benefit analysis (Drummond, Sculpher et al. 2005). While each
method has its advantages and disadvantages, cost-benefit analysis, which attempts to
comprehensively quantify the costs and benefits of an intervention in dollar terms, has
the advantage of producing results which allow for the comparison of projects that
have a range of intended outcomes and/or significant externalities that are borne by
society as a whole. This thesis focuses on exploring methods for quantifying the health
impacts of large-scale public health interventions in dollars terms using a whole-ofgovernment approach, thus informing future cost-benefit analysis-based evaluations.
In order for such quantification to constitute high quality evidence sound statistical
and/or econometric techniques must be used in the design of evaluations.
2

1.3. Why should the outcomes of large-scale public health
interventions be evaluated?
Accurate evaluation of public health interventions is important for a number of
reasons:
Firstly, there is has always been a public interest in ensuring that the taxpayer or
ratepayer money, which typically funds public health interventions, is spent effectively
(however effectiveness is measured). If it is found that an intervention is ineffective
policy makers will ideally then make informed decisions about whether it should be
redesigned or terminated, as part of a rational public policy cycle. This principle is a
core justification for any analysis of the outcomes of any government-funded
intervention. In addition, at the time of writing the world is still recovering from the
global financial crisis, to which afflicted Western governments responded with a
mixture of policies ranging from stimulus to austerity. During this period it has
become ever more necessary to justify government spending, particularly new areas of
spending, given that the adoption of austerity has meant that core government services
in many nations are being cut back, with public sector job losses and pay cuts being a
common theme throughout much of the West.
Secondly, total spending on healthcare has been increasing as a proportion of gross
domestic product (GDP) for the majority of Organisation for Economic Co-operation
and Development (OECD) nations over the last 50 years (OECD 2011). Such increases
are often particularly marked during recessions, as the majority of healthcare spending
in OECD nations comes from government, and it is relatively difficult for governments
to decrease healthcare spending in the short term (OECD 2011). The reasons for the
long-term increases in healthcare spending seen in the OECD, both as a proportion of
GDP and per-capita vary from country to country, and may include demographic
changes (aging populations and longer lifespans with attendant greater medical
needs), costly new medical technologies, and ratcheting public demand for services
(OECD 2011). In this context, claims that public health interventions can improve the
health of a community or population, leading to reductions in the numbers of
expensive medical procedures or pharmaceuticals prescribed and thus achieve net cost
savings are particularly appealing.
Despite the importance of evaluation, government spending, including public health
interventions, is often under-evaluated (Wanless 2004). While public health
interventions may, increasingly, be designed based on high quality evidence, for
example evidence from randomised controlled trials (RCTs), more usually their
outcomes are not evaluated. In some cases it simply may not be possible to evaluate the
outcomes of an intervention, for example the target population may be too small to
produce data that can be meaningfully analysed, predicted outcomes may only be
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realised many years in the future, a suitable control group may not exist, or ethical
issues may preclude the randomisation necessary to create a suitable control group
(Wanless 2004). In other cases, the organisations implementing or funding the
programme may lack the expertise or financial resources to evaluate the outcomes of a
programme (Wanless 2004).
Even when public health interventions are based on evidence derived from RCTs it is
important to note that there may be questions about the degree of generalisability of
such evidence (Victora, Habicht et al. 2004, McMahon and Chopra 2012); “real world”
implementation brings with it many potential complications, such as organisational
problems, lower levels of compliance, differences in implementation, corruption or
unanticipated changes in circumstances. This issue is exacerbated in the case of
complex interventions which contain multiple specific interventions or stages (Craig,
Dieppe et al. 2008).
In this context the potential value of quasi-experimental1 outcome evaluations of largescale public health interventions becomes clear. Quasi-experimental outcome
evaluations, sometime described in the literature as “plausibility studies” (Victora,
Habicht et al. 2004), may either strengthen the evidence of RCTs by demonstrating
generalisability or they may provide the best evidence possible if RCTs have not
occurred, are not possible, or are not ethically justifiable (Victora, Habicht et al. 2004).
Quasi-experimental outcome evaluations of programmes that incorporate some
element of randomisation in their design in order to facilitate evaluation provide better
quality evidence because in the absence of randomisation concerns about selection bias
will limit the strength of the conclusions that can be drawn from an outcome
evaluation.
Large-scale public health interventions are an ideal candidate for outcome evaluation.
Their higher cost means that it is more important that they are evaluated, their scale
suggests potential resources to fund evaluation, and a large target population increases
the potential for statistically valid evaluation, given appropriate study design.
Administrative data, when available, are an ideal data source for the evaluation of the
outcomes of large-scale public health interventions, with lower data collection costs
than carrying out surveys, or accessing individual medical records, although they
entail additional concerns about accuracy and privacy.

Quasi-experimental designs attempt to approximate RCTs by creating a suitable control
group.
1
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1.4. The New Zealand context
New Zealand has the same need for evaluation of its large-scale public health
interventions as other nations. Policy makers in New Zealand have become
increasingly aware of the importance of scientific evidence as a guide to policy choice
and design and also the need for scientifically valid outcome evaluation (Gluckman
2011). New Zealand’s Cabinet adopted the Gateway Review Process in 2007, a
systematic approach to intervention design and evaluation, signalling the importance
of outcome evaluation (State Services Commission 2013).
The policy imperative to accurately evaluate the outcomes of large-scale public health
interventions informed the funding of the outcome evaluation of a major housing
intervention, the Warm Up New Zealand: Heat Smart (WUNZ:HS) programme
(Grimes, Denne et al. 2011). This cost-benefit-based analysis required the quantification
of any health benefits of the programme in dollar terms.
The author’s involvement with the WUNZ:HS evaluation included co-authoring a
report which attempted to quantify the health benefits of the programme in dollar
terms (Telfar Barnard, Preval et al. 2011) and authoring another (Preval 2012)2 . The
data gathered for these evaluations provide the opportunity to carry out a case study
in the application of statistical techniques to quantify health outcomes in dollar terms.
The WUNZ:HS case study thus forms the primary basis of this thesis.

2

See Appendix Three
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1.5. Aim of thesis
The primary aim of this thesis is to examine the methodological issues around the
analysis of administrative data in large-scale public health intervention evaluations,
using data available from the WUNZ:HS evaluation as the basis of a case study. The
methodologies examined aim to accurately quantify the health benefits or costs of a
programme in dollar terms.
Secondary to this aim is a policy analysis-based comparison of the WUNZ:HS
programme with the Australian Home Insulation Programme (HIP). This comparison
informs a discussion about the generalisability of the results of the primary analysis
and the importance of intervention design and implementation.
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1.6. Structure of thesis
Chapter Two describes the connections between housing and health, explains the
origins of the WUNZ:HS programme and its intended outcomes and introduces the
WUNZ:HS evaluation.
Chapter Three describes the quasi-experimental design underlying this thesis and the
WUNZ:HS evaluation, describes dataset creation, characterises datasets, and highlights
potential limitations of those datasets.
Chapter Four sets out the approach taken to model specification and fitting in this
thesis and describes and carries out an analysis of the mortality-related benefits of
WUNZ:HS. Chapter Five describes and carries out the analysis of hospitalisation costs.
Chapter Six describes and carries out the analysis of pharmaceutical use costs.
Chapter Seven presents the combined results of the analyses described in Chapters
Four to Six in order to consider the consistency of these results, calculate the value of
combined annual health benefits per household and to assess the impact of different
modelling assumptions on annual health benefits. The impact of different modelling
choices on the benefit cost ratios calculated in the original cost-benefit analysis
presented in (Grimes, Denne et al. 2011) is also briefly considered.
Chapter Eight compares the design and implementation of the WUNZ:HS programme
with the unsuccessful Australian Home Insulation programme (HIP) from a policy
analysis perspective. This comparison also provides some additional insight into the
interpretation of the results presented in Chapter Seven.
Chapter Nine is a discussion chapter, placing the results of this thesis in the context of
the literature on large-scale public health evaluations and previous housing and health
research and considering the implication of results for future research. Finally, the
strengths and weaknesses of the WUNZ:HS evaluation design are considered
including reflections on future methodological choices for the design of similar
evaluations.
Chapter Ten is a brief conclusion, summarising the key finding of the thesis as a whole,
presenting the public health implications of this research and making.
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CHAPTER 2. THE CASE STUDY: WARM UP NEW ZEALAND:
HEAT SMART
WUNZ:HS was a $347 million four year programme funded by the New Zealand
government that provided part-funding for insulation retrofits, draught-proofing,
moisture barriers and clean, efficient heating for New Zealand households. WUNZ:HS
began on July the 1st 2009 and was originally intended to run for four years and retrofit
188,500 homes, although this target was slightly extended, reflecting the quickness and
cost efficiency with which the target number of installations was reached in November
2012, and final WUNZ:HS retrofits were completed in Sept 2013. In the 2013 Budget a
more focused version of WUNZ:HS called Warm Up New Zealand: Healthy Homes
was announced. Beginning on July the 1st 2013, Warm Up New Zealand: Healthy
Homes will operate for three years, has a budget of $100 million and will subsidise
insulation for low-income households (EECA 2013).
WUNZ:HS was administered by the Energy Efficiency and Conservation Authority
(EECA), a Crown Entity whose core mandate is improving the way that New Zealand
uses energy, which includes any “changes in energy-use that result in an increase in
net-benefits”, which clearly encompasses health improvements. WUNZ:HS was
predicted to produce energy savings, efficiency gains and also health improvements
for participants and was available to any home-owner whose home was built prior to
2000 and as such qualifies as a public health intervention. With its large budget and
number of retrofits WUNZ:HS can thus clearly be viewed as a large-scale public health
intervention.
In order to understand why WUNZ:HS was created and what it was hoped it would
achieve, it is necessary to briefly explore the evidence for connections between housing
and health, and the history of home design and home design policy in New Zealand.
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2.1. Key connections between housing, insulation, heating and
health
The following discussion focuses on how to make homes warmer, a common problem
in temperate countries such as New Zealand. When the temperature outside is too cold
for people to be comfortable it is necessary to create a “net temperature difference”
between outdoor and indoor temperatures in order for people to be comfortable
indoors (Lloyd, Bishop et al. 2007, p7). Such a net temperature difference can only be
created and maintained by using an external energy source to heat the interior. There
are two sources of external energy which can be used: the sun, or a space heating
device of some type (including the human body). However, any net temperature
difference will diminish over time (or require further heating to maintain), with excess
heat “flowing” from the building either through the fabric of the building via
conduction, convection or radiant heat transfer, or by air infiltration via cracks,
windows or gaps.
2.1.1. Insulation
Insulation is one of the key ways of slowing such heat loss in buildings. There are two
ways that insulation can be used to reduce heat loss. Firstly, bulk materials such as
fibreglass, foam or wool can be installed in ceilings, walls or floors to reduce heat lost
via convection and conduction. These materials contain pockets of trapped still air
which does not conduct heat well. These materials may also be used to reduce heat loss
from hot water cylinders and pipes. The effectiveness of such insulation materials is
influenced by their thickness, correct installation and dryness.
Secondly, reflective insulation such as aluminium foil works by limiting the transfer of
radiant heat (Lloyd, Bishop et al. 2007), and has often been used as under-floor
insulation in New Zealand. The thermal resistance of insulation (or any material) is
measured in m2°C/W and is known as its R value: the higher the R value, the greater
the thermal resistance (McChesney, Cox-Smith et al. 2008).
Improvements in insulation are easy to define: the insulation of a home has been
improved if the installation or upgrading of an insulation product causes the building’s
net thermal resistance to increase.
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2.1.2. Heating
Heat, either from the sun or from a space heater of some type, creates the net
temperature differential that insulation helps maintain. Space heaters comprise a wide
variety of sources from the human body to devices such as fan heaters or wood
burners. While insulation can be expected to have a somewhat predictable effect on
indoor temperature for a given level of heating, the effect of a given space heating
device on temperature is dependent on the quantity of energy consumed by that device,
which is dictated by the preferences, habits and financial constraints of occupants.
Improvements in heating are more difficult to define than improvements in insulation,
but typically will include some combination of increases in energy efficiency, reduction
in harmful emissions (see 2.1.4. below) and increased potential heat output measured
in kW.
2.1.3. Insulation, heating and the rebound effect
Improvements in the insulation and/or space heating devices installed in a home
(retrofitting) improve energy efficiency and thus could potentially allow occupants to
maintain the same temperature post-retrofit while using less energy (assuming that
they have some form of space heating). However occupants typically “spend” some of
this potential energy saving in the form of higher temperatures: this is an example of
the direct rebound effect. Occupants have a range of potential responses: at one
extreme they may choose (assuming they have control over the amount of energy used
to heat the home and that that amount is not zero) to remain at the same indoor
temperature by reducing energy use and take all of the gains from the retrofit as a
financial saving via reduced heating costs. At the other extreme, occupants may spend
100% of energy efficiency gains in the form of increased temperature. In addition, as
described in Howden-Chapman, Viggers et al. (2009), a subgroup of occupants may
respond to improved insulation by changing their space heating behaviour to take
advantage of improved heat retention or heating efficiency and actually spend more.
Influential U.K. research suggests that at indoor temperatures of 16.5°C 30% of
potential energy savings are expected to be taken as improved comfort i.e. temperature
increases (Milne and Boardman 2000). It is likely that households that experienced
relatively comfortable temperatures prior to a retrofit will take a higher proportion of
the benefit of a retrofit as energy use savings, while colder households will take a
higher proportion of efficiency gains as increased temperature (Milne and Boardman
2000). This means that the relative impact of a retrofit on energy use and temperature
gains will be influenced by pre-retrofit indoor temperature, which will in turn be
directly related to factors such as household income.
A number of studies have demonstrated temperature increases following insulation
and/or heating retrofits (Howden-Chapman, Matheson et al. 2007, Shortt and Rugkåsa
2007, Howden-Chapman, Pierse et al. 2008, Lloyd, Callau et al. 2008). The Insulation,
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Heating and Health Study carried out by He Kainga Oranga demonstrated both
statistically significant increases in indoor temperature (Howden-Chapman, Matheson
et al. 2007), and statistically significant reductions in combined measured and selfreported energy use (Chapman, Howden-Chapman et al. 2009).
2.1.4. Insulation, heating and health
There are a number of hypothesised causal pathways by which improved insulation
and space heating can potentially have an impact on health in a temperate country
such as New Zealand.
The first causal pathway by which improved insulation and space heating can
potentially have an impact on health is increased temperatures. Low temperatures can
cause bronchoconstriction, particularly in combination with exercise. Improvement in
indoor temperatures resulting from improved insulation or heating will reduce
exposure to cold and thus potentially reduce the incidence of bronchoconstrictionrelated events. Statistically significant reductions in respiratory symptoms (e.g.
wheeze) following an insulation/ heating retrofit are reported in a number of
insulation/heating intervention studies summarised in a systematic review by
Thomson, Thomas et al. (2009) and in a more recent Cochrane review (Thomson,
Thomas et al. 2013), although some studies did not report any statistically significant
change in the outcomes of interest.
Excess winter mortality is reported in many temperate countries, driven primarily by
higher rates of cardiovascular and respiratory mortality amongst the elderly (Keatinge,
Donaldson et al. 1997, Telfar-Barnard 2010). Davie, Baker et al. (2007) found that
during the period 1980-2000 there were 1,600 excess winter deaths per year in New
Zealand (relative to what would be predicted if summer and winter death rates were
identical). Similarly, Telfar-Barnard found that there were 7,166 excess winter
hospitalisations per year during the period February 2000 – and January 2006 (TelfarBarnard 2010). A recent New Zealand RCT reported non-statistically significant
reductions in all-cause and respiratory hospitalisations following an insulation retrofit
(Howden-Chapman, Matheson et al. 2007), and a New Zealand study which utilised a
within-person crossover design found a statistically significant reduction in acute
hospitalisations for individuals aged 5- 34 following participation in the Healthy
Housing Programme (which provided a suite of advice and physical housing upgrades
including insulation retrofits) (Jackson, Thornley et al. 2011).
While researchers have debated the underlying causes of excess winter mortality (with
outdoor cold exposure an alternative hypothesis to indoor exposure) the indoor
exposure hypothesis has strong plausibility; a recent model based on previous
epidemiological analyses of indoor cold-related mortality Wilkinson, Smith et al. (2009)
assumed a 2% increase in cardiovascular disease-related winter mortality for each 1°C
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reduction in standardised indoor temperature. Interestingly, however, one New
Zealand paper reviewed did not find any statistically significant associations between
measures of low daily temperatures and mortality rates (Hales, Salmond et al. 2000).
It is speculated that exposure to colder temperatures may cause cardiovascular events
via thrombosis due to haemoconcentration or other cardiovascular reflexes that are
induced by low temperature (Keatinge, Donaldson et al. 1997). Excess winter
respiratory mortality and morbidity may be explained by a combination of factors
including the impact of cold on immune resistance, and increased bacterial survival
time in droplets at colder temperatures (Keatinge, Donaldson et al. 1997).
In addition to the increased mortality risk resulting from cold ambient temperatures
there is a considerable body of literature linking increased cardiovascular and
cerebrovascular mortality with heat waves and higher temperatures summarised in
reviews by Basu and Samet, and Basu (2002, 2009), including in temperate New
Zealand (Hales, Salmond et al. 2000). It is plausible that insulation, by reducing
extremes of indoor temperature may contribute to a reduction in the risk of such
mortality for vulnerable sub-groups such as the elderly, or those with pre-existing
disease.
The second causal pathway by which improved insulation and space heating can
potentially impact health is that warmer homes are less damp, and dampness is
correlated with concentrations of mould and dust mite faeces, both of which can
trigger allergic reactions in sensitised asthmatics (Carrer, Maroni et al. 2001). Moulds
can also cause non-immune specific inflammation (Carrer, Maroni et al. 2001, HowdenChapman 2004). Mudarri and Fisk (2007) carried out a meta-analysis of damp and
mould studies which and found statistically significant associations between damp and
mould and upper respiratory tract symptoms, cough, wheeze and current asthma. An
additional connection between improved heating and dampness is that unflued gas
heaters (common in New Zealand) release water vapour into the indoor environment
as a product of combustion which contributes to dampness, thus replacing unflued gas
heaters can potentially improve health via reduced dampness even if there is no
change in temperature.
The third causal pathway by which improved insulation and space heating can
potentially have an impact on health is that some space heating devices emit harmful
chemicals and particulate matter into the indoor environment. For example, unflued
gas heaters emit nitrogen dioxide as a product of combustion. A randomised controlled
trial carried out by Howden-Chapman, Pierse et al. (2008) demonstrated that homes
using unflued gas heaters had more than three times the level of NO2 in their living
rooms than homes that did not and that replacing unflued gas heaters with healthier
heaters reduced indoor NO2 levels by two thirds relative to households that continued
to have an unflued gas heater as their primary space heater (Gillespie-Bennett, Pierse et
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al. 2008). Indoor nitrogen dioxide levels have been correlated with asthma symptoms
in a number of studies (Chauhan, Inskip et al. 2003, Pilotto, Nitschke et al. 2004), which
may be due to an interaction between nitrogen dioxide and other allergens which
increases their effect on sensitised asthmatics (Tunnicliffe, Burge et al. 1994, Barck,
Sandström et al. 2002).
The fourth causal pathway by which improved insulation and space heating can
potentially have an impact on health is that indoor temperatures and heating
behaviours (for example heating either one room or multiple rooms) may influence the
probability of cross infection within a household via the degree of indoor crowding
(i.e. if the entire home is warm then household members will not have to crowd
together in a single heated room, a common heating pattern in New Zealand). A metaanalysis of 345 studies found that 55% showed a statistically significant association
between higher levels of crowding and higher rates of close contact infectious diseases
while only 1% showed a statistically significant association between higher levels of
crowding and lower rates of close contact infectious diseases (Baker, McDonald et al.
2013).
Finally, there is some evidence of a causal connection between housing condition and
mental health. Of the warmth and energy efficiency improvement intervention studies
reviewed by Thomson, Thomas et al. (2009) one study found an odds ratio of 0.560 (p <
0.001) for intervention group members for low happiness based on the SF (Short
Form)-36 (Howden-Chapman, Matheson et al. 2007) and another 0.510 (p<0.001) for
low vitality (Howden-Chapman, Pierse et al. 2008) but other intervention studies did
not find statistically significant changes in mental health-related measures. More
recently Howden-Chapman, Chandola et al. (2011) found that participants in the
Whitehall II Study who had “some to great problems with house” had higher modelled
GHQ (General Health Questionnaire )-30 scores (poorer mental health) relative to
individuals who had “slight to no problems” after controlling for plausible
confounders. Other previous research has found a correlation between self-reported
poor housing quality (including damp and mould) and poor self-reported mental
health (Hunt 1990, Hopton and Hunt 1996), although the subjectivity of self-reported
measures of housing quality used in these two papers raises the possibility that these
results may partially reflect a tendency for those with poorer mental health to assess
their surroundings more negatively.
Speculatively, other mental health-related causal pathways could include increased
comfort, reduced social embarrassment, reduced worry about risks relating to health,
and financial savings from improved home energy efficiency which could reduce stress
on home occupants.
New Zealanders spend a large proportion of their time inside their own homes (69.7%),
which is slightly higher than comparable groups such as UK and US residents (Baker,
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Keall et al. 2007). The impact of insulation and heating on health is also exacerbated
because those who are most vulnerable (young children, the elderly, the unemployed
and the disabled or unwell) typically spend more time in their homes (Baker, Keall et
al. 2007, O’Sullivan, Howden-Chapman et al. 2011).
Connections between indoor temperature and health have long been recognised by the
international medical establishment, with World Health Organisation (WHO)
recommendations for a minimum indoor temperature of 18°C first being made in 1987
(World Health Organization 1987). New Zealand homes do not currently meet this
requirement, with average winter temperatures in New Zealand living rooms recently
reported to be only 17.8 °C from 5-11 pm, and bedrooms typically much colder (French,
Camilleri et al. 2007). Consistent with this pattern, New Zealand has patterns of excess
winter mortality (Davie, Baker et al. 2007) and morbidity (Telfar-Barnard 2010) which
may partially be explained by some physical housing characteristics (Telfar-Barnard
2010).
Having discussed connections between home insulation, heating and health it is
natural to turn to the question of why temperatures in New Zealand homes are low,
which policy interventions have influenced New Zealand home temperatures and
energy efficiency over the years and how WUNZ:HS came into being. Answering these
questions will inform analytical choices made in the substantive chapters of this thesis.
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2.2. Home insulation and heating in New Zealand: a brief
background
New Zealand homes built in the last 100-120 years typically have solid construction;
however, this durability is a mixed blessing: with an estimated average lifespan of 90
years (Chapman, Howden-Chapman et al. 2009) the consequences of construction
techniques, design decisions and materials utilised in the earlier part of the twentieth
century continue to have an impact on New Zealanders today. In particular, New
Zealand homes built before 1978 were not required to be insulated and were often not
insulated, which means that unless later retrofitted with insulation they are difficult to
heat and often damp. French and Camilleri et al. (2007) found that, for a representative
sample of New Zealand homes, an increase in the age of a home by a decade resulted
in a 0.2±0.05°C drop in temperature (p=0.00004). In addition, New Zealand homes are
typically larger than European homes (comparable in size to Australian or American
homes), making them more difficult to heat than European homes (Howden-Chapman,
Viggers et al. 2009). Victorian villas constructed at the turn of the 20th century were
often closed off from the sun for reasons of design and were oriented to the street
rather than to the sun: such houses are not able to efficiently use solar energy (Ministry
for the Environment 2005). As construction techniques and housing preferences
changed in the following fifty years newer homes were more able to utilise solar
radiation via larger windows and more open design but due to the absence of
insulation the heat was not retained (Ministry for the Environment 2005). Other trends
were less positive, with Bastings (1958) reporting a reduction in 1950s era roof and wall
section R-values in comparison with 1920’s values due to changes in materials and
construction.
New Zealand policy makers’ awareness of home temperature issues developed in the
1950s, as New Zealand research addressed concerns around condensation and mould
and thermal insulation began to be imported and utilised for the first time (Isaacs
1993). Insulation was first manufactured locally in the 1960s and was actively
promoted, however the 1973/74 oil shock is generally credited with the first major
increase in the proportion of residential buildings built with insulation in New Zealand
(Isaacs 1993, Ministry for the Environment 2005, McChesney, Cox-Smith et al. 2008).
New Zealand’s central government responded to the oil shock and other related
energy concerns by instituting an interest free loans scheme for ceiling insulation in
1975 (McChesney, Cox-Smith et al. 2008) and eventually by introducing the first
mandatory minimum insulation standards for new buildings and alterations to
existing buildings, NZS 4218P: 1977, which set out a variety of acceptable combinations
of minimum ceiling, wall and floor R-values (Isaacs 1993). Similar minimum insulation
standards were being set in other developed nations around this time (Lah 2009).
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Other than efforts by the government-run Housing Corporation of New Zealand to
retrofit ceiling insulation in many of its South Island properties in the early 1980s
(McChesney, Cox-Smith et al. 2008), these measures represented the only significant
policy interventions aimed at improving insulation by the central government until the
early 1990s. This contrasts strongly with nations such as Germany, which regularly
increased minimum insulation standards during this time (Lah 2009). In order to
understand this difference it is necessary to place New Zealand housing in the broader
energy supply context. New Zealand has historically had extremely cheap electricity,
thanks to its hydroelectric dams, large coal deposits and the development of resources
such as the Maui gas field in 1969. It is speculated that this historical surplus created a
culture of energy inefficiency that was only briefly interrupted by the oil shocks of the
1970s: however, steeply declining oil prices in the 1980s and 1990s combined with a
central government focus on reforming and restructuring the electricity sector moved
energy efficiency from the top of the policy agenda (Lah 2009), with most consumerfocused home energy efficiency policies during the 1980s and early 1990s limited to the
provision of information and advice (McChesney, Cox-Smith et al. 2008).
2.2.1. EECA and housing: small scale public health interventions
In 1992, the Rio Earth Summit took place and New Zealand signed the Framework
Convention on Climate Change. In the same year poor rainfall meant that southern
hydro-lakes were very low leading to an electricity crisis and to serious attempts to
improve electricity conservation (PCE 2000). The Electricity Shortage Review
Committee created to assess and report on the crisis highlighted the potential to reduce
consumer demand for energy using both financial incentives and education, and the
need to promote awareness and understanding of energy efficiency more generally
(PCE 2000). Later that year the Government set out its Energy Policy framework which
included the following outcome:
[…] the efficient and effective provision of energy services through well-functioning
commercial systems with competitive incentives, operating within:


an effective and stable regulatory environment; and



an environment of effective energy conservation from the promotion and adoption of
efficient practices and technology[.]

This policy framework established what would eventually be named the Energy
Efficiency and Conservation Authority (EECA), an entity whose functions included
developing a long-term energy efficiency strategy (PCE 2000).
Following a pilot study, in 1995 EECA began central government’s first residential
energy programme, the Energy Saver Fund (ESF), an intervention which funded
residential energy efficiency upgrade projects and was intended to target sectors of the
community with high barriers to purchasing efficiency upgrades such as beneficiaries.
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The ESF was a $13 million programme over a six-year period (McChesney, Cox-Smith
et al. 2008) and funded a wide variety of energy efficiency upgrades, a small
percentage of which were ceiling and floor insulation retrofits. The ESF was later
criticised for its focus on kWh savings, which ignored the potential health and
environmental benefits of improved insulation (EECA, 2001).
In 2000 EECA became a Crown Entity following the passing of the Energy Efficiency
and Conservation Act, and in 2001 it produced the first National Energy Efficiency and
Conservation Strategy, which defined energy efficiency as “a change in energy-use that
results in an increase in net-benefits”, clearly indicating a broader focus than that
which underpinned the ESF.
Following the completion of the ESF in 2001 EECA developed the Energywise Home
Grants (EWHG) programme. The EWHG part-funded the insulation of pre-1978
houses occupied by low-income households, with whole house retrofit packages
typically including ceiling and underfloor insulation, cylinder wraps, pipe lagging and
draught-proofing of doors as required. The retrofits were delivered by ‘service
providers’, commercial entities or not-for-profit community trusts who won large-scale
contracts for projects with EECA (EECA 2007). A variety of other schemes operated on
a small scale during this period including schemes targeting landlords and funding
clean heat projects.
The logic underlying EWHG was that barriers such as limited access to capital and
imperfect information were preventing homeowners and landlords from making an
economically rational investment in improved home energy efficiency. In addition, the
problem of split incentives meant that tenants were unlikely to purchase insulation as
they would not gain the benefits of such improvements beyond the period of their
tenancy, while landlords do not typically pay energy bills or gain the health benefits
from living in a more comfortable home and so will be reluctant to invest in insulation
unless the investment is rewarded via higher rental returns (IEA 2007). It was believed
that improved awareness of the value of insulation and the encouragement of a nascent
retrofit industry would eventually create a self-sustaining market for insulation that
did not require further subsidisation.
In 2007, EECA conducted a major review of the EWHG programme. Recommendations
included extending the scope of the programme beyond pre-1978 households to
include pre-2000 households (in 2000 minimum insulation values had been raised
slightly by standard NZS 4218:1996: it was also widely acknowledged that insulation
installed in the years directly following 1978 was not installed well or thoroughly),
incorporating funding for clean heat retrofits and raising minimum required R-values
for ceiling and floor insulation retrofits. Some of these recommendations were
incorporated into the operation of the programme. In late 2008, a one billion dollar 15year extension to the EWHG programme was announced by the Labour led
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government, to be funded by profits generated by a recently passed emissions trading
scheme (Science Media Centre 2008); however, following the November 8th election,
the newly elected National led government announced the replacement of the EWHG
programme with the $NZ 323 million WUNZ:HS programme in its 2009 Budget as part
of an arrangement with the Green Party (programme funding increased to $347 million
in November 2009). The WUNZ:HS programme built on the EWHG programme,
extending its availability to all households. The programme was explicitly expected to
produce a combination of energy efficiency gains and reduced health risks (Brownlee
2009).
The evidence that informed WUNZ:HS (and the proposed EWHG extension before it)
included research derived from randomised controlled trials carried out by He Kainga
Oranga3, the Housing and Health Programme of the Public Health Department of the
University of Otago, Wellington on the health and energy use impacts of retrofitted
insulation (Howden-Chapman, Matheson et al. 2007), and improved home heating
(Howden-Chapman, Pierse et al. 2008). In particular, a cost-benefit analysis of floor and
ceiling insulation based on the results of the insulation retrofit study suggested a
favourable ratio of benefits to costs of 1.7:1 driven largely by improvements in health
(Chapman, Howden-Chapman et al. 2009). Early versions of this paper and other asyet unpublished research findings were widely circulated within government (Carroll,
Blewden et al. 2008), and it is likely that both the design of the WUNZ:HS programme
and indeed the decision to implement the programme were informed by these
findings. The relationship between the research of He Kainga Oranga and housing
policy in New Zealand is explored in greater depth in Chapter Eight.

3

www.healthyhousing.org.nz
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2.2.2. WUNZ:HS: programme details
WUNZ:HS operated from the 1st of July 2009 to the end of funding in June 2014 (J.
Lackey, personal communication, 2014). WUNZ:HS was universally available to all
New Zealand homeowners, whether landlords or owner-occupiers, whose homes were
built before 2000, and provided part-funding for a range of retrofits. Funding could be
used to retrofit underfloor and ceiling insulation, conditional on both being insulated if
they were accessible. Participants whose floor and ceiling insulation met minimum R
values could receive funding toward clean and energy efficient heating devices such as
a heat pump or pellet burner, and finally funding was available for hot water cylinder
wraps, pipe lagging, draught-stopping, and a ground moisture barrier. Clean heating
funding was limited, from Sept 2012 onwards, to the replacement of inefficient wood
burners and open fires in areas of poor air quality (EECA 2012). Table 2 sets out details
of funding initially available.
Table 2 Funding available under WUNZ:HS
Insulation [includes all
non-heating retrofits]
All eligible houses
Homeowners who hold
Community Services
Cards4

33% of the total cost up to
$1300 (including GST)

Clean heating
$500 (including GST)

60% of the total cost, or
more than 60% if you

$1200 (including GST)

qualify for a special
project.

Landlords with tenants
who hold Community

60% of the total cost

$500 (including GST)

Services Cards

(EECA 2009a)
Complex arrangements were made to cover the proportion of costs that were not
covered by WUNZ:HS funding. Non-profit organisations sometimes fully covered or
further subsidised costs for households that they identified as particularly likely to
benefit from the programme, and a number of councils provided upfront funding for
retrofits to be paid back over time in the form of higher rates.
WUNZ:HS operated with approximately 60 ‘service providers’ who carried out
retrofits and were then reimbursed by the government for their work. These service
providers included both private companies and non-profit organisations, which could
sub-contract work to other organisations. Service providers tendered to be part of the
programme and amongst other conditions had to be able to demonstrate capacity to
Community Services Cards (CSCs) are available to low and middle-income adults who are
New Zealand residents or citizens. CSCs entitle bearers to reductions in charges for healthcare
products and services such as prescription fees.
4
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deliver retrofits to agreed quality and safety standards (J. Lackey, personal
communication, 2010). Various compliance measures were enforced by EECA
including a comprehensive series of checks filled out by installers and occasional
inspections carried out by EECA (J. Lackey, personal communication, 2010).

2.3. WUNZ:HS evaluation
In late 2009, the then Ministry of Economic Development (MED), EECA’s parent
organisation, requested proposals for an economic evaluation of the WUNZ:HS
programme. The MED request for proposals included requirements that the evaluation
would assess the impact of WUNZ:HS on energy-use, health, and employment within
the insulation industry, and combine the results of these assessments in the form of a
cost-benefit analysis.
The contract was won by a group including academics from the University of Otago,
Wellington (including me) and Victoria University of Wellington, and from
consultancy firms Motu Economic and Public Policy Research, who were the head
contractors, and Covec: (collectively referred to in this thesis as “the Group”). The
winning proposal was based on an innovative linking of administrative health data
with EECA data via a commercially-owned dataset.
From the official start of the evaluation in November 2009 to its completion in October
2011 the Group produced four reports, assessing the industry impact of WUNZ:HS
(Denne and Bond-Smith 2011), changes in energy use (Grimes, Young et al. 2011),
health impacts (Telfar Barnard, Preval et al. 2011) and finally a cost-benefit analysis
(Grimes, Denne et al. 2011). The cost-benefit analysis suggested a highly favourable
benefit cost ratio of 4.3:1 which was driven primarily by a reduction in all-causes
mortality for people aged 65 and over who had recently been hospitalised with a
circulatory condition (Grimes, Denne et al. 2011). Smaller, but significant, benefits from
the programme included a reduction in metered energy use (Grimes, Young et al. 2011)
and industry benefits (Denne and Bond-Smith 2011). In 2012 the MED commissioned
an additional report on the health impacts of WUNZ:HS (Preval 2012). Various
modelling changes were made for the health extension but this did not materially alter
the benefit:cost ratio presented in Grimes, Denne et al. (2011).
Amongst the policy recommendations made by the Group were suggestions that
WUNZ:HS be more targeted, and that funding insulation should be prioritised over
funding heating (Grimes, Denne et al. 2011,p 28). In late 2012 funding for heating
retrofits under the WUNZ:HS programme was greatly limited, as noted in Section 2.2.
In addition, the Warm Up New Zealand: Healthy Homes programme which succeeded
WUNZ:HS is limited to the provision of insulation for low-income homes. It appears
likely that these decisions were influenced by the work of the Group.
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The data gathered for the WUNZ:HS evaluations provided the opportunity to carry
out a case study in the application of statistical techniques to quantify the health
outcomes of large-scale public interventions in dollar terms and forms the primary
basis for this thesis. The thesis presents some of the models used in Preval (2012) and
Telfar Barnard, Preval et al. (2011) as well as additional analyses carried out using the
same basic datasets, although changes in dataset composition, modelling approach and
timeframe mean that the results presented in this thesis in some cases differ from
previously presented results. I have indicated where work presented is not exclusively
my own (further details are presented in Section 1.7). In Chapter Seven the cost-benefit
calculations presented in (Grimes, Denne et al. 2011) are used as a basis for crude
estimates of the impact of different approaches to modelling benefits and costs on the
ratio of benefits-to-costs.
In the following chapter the WUNZ:HS evaluation is described in detail, the design of
the study is discussed, the characteristics of administrative data are considered, the
dataset creation process is thoroughly described and summarised, and finally the
available data is described in detail.
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CHAPTER 3. WUNZ:HS EVALUATION: DESIGN, DATASET
CONSTRUCTION AND DESCRIPTION
The WUNZ:HS evaluation used a quasi-experimental design and was primarily based
on administrative or publicly available data. The starting point of the evaluation design
was the assumption that, given EECA’s relationship with its parent organisation MED,
administrative data from the WUNZ:HS programme would be available, and that there
was some potential to link this data with other administrative datasets. Designing an
evaluation based on this data thus required knowledge of the specific datasets that
could be linked to address data from EECA, a suitable study design that could
potentially capture key benefits of participating the programme and an awareness of
the limitations of such a design and the administrative data it utilised.
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3.1. WUNZ:HS study design
The starting point of the WUNZ:HS evaluation study design was the availability of
data pertaining to each of the retrofits carried out by EECA, particularly the address
and the details of the work done. In order to evaluate the programme it was necessary
to obtain relevant health outcome and demographic information about the occupants
of these retrofitted homes and to compare the health outcomes of these individuals
with those of a suitable control group. Such a quasi-experimental design would be
greatly strengthened if information about the health outcomes of individuals prior to
the intervention was able to be obtained.
The key to the study design was the existence of Quotable Value (QV), a state-owned
housing valuation organisation possessing highly detailed data on the condition, age
and characteristics of New Zealand’s housing stock. Previous work by Lucy TelfarBarnard established that Ministry of Health held administrative data which could be
linked with QV data5. The additional innovation proposed for the WUNZ:HS
evaluation was utilising QV’s data and skilled technicians to match EECA provided
treatment addresses with QV’s dataset and to then identify suitable control group
homes for each treatment home. Having identified these treatment and control group
homes using the QV dataset it would then be possible to obtain, via suitably
anonymised processes, administrative health data and energy use data associated with
both treatment and control individuals and/or addresses as Telfar-Barnard (2010) had
previously demonstrated with regard to health data.
The benefits of such a design would include the construction of a large study cohort
without the need for expensive and time consuming surveys or individual consent
processes (in addition, EECA had signalled that they did not want WUNZ:HS
participants to be contacted for research purposes). Potential disadvantages would
include the limitations of quasi-experimental study designs, the limitations of
administrative data in general, data loss at each stage of the data-matching process,
and the quality of the specific health data that could be linked (discussed in detail in
Section 3.3).
The final design balanced issues of validity with timeliness and cost, and successfully
met the criteria set by MED. Once the contract was won, ethics approval was sought.
Data collection began on the 2nd of March 2010, following Multi-Regional Ethics
Committee approval (See Appendix A).
Lucy Telfar-Barnard’s PhD thesis (Telfar-Barnard 2010) linked anonymised administrative
morbidity data (NMDS) with Quotable Value data using the address field in the National
Health Index (NHI) data (with an extremely high success rate of 68% given the complexities of
address matching). It was then possible to calculate the relative rate ratio for excess winter
hospitalisation for cohort members living in housing with a certain characteristic (for example
decade of construction) relative to a baseline characteristic.
5
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Because the WUNZ:HS evaluation relies so heavily on administrative data, the
strengths and weaknesses of administrative data are explored in detail in Subsection
3.1.1. The quasi-experimental design of the evaluation is further explored in Subsection
3.1.2 below and the full detail of the data collection process described in Section 3.2.
3.1.1. Administrative data
The WUNZ:HS evaluation was designed to almost exclusively utilise administrative
data, linking various administrative datasets with addresses from EECA’s
administrative data. When data from multiple administrative datasets are linked by
researchers, particularly when some pertain to rare events, the possibility that
individuals may be identified increases. In order to address this possibility various
anonymity preserving measures had to be considered for the WUNZ:HS design.
Making a successful proposal required addressing privacy concerns, as did
subsequently obtaining ethics approval (see Appendix A).
Administrative data, generally defined as operational data collected by a medium- or
large-scale organisation while carrying out its core functions, have increasingly become
a key part of public health intervention evaluations. Administrative data have a great
deal of benefit from a research perspective. Administrative data have already been
collected as part of their primary function; if administrative data can be accessed by
researchers then this will greatly reduce costs relative to collection using more
intensive means such as surveys, interviews or directly accessing medical records.
Access to administrative data makes studies with large cohorts much more feasible,
which increases the potential to evaluate rare events such as hospitalisation.
Administrative data also have a number of weaknesses from a research perspective.
They may be subject to quality issues, for example missing data and data entry errors,
additionally quality may vary by region or over time for a given dataset, potentially
introducing systematic biases to data that researchers need to be aware of. By contrast,
a study using primary data sources may incorporate a number of checks, for example
double entry of data, in order to limit such issues. More fundamentally, administrative
datasets may not record measures of interest in an optimal manner and may simply
not include measures of interest that would be very valuable from a research
perspective.
From an ethical perspective, the use of administrative data for research purposes raises
issues of privacy, and of how data should be used. Many administrative datasets, such
as the National Minimum Dataset (NMDS) dataset held by New Zealand’s Ministry of
Health, include data for individuals who had little choice about participation due to
their ill-health. When data are held for individuals who have not had an opportunity to
decline participation in research, it is even more vital that no harm be done to such
individuals by that research. The primary harm that can potentially occur through the
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use of administrative data for research is violation of privacy through the potential
identification of individuals. Researchers, or those who gain access to data held by
researchers can potentially use data to harm those individuals either through criminal
means (e.g. blackmail), social means (e.g. gossip) or by using the information to make
decisions unfavourable to the individual (e.g. an insurance company refusing
insurance to an individual having obtained access to administrative data pertaining to
that individual’s disease risk). A more generalised ‘subjective’ harm may also occur
simply from the knowledge that personal data are potentially available to entities who
might use it in some harmful manner, usefully described in legal terms as “the
apprehension of information-driven injury” (Calo 2011).
In New Zealand privacy issues have recently been a major concern, with
administrative data and private records being accidently provided by government
officials via email and loopholes in computer systems making administrative datasets
publicly available (Savage 2012, Young 2012). This emphasises the concerns that
researchers must keep in mind when designing studies that utilise administrative data.
Organisational approaches demonstrate the importance of maintaining privacy. For
example, Statistics New Zealand avoid violations of privacy by greatly restricting
access to individual level data collected at the Census (not technically an
administrative dataset as its primary function is research), while data aggregated the
level of geographical units such as meshblock or Census Area Unit are more widely
available, because the process of aggregation dramatically reduces the potential for
identification. New Zealand’s Ministry of Health maintains a number of health-related
administrative datasets linked by National Health Index (NHI) numbers for each
individual (discussed later in this Chapter). Many steps are taken to preserve
anonymity: names and addresses will not be provided to researchers who obtain data
extracts, and NHI numbers are uniquely encrypted for each data extract, meaning that
data from different extracts cannot be linked.
It is also important to consider the many benefits of research incorporating
administrative data. Administrative data are low cost and may allow researchers to
address research question that are of great policy significance which cannot be
realistically explored using randomised controlled trials given the great cost that this
would entail. The ethical issues that the use of administrative data entails can partially
be addressed using strict anonymisation. In addition some study designs may allow
individuals to opt out of large-scale research projects.
3.1.2. Quasi-experimental design
The WUNZ:HS evaluation study design is best described as quasi-experimental, with
pre-test and post-test data collected for treatment group and matched control group
individuals/ households (Shadish, Cook et al. 2002). Quasi-experimental study designs
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produce results that are less useable for inferring causality than those produced by a
randomised controlled trial, the gold standard for study design (Victora, Habicht et al.
2004) . Randomised controlled trials, by virtue of the randomisation process, are able to
more reliably control for both known and unknown confounders, producing results
with greater plausibility. The goal of quasi-experimental designs is to best approximate
the characteristics of a randomised controlled trial(Shadish, Cook et al. 2002) .
A quasi-experimental study with a control group but only post-test data, is likely to
produce data of limited value due to the potential of selection bias effects to distort
results (Shadish, Cook et al. 2002). Selection bias, essentially the ways in which the
characteristics of the treatment and control group differ that are correlated with the
outcome of interest, may partially be controlled for by collecting data on potential
confounders, but uncertainty will always remain regarding the impact of unmeasured
or imperfectly measured confounders on results. The WUNZ:HS evaluation study
design limits the potential impact of selection bias by collecting pre-test data. By
incorporating pre-test information, for example pre-retrofit hospitalisation costs, the
pre-existing differences between the treatment group and the control group that are
not the result of treatment can be partially accounted for.
This design choice entailed obtaining administrative data for a time period that
included a significant amount of pre-test and post-test exposure. January 2008 was
identified as a suitable start date, meaning that as the WUNZ:HS programme began in
July 2009 there would be at least one and a half years “pre-test” data for most
individuals (less or even no pre-test data might be obtained for individuals born after
Jan 2008). Unfortunately due to the limitations imposed by the evaluation timeframe
(completion by August 2011) less “post-test” data would thereby generally be
collected, with useable post-test data only available up until October 2010 for the initial
evaluation. The extension addressed this issue, obtaining data for each individual up
until December 2011. However, the quasi-experimental design of the WUNZ:HS
evaluation has some limitations that it is difficult for such studies of this type to avoid.
3.1.3. Limitations of the WUNZ:HS evaluation design
In addition to the inherent limitations of administrative data, perhaps the greatest,
although most difficult to quantify, limitation of the study design is potential selection
bias that cannot be fully controlled for by using pre-test data. For example it is possible
that the health status of treatment group participants may have influenced their
decision to participate in WUNZ:HS, either of their own volition or by placing them in
contact with organisations encouraging and/or funding participation in WUNZ:HS for
vulnerable individuals. If so, the well-known regression to the mean effect (Bland and
Altman 1994, Shephard 2003) has the potential to introduce a difficult to eliminate
distortion to analysis, for example individuals who have recently been hospitalised
will have high health costs during the period in which that hospitalisation occurred
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and simply due to the period of relative good health that may be expected to follow a
hospitalisation will incur relatively low health costs during this subsequent period.
Thus, if the experience of a period of poor health is a motivating factor for participation
in WUNZ:HS then there is some danger that the timing of the treatment might produce
the appearance of a beneficial effect of treatment as a period of lowered health costs
will naturally coincide with the post-treatment period. The availability of pretreatment data for each individual would not allow us to fully account for this effect as
the same pattern of events and costs would not apply equally to control group
individuals. This problem is partially addressed by the fact that there is a large period
of pre-treatment and post-treatment data for each individual, limiting the impact of
short term regression to the mean effects somewhat.
Potential alternatives to the evaluation design are briefly explored in the discussion
chapter, Chapter Nine.
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3.2. Dataset creation
EECA initially provided anonymised data for each of the retrofits it had funded during
the period 1st July 2009 (the start date for WUNZ:HS) – May 30th 2010, including
addresses and the details of each retrofit, and other information such as whether the
home was owner-occupied or renter-occupied and whether the retrofit was for a
Community Services Card holder or not; 46,655 unique addresses were identified.
These addresses were supplied to Quotable Value who matched them to the addresses
in their database, 37,163 of the addresses were able to be matched to a QV listing, a
match rate of 79.7%. The match rate likely reflects problems such as inaccurately
entered addresses in either dataset, particularly for problematic addresses such as
recently subdivided properties, units or rural addresses (Telfar Barnard, Preval et al.
2011). The 79.7% match rate is a concern as it both reduced the power of the study and
also raised the possibility that there was something unusual about the unmatched
addresses and their occupants that meant that excluding them might bias the study in
some way. For example, rural/small-town addresses might be harder to match due to
idiosyncrasies of address. If rural homes were, in general, of poorer quality, or
occupants less healthy then we might expect a greater relative benefit from receiving
treatment. Excluding such addresses and their matched controls would thus bias any
finding towards the null. The opposite could equally apply; however, because we do
not have QV data for the unmatched addresses it was not possible to form any
conclusions at all about the characteristics of unmatched homes or their occupants.
The 37,163 addresses then needed to be matched to suitable control addresses. The
Group identified the physical characteristics of homes that would most influence their
health impact and which approximated housing quality data held by QV, this process
was informed by evidence on the impact of New Zealand home characteristics on
health (Telfar-Barnard 2010) . A scoring system was devised to rank potential control
homes, with points assigned to each category depending on the quality of the match:
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Table 3 QV Variables
QV variable

Possible values/units

Census area unit

Any land based CAU in NZ
LI: Lifesytle
RA: Residential appartment
RC:Residential covered flat
RD: Residential dwelling
RF: Residential OYO
RH: Residential home and
income
RN: Residential n (not
known)
RR: Residential purposebuilt flat
Apartment, bach, bungalow
(post-war), contemporary,
cottage, pre-war bungalow,
quality bungalow, quality
old, Spanish bungalow,
state rental, terrace
appartments, townhouse,
unit, villa.

Category

House Type

Levels (single/multi-

Maximum Points
10

Mandatory match

10

Mandatory match

10

Mandatory match

Mandatory match

story)

Single
Multi

10

Decade

Any decade prior to 2000

10

Floor Area

m

10

Bedrooms

Number of bedrooms
Number of garages under
main-roof
Matched on
condition(average, fair,
good, mixed, poor, missing)
and construction:
(Aluminium, brick,
concrete, fibre cement, glass,
malthoid/fab, mixed
material, missing, plastic
roughcast, steel/iron, stone,
tile profile, weatherboard)
Matched on
condition(average, fair,
good, mixed, poor, missing)
and type:
(Aluminium, brick,
concrete, fibre cement, glass,
malthoid/fab, mixed
material, missing, plastic
roughcast, steel/iron, stone,
tile profile, weatherboard)
Y/N

5

Main Roof Garages

Building

Roof

Modernised

2

Notes

5

Match score 10 if both
10

condition and type
match, 7 if only one
matches, 0 if neither

Match score 10 if both
10

condition and type
match, 7 if only one
matches, 0 if neither

10

Adapted from (Telfar Barnard, Preval et al. 2011)
Matches on Census Area Unit (CAU), property category, house type and levels were
mandatory. Dwelling construction decade could vary by up to three decades, with the
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score dropping by 2 points for each decade distance from the target decade. Floor area
could vary by up to 50%, with the score being reduced by 1 point for each 10%
difference from the target. Number of bedrooms and main roof garages were scored
with a maximum of score 5, subtracting 1 for each variance in the number of bedrooms
and garages between the treatment home and the potential control home. The
categories “wall materials and condition” and “roof materials and condition” were
given a score of 10 when both the Quotable Value dataset records for materials and
condition matched, 7 where only building materials matched and 0 if materials didn’t
match. A score of 10 points was assigned if the “modernised” indicator matched and 0
if it did not match.
Quotable Value applied the dwelling match protocol described above to identify up to
10 control addresses for each dwelling, selecting in order of matching score and
randomising when there were “ties” that would lead to more than 10 homes being
selected. 31,423 treatment dwellings (67.4% of all treated dwellings) were initially able
to be matched to at least one control address; 269,110 control dwellings were selected
and the distribution of matches was as follows:
Table 4. Match of treatment and control dwellings, by count and percentage
% of total treatment
Number of controls

Count (treatment)

% of treatment cohort

addresses (includes
those not matched with
QV data)

10

22520

71.7%

48.3%

9

962

3.1%

2.1%

8

948

3.0%

2.0%

7

1003

3.2%

2.1%

6

964

3.1%

2.1%

5

973

3.1%

2.1%

4

958

3.0%

2.1%

3

1043

3.3%

2.2%

2

985

3.1%

2.1%

1

1067

3.4%

2.3%

0
Total

9492
40915

0.0%
100.0%

20.35%
88%

(Telfar Barnard, Preval et al. 2011)
Variation in the number of matches is a concern because in so far as there were
relationships between home characteristics (including location) and both the number of
matches found and health outcomes following treatment, biases could be introduced to
analysis because more data would come from control group individuals with certain
home characteristics which would distort results. As discussed later in Chapter Four it
was possible to partially address this issue by selecting and including only four control
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homes and their occupants when more than four matches were found for a given
treatment home.
Following the initial identification of the study cohort, 7,141 dwellings which EECA
identified as having received treatment under the WUNZ:HS programme between
May 2010 (the cut-off point for inclusion in our treatment group) and Dec 2010 were
later dropped from the control group. Dropping these 7,141 dwellings resulted in
dropping a further 22 treatment group dwellings, who no longer had at least one
matched control.
Quotable Value provided the Group with detailed home characteristics for each cohort
address based on the categories set out in Table 3. Descriptions of the key variables are
set out in Section 3.2. Due to the anonymisation necessary to meet ethics approval
addresses were not supplied, limiting the potential to link household level records
with additional geographically referenced datasets to the Census Area Unit level,
which was provided for each household.
3.2.1. Ministry of Health Data
Having identified the initial cohort addresses, it was then necessary to identify the
occupants of these households. In order to ensure the anonymity of study participants
the Ministry of Health provided addresses for every individual (see Table 5 below) in
the National Health Index (NHI) dataset (as at October 2010), with a unique newly
created identifier, to QV. QV matched these addresses to its list of those records still in
the study cohort (31,401 treatment dwellings and 261,969 control dwellings).
We were then able to identify cohort dwellings that could not be matched with at least
one NHI record. This resulted in the exclusion of 1,492 treatment group dwellings and
26,724 control group dwellings. Removing these dwellings resulted in the further
removal of 164 treatment group dwellings, that no longer had at least one matched
control group dwelling, and 9,318 control group dwellings that no longer had a
matched treatment dwelling.
Once the study cohort of 29,745 treatment and 225,927 control addresses were
identified QV returned this list to the Ministry of Health, who then provided the
Group with NHI-based demographic data, NMDS data, and prescription dispensation
data for the period Jan 2008 – Dec 2010 for all individuals identified as occupying a
cohort dwelling as at October 2010. The 29,745 treatment homes were linked with
110,360 individual occupants and the 225,927 control homes were linked with 863,350
individual occupants.
Hospitalisation and prescription use data were gathered from Jan 2008 despite the fact
that WUNZ:HS began on the 1st of July 2009 in order to provide pre-test data for
participants, as per the quasi-experimental study design described at the start of this
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chapter. Table 5 presents a brief description of the data provided. Each dataset is
described in much greater depth in subsequent subsections of this Chapter.
Table 5. Administrative health data
Description
The NHI database contains demographic information about every person in New
Zealand who has received health or disability services. Each person is assigned a
unique encrypted NHI number.
NHI data
Demographic data provided: date of birth, date of death (if applicable), ethnicity
variables, sex, and residency status.
The NMDS database includes details of every public hospital admission in New
Zealand. Patients are identified by their NHI number.
NMDS data
NMDS data provided: details of hospitalisation events for each cohort member
including ICD codes and cost information.
The Pharms database compiles all of the claims made by pharmacists for
reimbursement following the dispensation of a prescription subsidised by the New
Pharms data

Zealand government agency PHARMAC. Individuals are identified by their NHI
number.
Pharms data provided: pharmaceutical product codes and cost details.

3.2.2. The MED extension
The MED funded an additional analysis of the health impacts of WUNZ:HS. This
analysis required the obtaining of an additional years’ worth of NHI, NMDS and
Pharms data for cohort members (so data were now held for the period 1st of Jan 2008 –
31st Dec 2011). It was also necessary to obtain EECA records for the period 1st of Dec
2010- 31st of Dec 2011 in order to identify control addresses that were no longer suitable
due to having participated in the programme and to identify any further retrofits
carried out for treatment addresses.
EECA provided 53,433 distinct addresses that had received retrofits. These addresses
were matched by QV with their own dataset; 32,703 could be suitably matched, a 61%
match rate. After various data cleaning processes 32,483 unique usable home records
with accurate QV identifiers were identified.
I matched these 32,483 QV identified records with the cohort of 255,672 homes. I found
that 8,193 control group homes had received treatment thus making them ineligible for
continued inclusion in the study. This in turn meant that the 29,513 individuals
occupying these homes were no longer eligible and were removed from the study.
Removal of these 8,193 control homes also left 35 treatment homes without at least one

32

matched control home. Dropping these 35 treatment homes mean removing a further
138 treatment individuals from the cohort.
The new cohort contained 247,444 homes and 944,059 occupants. Finally a test was run
matching newly acquired NHI demographic data (July 2012) with the original NHI
data. I compared demographic data for the 944,059 individuals remaining in the study.
Initial observation of the data revealed a slight discrepancy in variables such as date of
birth, sex and ethnicity. Contact with the Ministry of Health (MoH) confirmed that
very minor discrepancies in the data are a natural artefact of the processes whereby the
NHI dataset is updated (discussed further in Subsection 3.2.2.6.). Individual contact
with hospitals and regular electronic “sweeps” of primary health databases are
opportunities for newer data to replace previously held data and for data entry errors
and mistakes to enter the system (and for inaccuracies to be corrected). Although it
would not be possible to assess whether the original demographic data, or the more
recently supplied data, were more accurate, it was necessary to formulate rules for the
degree of discrepancy that seemed acceptable before an individual had to be removed
from the cohort (i.e. seemed likely to be from a different individual).
Sex seemed too important to accept a mismatch. Therefore I removed 288 individuals
who were mismatched on sex (having confirmed that the “sex” field in NHI records
would not be likely to change following gender reassignment surgery). Date of birth
matching was more difficult, it being easy to imagine a single typing error which could
lead to a mismatch. After consultation with MoH staff, I established a protocol for date
of birth matching. I removed individuals, if date of birth in the two records differed by
more than five years. I also removed individuals, if more than one field (day, month, or
year) did not match the original; 382 further individuals were dropped using this
method (9 having already been dropped due to sex mismatch) (Preval 2012).
Ethnicity is a more complex variable (evidenced by a higher percentage of mismatches
in the NHI data presented in Table 6) with numerous coding options and more
potential variability in the way that individuals may self-identify over time and thus
potential for the variable to differ (see Section 3.2 for further discussion). After
consultation with the MoH I concluded that it would be too difficult to formulate a
meaningful matching rule for this variable and thus did not remove any cohort
members due to discrepancies (Preval 2012). This left the cohort at 943,389 individuals
from 247,413 homes. Table 6 sets out the matching process.
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Table 6. Matching based on MoH demographic data
Date of birth

Birth protocol

Sex

Ethnicity

Match

941,939 (99.78%)

943,668 (99.96%)

943,771 (99.97%)

917,047 (97.14%)

Don’t match

2,120 (0.22%)

391 (0.04%)

288 (0.03%)

27,012 (2.86%)

Total

944,059

944,059

944,059

944,059

(Preval 2012)
Finally, I tested whether these removals left any homes “empty” and thus any
treatment homes without an occupied matched control home or vice versa. Twenty
four control homes with 61 occupants were dropped from the study due to their
matched treatment home now having no occupants and 1 treatment home with 5
occupants had to be dropped from the study, because it had no matched occupied
controls (Preval 2012).
The adjusted cohort was 943,323 individuals from 247,388 homes, of whom 110,048
individuals were in 29,706 treated homes and the remainder were in control homes.
This cohort was the basis for the analysis presented in Preval (2012) and is the starting
point for this thesis.
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3.2.3. Data summary
The data gathering process described in Subsections 3.1.1-3.1.2 is summarised in Figure
1 below. Section 3.2 includes descriptions of each data source and key variables.
Appendix 2 contains a full summary of every variable collected including source and a
brief description.
Figure 1. Dataset creation
CONTROL DWELLINGS (d)/
INDIVIDUALS(i)

TREATMENT DWELLINGS (d)/ INDIVIDUALS (i)
Excluded

Remaining

Remaining

Excluded

EECA PROVIDE INITIAL ADDRESSES
EECA data d=46,655
dwellings
H&HRP REMOVE PERSONAL DATA AND PROVIDE TO QV, QV MATCH TO QV DATA


↓
Matched to QV data
d=37,163 dwellings

Unmatched d=9,492

QV IDENTIFY CONTROL DWELLINGS

No control identifiable
d=5,740

↓
Treated dwellings
d=31,423


Control
dwellings
d=269,110

EECA IDENTIFY CONTROLS TREATED AFTER MAY 2010 (7,141)

No remaining control
d=22

↓

↓

Treated dwellings
d=31,401

Control
dwellings
d=261,969


Treated after May
2010 d=7,141

MOH PROVIDE UNIQUELY IDENTIFIED NHI DATA TO QV, QV MATCH TO COHORT ADDRESSES


↓
Treated dwellings
matched to at least one
"occupant" d=29,909
n=110,918

No identified occupants
d=1,492

↓
Control dwellings
matched to at least
one "occupant"
d=235,245 n=893,169


No identified
occupants d= 26,724

REMOVED TREATMENT DWELLINGS WITH NO MATCH CONTROLS AND CONTROL DWELLINGS WITH NO
TREATMENTS


↓

↓



"Occupied" dwellings
"Occupied" and
No "occupied"
No "occupied" controls
with "occupied"
matched to an
treatments d= 9,318
d=164 n=558
controls d=29,745
"occupied" treatment
n= 29,819
n=110,360
d= 225,927 n= 863,350
COHORT UNIQUE IDENTIFIERS RETURNED: MOH PROVIDE HOSPITALISATION AND PHARMACEUTICAL
DATA FOR ORIGINAL COHORT (Jan 2008 - Dec 2010)
↓

↓

d= 225,927 n=
d=29,745 n=110,360
863,350
MED EXTENSION COHORT CONSTRUCTION BEGINS: EECA PROVIDES DATA ON HOMES TREATED
BETWEEN DEC 2010 AND DEC 2011: 8,193 CONTROLS NOW INELIGIBLE
↓

↓

d=29,745 n=110,360

d=217,734
n=833,837


d=8,193 n=29,513

REMOVE "ORPHANED TREATMENT ADDRESSES


↓

↓

d=217,734
d=35 n=138
d=29,710 n=110,222
n=833,837
MOH PROVIDES ADDITIONAL NHI, NMDS AND PHARMS DATA: MATCHING ISSUES WITH NHI DATA LED
TO DROPPING 670 INDIVIDUALS


↓

↓



d=217,706
d=3 n=69
d=29,707 n=110,153
d=28 n=601
n=833,236
REMOVE ORPHANED ADDRESSES AND INDIVIDUALS: MED EXTENSION COHORT DEFINED

d=1 n= 5

↓

↓

d=29,706 n=110,148

d=217,682 n=
833,175

35


d= 24 n= 61

3.3. Dataset description
This section describes the datasets and key variables that were used for the evaluation
of the health effects of WUNZ:HS presented in Telfar Barnard, Preval et al. (2011) and
Preval (2012)which form the basis of this thesis. Following the various matching and
data gathering processes described in Section 3.2 the following data were held for each
individual/household –NHI data (demographics), NMDS data, Pharms data, QV data
(home characteristics, location etc.), and EECA data (work done, Community Services
Card status etc. (treatment group only)).
Where possible 2006 Census data are provided as a comparator in order to address
issues of generalisability. One concern about using Census data to provide such policy
context is that the treatment group (and possibly the control group given matching
process is likely to select households with similar tenure given the many physical
similarities matched on such as location) has a higher proportion of home-owning
households than the Census population, which is problematic because individuals
from home-owning households are likely to be significantly different than those from
non-home-owning households in terms of socioeconomic status, due to affordability
issues (Law and Meehan 2013).
Census tenure data are available at a household level. Household level Census tenure
data shows that in 2006 approximately 62% of households occupied dwellings that
they either owned or partially owned or were held by their family’s family trust/s. By
contrast 88.72% of treatment group households occupied homes that were designated
“non-rental” according to EECA’s data on treatment group homes. It would be
informative to compare the makeup of the treatment and control groups for values
such as ethnicity, sex and age with Census data stratified by tenure, however it is not
possible to link household level Census tenure data with individual level data using
publicly available datasets.
3.3.1. NHI
The National Health Index number (NHI number) is a unique combination of letters
and numbers that is assigned to each person using health and disability support
services, typically at birth (records for new-borns are submitted by hospitals and
midwives). The National Health Index (NHI) contains the name, address, date of birth,
sex, NZ resident status, ethnicity and date of death (if applicable) and various medical
warning flags and donor information for each person with an NHI number (MoH
2012b).
The NHI has many functions: “…individuals can be positively and uniquely identified
for the purposes of treatment and care, and for maintaining medical records. This
means that healthcare providers can be sure that they are talking about the same
person, thereby reducing the chance of making a clinical decision based on wrong
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information”(MoH 2012b). Patient identification is particularly important in a mobile
society such as New Zealand (Morrison and Nissen 2010), where individuals may often
change primary or secondary healthcare providers. NHI numbers link several datasets
including the NMDS and Pharms datasets used in this thesis.
NHI data for individuals is regularly updated as a result of individual contact with
health services. Public hospital admissions and primary healthcare records (e.g. GP
records) are opportunities for patient information to be recorded; these data will then
be used to update the NHI when hospitals provide details of admissions to the MoH or
the MoH carries out one of its regular electronic “sweeps” of primary healthcare
databases. The majority of fields such as sex and birthdate would not be expected to
change; however the address field is likely to change often, reflecting the highly mobile
nature of New Zealand society (Morrison and Nissen 2010).
As discussed in Section 3.1 each update has the potential to introduce inaccuracies (or
to correct previous errors). In addition, internal MoH algorithms regularly resolve
issues with multiple NHIs assigned to a single individual by assigning primary status
to one of the NHI numbers, while multiple individuals may attempt to use the same
name in order to access healthcare (for example non-residents using the identity of a
friend or family member) which may lead to data discrepancies.
The WUNZ:HS evaluation was designed based on the potential to link NHI records
with QV data using the address field, however, as dictated by the anonymity
preserving study design, the Group was not provided with NHI addresses. QV data,
discussed later in this Section, includes mesh-block level address data for each cohort
home, which provides sufficient detail to model any location-related factors such as
external temperature or socio-economic status of neighbourhood while maintaining
anonymity.
The key NHI fields available for analysis are date or birth, ethnicity, sex and date of
death. We can also derive a field called “number_of_occupants” based on the number
of records supplied for each treatment and control address.

37

3.3.1.1. Age
Age is defined in the dataset simply by making a calculation based on date of birth, a
variable supplied in the NHI. Each individual contributes 48 rows of data for the 48
months of the study, Jan 2008 – Dec 2011. Each of these rows contains an age variable
calculated based on date on birth. A person will age on the month that contains their
birthday i.e. a person who turns 30 on the 29th of June 2009 will be recorded as being
aged 30 in their June 2009 row. Prior to birth a person’s age is recorded as “.” and
between birth and the month in which their first birthday takes place their age is
recorded as “0”.
It is useful to compare the age structures of the treatment and control groups and that
of the New Zealand population (as per the 2006 Census). Comparison of the treatment
and control groups naturally informs modelling as differences in age structure can be
expected to be a potential confounder given the vulnerability of very young and
elderly people to respiratory ailments and of the elderly to cardiovascular ailments.
Comparison with the New Zealand population is important for purposes of
generalisation.
Before these comparisons were made an initial visual analysis of cohort age data
indicated that there were a number of implausible ages in the cohort data, such as 125.
This suggested that an initial “cull” would be useful, and also raised concerns about
the reliability of the birthdate field. Although age data available from the 2006 Census
are not easily available divided into an over 100 category, according to Statistics New
Zealand “[a]s of 2011, there are likely to be 400–500 centenarians currently living in
New Zealand. Of these, fewer than 40 would be aged 105 years or over”(Statistics New
Zealand 2011). By contrast the cohort contained 6,185 individuals aged 100 or more
(0.72% of the treatment group and 0.67% of the control group) and 3,753 individuals
over 105 as at January 2008, the first month of the Study: this clearly suggests that the
birthdate records of many of these individuals are not reliable. I chose to remove
cohort members who were aged 101 or older as of January 2008: while some of these
records would be valid it was not clear that such a removal would introduce bias, and
indeed there was little impact on the key result of the original reports and of this thesis,
the changes in hazard ratios for mortality presented in Chapter Eight.
Removal of these individuals also led to the removal of 363 individuals from 104
homes that no longer had an occupied matched treatment or control home. Figure 2
details the removals:
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Figure 2: Removal of people aged 101 or more as at Jan 2008
INITIAL COHORT
TREATMENT DWELLINGS (d)/ INDIVIDUALS (i)
Excluded

CONTROL DWELLINGS (d)/ INDIVIDUALS(i)

Remaining

Remaining

d=29,706
n=110,148

Excluded

d=217,734
n=833,175

DROPPED 5,771 INDIVIDUALS WHO WERE AGED 101 OR MORE AS AT JANUARY 2008

d=18 n=711

↓

↓

d=29,688
n=109,437

d=217,544
n=828,115

d=138 n= 5,060

REMOVE ORPHANED ADDRESSES AND INDIVIDUALS

d=1 n=4

↓

↓

d=29,687
n=109,433

d=217,441
n= 827,756


d=103 n=359

Having removed these individuals it is now possible to compare the age structure of
the treatment group and control group on January 2008 (looking at those who were
alive at this time) and the New Zealand population (as at the 2006 Census). Table 7 sets
out the comparison:
Table 7: Age structure of treatment group and control group as at Jan 2008 and 2006 Census
Population
Treatment

Control

Census 2006

Age group

N

%

n

%

n

%

0-4 years

8,493

8.07%

58,241

7.27%

275,034

6.80%

5-14 years

13,095

12.45%

110,549

13.80%

592,365

14.70%

15-24 years

12,517

11.90%

117,550

14.67%

570,960

14.20%

25-44 years

32,409

30.81%

248,900

31.07%

1,133,739

28.20%

45-59 years

17,769

16.89%

152,996

19.10%

779,226

19.40%

60+ years

20,914

19.88%

112,941

14.10%

671,718

16.70%

Total

105,197

100.00%

801,177

100.00%

4,023,042

100.00%

Figure 3: Age structure of treatment and control group as at 2008 and 2006 Census population
35.00%
30.00%
25.00%
20.00%
15.00%
10.00%
5.00%
0.00%

Treatment
Control
Census
0-4
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5-14
years

15-24
years

25-44
years

45-59
years

60+
years

The key point of interest in the above table and graph is that the treatment group has a
larger proportion of people aged 60 years and older than both the control group and
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the Census population. Application of the two-sample Wilcoxon rank-sum (MannWhitney) test for trend suggests that there is a difference in the age distribution of the
treatment and control groups that is highly statistically significant
(Z=-28.956, p >|Z| =0.000). It is unsurprising that a statistically significant result was
found given the very large numbers involved. Older people may be disproportionately
represented because they prioritise warmth and were more likely to have access to
capital under the policy settings which underpinned WUNZ:HS and thus were more
likely than the average person to participate in WUNZ:HS, they may also be
disproportionately represented because they were targeted by service providers or
community groups as ideal candidates for WUNZ:HS, finally they may have been
more likely to participate given that they typically have Community Service Cards
which result in higher discounts.
The greater proportion of older people in the treatment group is a potential threat to
the internal validity of the study, even if difference-in-difference-based models can
account for differences in baseline characteristics. One example of how it could
introduce bias is if temperatures were lower in 2008 (the “before” period for all cohort
members) than in 2009, 2010 and 20116. Because hospitalisation for elderly people is
correlated with external temperature (Telfar-Barnard 2010) a model that adjusted for
hospitalisation rates or costs prior to treatment could still show a positive change in
hospitalisation rates or costs even if treatment did not have any impact because the
treatment group would be more affected by the improvement in winter temperatures
on average. Introducing an age variable into models, stratifying by age or
standardising by age would be ways of addressing this concern.
3.3.1.2. Number of occupants
The number of occupants of a given study home is calculated by summing the NHI
records linked to that address as at Oct 2010 (when the NHI data was provided to QV).
In this subsection I look at the number of occupants per home on the first of January
2008. In interpreting these figures it is important to note that of 293,370 cohort address
identified by QV 28,216 had to be dropped because they did not match any NHI
address provided by the MoH. This is like to reflect a combination of address-matching
issues and also the fact that some addresses were not linked to any suitable individual
with an NHI number on Oct 2010. In January 2008 the average number of occupants
was 3.67, with 99% of homes having 12 or fewer occupants. If 28,216 records with 0
occupants are added the mean is reduced to 3.29.
Statistics New Zealand report that the average New Zealand household as at Census
2006 was 2.6. It may not be surprising that the mean is higher for the study cohort, this

In fact average national temperatures appear stable during the four years of the Study based
on NIWA summary data. (https://www.niwa.co.nz/climate/summaries/annual)
6
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is likely to reflect the types of households that participated in WUNZ:HS in terms of
home characteristics, life-stage and household size (the control group was selected by
matching on housing characteristics and many of these characteristics such as physical
size can be assumed to be associated with household size). In particular, apartments
within large apartment complexes could not receive insulation under the programme
(although they might obtain heating retrofits or other retrofits), and typical households
occupying such apartments are plausibly smaller than the national average.
Turning to extreme values, households with over 12 occupants are plausible; however,
as household size increases there is an increasing possibility that the size reflects a
distortion due to the timing of interactions with hospitals or primary healthcare
providers: e.g. people whose last interaction occurred when they were living at the
cohort address but who have since moved (see 3.2.2.6 for a more detailed discussion).
Analysis of data from a study of crowding in Housing New Zealand7 properties
(Baker, Zhang et al. 2006) shows that only 0.1% of properties had more than 12
occupants as opposed to 0.9% in the current study. Housing New Zealand tenants are
likely to be different in many ways from the study cohort and thus more likely to
experience overcrowding given the association between poverty and overcrowding, on
the other hand the data from Baker, Zhang et al. were based on official figures and did
not include occupants that Housing New Zealand was not aware of.
It is difficult to assess what a plausible maximum number of occupants is, but values
such as 205 (the largest number of occupants linked to a cohort address) clearly reflect
a number of unsuitable possibilities: the address may be a boarding house, apartment
complex, halfway house or a retirement home: if so it seems likely that something
problematic took place at the matching stage i.e. conflation of a single room or
apartment with the entire building in either the NHI data or the QV data. In order to
avoid the introduction of a great deal of statistical noise I excluded 860 addresses that
had more than 15 occupants as at January 2008. Removing these addresses had the
following consequences, set out in Figure 3:

Housing New Zealand is a Crown agent that provides housing services for vulnerable New
Zealanders
7
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Figure 4: Removal of households that had 16 or more occupants as at Jan 2008

INITIAL COHORT
TREATMENT DWELLINGS (d)/ INDIVIDUALS (i)
Excluded

Remaining
d=29,687
n=109,433

CONTROL DWELLINGS (d)/ INDIVIDUALS(i)
Remaining

Excluded

d=217,441
n=827,756

DROPPED 860 HOUSEHOLDS THAT HAD 16 OR MORE OCCUPANTS AS AT JANUARY 2008

d=71
n= 1,643

↓

↓

d=29,616
n=107,790

d=216,652
n= 811,514


d=789
n= 16,242

REMOVED ORPHANED ADDRESSES AND INDIVIDUALS

d=9
n=52

↓

↓

d= 29,607
n= 107,738

d= 216,171
n= 808,766


d=481
n=2748

3.3.1.3. Ethnicity
There are two potential sources of ethnicity data.
The first is the NHI dataset and the second is the NMDS dataset discussed in Section
3.2.3. The available NHI data includes four ethnicity fields, the first three ethnicity
fields (ethnicg1- ethnicg3) record coded ethnicity, with ethnicg1 mandatory, and the
second two fields opportunities to record additional ethnic groups. The final field
ethnicgp represents the result of a prioritised ethnicity process. Under prioritised
ethnicity an individual is coded Māori (21) if any ethnicity column is coded Māori;
Pacific (30-39) if any column is coded Pacific and none are Māori; Asian (40-49) if any
column is coded Asian and none are Māori or Pacific; Other (not 11 and not 21, 30-30 or
40-49) if any column is not NZ European (11) and none are Māori, Pacific or Asian; and
NZ European if the only column with data is NZ European.
The second source of ethnicity data is the NMDS. The NMDS dataset also contains the
four field ethnicity structure described above.
Prioritised ethnicity is a controversial approach. Utilised by Statistics New Zealand in
its analysis of Census data from 1991 to 2001 prioritised ethnicity was favoured,
because it enabled the analysis to:
(a) be consistent with Recommendation 4 of the report of the Review Committee on
Ethnic Statistics;
(b) be consistent with the definition of Māori found in the Māori Affairs Amendment
Act 1974 and the Electoral Amendment Act 1980 (“a person of the Māori race of New
Zealand, and includes any descendant of such a person”);
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(c) ensure that important but numerically small groups are not submerged in the
dominant majority; and
(d) ensure that groups (such as Māori and Pacific Island groups) about whom policy
decisions are commonly made, requiring information to inform those decisions, and
which have in the past been shown statistically to be disadvantaged in some way,
continue to be identified for monitoring purposes”
Department of Statistics (1993) quoted in Cormack and Robson (2010) p 14.
Considered problematic, prioritised ethnicity was officially replaced in 2005 with “total
count” and “single and combined response” measures (Cormack and Robson 2010),
although it has remained in use. Statistics NZ moved away from prioritised ethnicity,
because it imposed a categorisation on individuals that was not always consistent with
self-identified ethnicity (which includes multiple-ethnicities and/or personal “ranking”
of ethnicity) and because it resulted in the under-counting of Pacific Islanders who also
identified as Māori (Cormack and Robson 2010).
While acknowledging these concerns this thesis takes a prioritised approach because it
allows for the creation of an exclusive baseline denominator (unlike the “total
ethnicity” approach) and utilises ethnicity categories that are likely to be of interest
from a policy perspective (unlike the “single and combined response” approach).
Following the approach taken in (Telfar Barnard, Preval et al. 2011) I have used an
“ever” approach to utilising ethnicity data. Essentially a variant of the prioritised
ethnicity approach described above, this thesis creates a categorical ethnicity variable
ethn for each individual: Other (0), Māori (1), Pacific Islander (2) and Asian (3).
Individuals are coded Māori if they were coded 21 in either dataset, coded Pacific if
they were coded 30-39 in either dataset and not coded 21 in either dataset, coded Asian
if they were coded 40-49 in either dataset and not 21 or 30-39 in either dataset, and
finally Other if not coded Māori, Pacific or Asian. Combining NZ European and nonNZ European Other into a single field is useful because non-NZ European Other is too
small a field to be statistically useful and not generally of interest from a policy
perspective.
Table 8 sets out the comparison of ethnicity as at Jan 2008 (chosen because this date is
closest to the 2006 Census) and naturally excludes cohort individuals who were not
born at this time:
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Table 8: Ethnic composition of treatment group and control group as at Jan 2008 and 2006
Census Population
Treatment

Control

Census

N

%

N

%

N

%

Other (0)

81,089

78.31%

590,176

75.40%

2,727,717

70.66%

Māori (1)

10,753

10.38%

97,560

12.46%

565,347

14.65%

Pacific (2)

4,495

4.34%

43,653

5.58%

226,275

5.86%

Asian (3)

7,211

6.96%

51,313

6.56%

340,800

8.83%

Total

103,548

100.00%

782,702

100.00%

3,860,139

100.00%

There is a higher proportion of Other in the both the treatment group and control
group relative to the Census population. This greater proportion appears to have been
made up with a reduction in the proportion of Māori and Asian people and a smaller
drop in the proportion of Pacific Islanders. It seems likely that some of the difference
between the treatment and control group and the Census population is driven by the
high proportion of home-ownership in the treatment group (and thus to some extent in
the control group given that home ownership is likely correlated with location, housetype etc.) given that home ownership is correlated with socioeconomic status and
socio-economic status is correlated with ethnicity. For example, research has shown
that Pacific Island people (with lower socioeconomic status on average) have lower
rates of home-ownership (Grimes and Young 2009).
Comparison of the treatment and control group suggest small but meaningful
differences which could potentially have an impact on internal validity such as slightly
lower proportions of Māori and Pacific Islanders in the treatment group. As with age,
this difference could introduce bias if conditions which have an impact on ethnic
groups differentially change over the course of the study (for example changes in
unemployment rates), even when a difference in difference approach is used.
Including the “ethn” variable in models, stratifying by ethn or standardizing by ethn
would be ways of addressing such concerns.
3.3.1.4. Sex
Sex in the NHI refers to biological sex, rather than gender, which is described as a
person's social role (masculine or feminine) (MoH 2009b). Sex in the NHI may be
categorised as male, female, unknown or indeterminate.
Table 9 sets out the sex variable in the treatment and control groups and in the Census
population.
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Table 9: Sex composition of treatment group and control group as at Jan 2008 and 2006
Census Population
Treatment

Control

Census

N

%

N

%

N

%

Male

49,258

47.57%

384,776

49.16%

1965621

48.80%

Female

54,234

52.38%

397,435

50.78%

2062338

51.20%

Unknown

56

0.05%

491

0.06%

Indeterminate

0

0.00%

0

0.00%

Total

103,548

100.00%

782,702

100.00%

4,027,959

100%

As might be predicted there is little systematic difference between the treatment and
control groups and the Census with regard to sex distribution. This is not surprising
given that household composition by sex is unlikely to be influenced by factors such as
tenure. If is worth noting that the Census data do not include the NHI defined
categories Unknown and Indeterminate.
The slight differences in sex distribution between the treatment and control groups
could possibly introduce some bias even in difference-in-difference-based models as
there is a correlation between sex and risk of certain relevant conditions including
cardio-vascular conditions (and thus likelihood of cardiovascular-related
hospitalisations, pharmaceutical use and mortality) which could also be correlated
with factors that vary over the course of the study such as external winter
temperatures. As with age and ethnicity this could be addressed by including “sex” in
models, stratifying by sex or standardizing by sex.
3.3.1.5. All causes mortality
Date of death is naturally important for any mortality-rate-related calculations. It is
also important for establishing the exposure of cohort members. The NHI data includes
a date of death variable. This variable is sourced from the Office of Births, Deaths and
Marriages (MoH 2009b). According to the Department of Internal Affairs website “[t]he
funeral director or person responsible for the burial or cremation of the body, or their authorised
agent, must notify Births, Deaths and Marriages of the death within three working days of the
burial or cremation” (Department of Internal Affairs 2013). Assuming this information is
accurate, given that NHI data was collected in mid-2012 (for the second time) it seems
likely that the date of death field should be reliable with regard to deaths during the
Study period of Jan 2008 – Dec 2011.
One of the major limitations of NHI mortality data is that there is no inclusion of cause
of death. Cause of death is recorded in the Mortality Collection, a separate NHI linked
dataset maintained by the Ministry of Health, and coded using standard ICD-10 coding
in up to seven fields (MoH 2009a), however when the WUNZ:HS evaluation was first
designed it was decided not to attempt to obtain Mortality Collection data due to an
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anecdotal “lag” of up to two years before deaths are recorded. Such differences would
have made the data of limited use, with the possibility of regional or ethnic differences
in reporting lag an additional concern. Further concerns with regard to the Mortality
Collection included uncertainty about the accuracy of its cause of death fields, with
some evidence suggesting that typically only a single cause of death is recorded which
is problematic if the final cause of death differs from the underlying cause, or if there
are multiple causes. Although the Mortality Collection data has some limitations one of
its benefits would be to exclude accidents: a source of statistical noise that analysis
based on the NHI date-of-death field must contend with. Accident rates are unlikely to
be influenced by the intervention, particularly traffic accidents, which compromise a
large proportion of accident mortality.
During the latter part of this thesis careful consideration was given to the value of
attempting to obtain the Mortality Collection data. The difficulties discussed above,
when combined with greater ethical hurdles due to the specificity of mortality data,
which when linked with Census Area Unit data available for the cohort could risk the
anonymity of cohort members, led me to choose not to try and obtain Mortality
Collection data.
3.3.1.6. Accuracy of NHI address field
As described in Section 3.1, the cohort was created by linking the NHI address of each
NHI individual with the EECA treated addresses and matched control group
addresses identified by QV. Linking the NHI addresses of all NHI individuals as at Oct
2010 with the QV dataset was the basis of the study design described in Section 3.1.
There are reasons to be concerned about the accuracy of NHI addresses on a given
date, given that the field is updated through contact with health services and many
people access health services infrequently. This concern is magnified by the fact that
New Zealanders are particularly residentially mobile (Morrison and Nissen 2010).
However, given the high proportion of non-renters in the treatment group (88.72%) we
can expect them to be less mobile than the general population (Housing New Zealand
Corporation 2005, Richards 2007), and the investment that typically accompanies
participation in the WUNZ:HS programme suggests some commitment to remaining in
a single location. These considerations do not apply to control group members to the
same extent although having been selected from the same Census Area Unit as their
matched treatment houses may make them more likely to be homeowners because they
may live in areas with high proportions of home-owners.
It is very difficult to assess the accuracy of the NHI address field at a given date given
the large numbers involved which would preclude survey and the absence of a
comparable dataset (personal communication, MoH official, 2010). In the case of this
thesis, however, one potentially useful measure of the accuracy of the NHI address
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field over the period of the Study does exist. This is the “Domicile Code” field of the
NMDS dataset discussed later in Section 3.2.3. Domicile Codes are based on the 1991
and 1996 Census Area Units (CAUs) and are assigned to each hospitalisation record
based on the patient’s usual residential address provided at the time of hospitalisation.
It is possible to compare the Domicile Codes assigned at hospitalisation with the
Domicile Code that matches the 2006 CAUs that were provided for each cohort address
by Quotable Value. Unfortunately, this comparison may be of limited value given that
it will not capture changes within CAUs, however any differences by group may be
instructive. Table 10 sets out the quality of match over time, by treatment group, by
ethnicity, by sex and by age-group (as at October 2010).
Table 10: Proportion of NMDS records that are mismatched based on comparison of NMDS
Domicile Code and QV matched Domicile Code by year, treatment group, ethnicity, sex and
age-group
Mismatch

Category
Year
2008

2009

2010

2011

N

69.11%

81.67%

89.76%

75.95%

Y

30.89%

18.33%

10.24%

24.05%

100%

100%

100%

1100%

Group
Treatment

Control

N

82.72%

78.78%

Y

17.28%

21.22%

100%

100%

Ethnicity
Other

Māori

Pacific

Asian

N

81.28%

73.47%

77.08%

78.88%

Y

18.72%

26.53%

22.92%

21.12%

100%

100%

100%

100%

Age-group
0-4

5-14

15-29

30-44

45-59

60+

N

75.6%

79.32%

64.24%

75.45%

82.68%

88.5%

Y

24.4%

20.68%

35.76%

24.55%

17.32%

11.5%

100%

100%

100%

100%

100%

100%

Table 10 shows that there is a higher proportion of mismatches for years further from
2010, the year in which NHI address data were provided, which seems entirely
consistent with what would be predicted given residential mobility over time. This is
concerning because the 2008 time period makes up a reasonable proportion of the
before period for most cohort members.
The greater proportion of mismatched control group hospitalisations suggests, as
hypothesised, that the treatment group is slightly less residentially mobile than the
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control group. If the degree of mismatch had been material, this would have been
concerning, as residential mobility may be a marker for other
unobserved/unobservable differences between the two groups, and is relevant for
consideration of the success of the matching process in producing comparable cohorts.
There are higher proportions of mismatched addresses for Māori than other ethnicities
which is consistent with lower rates of home-ownership (which is related to residential
mobility). It is interesting to note that the proportion of mismatched hospitalisation
records lowers for those aged 45-59 and 60+, presumably reflecting reduced residential
mobility due to home-ownership, settled life-stage etc. This result is reassuring given
that a reduction in cardio-vascular hospitalisation and mortality for older people (the
group primarily at risk) is one of the plausible outcomes for the WUNZ:HS
programme, however it is a concern that there is a high mismatch rate for younger
people, particularly those aged 0-4 who are particularly vulnerable to respiratory
ailments.
It is not clear how to deal with mismatched hospitalisation address records. While it is
important to note that we expect that individuals who move will be replaced by similar
individuals in terms of average health characteristics, intuitively it makes sense to
remove individuals with such records from the study, or to exclude from analysis the
periods in which their address records are shown not to be consistent, because while
including such records would not create an obvious systematic bias removing them
could reduce statistical noise. However, on reflection this would introduce a
problematic distortion to the analysis of cost data, because no such filter has been
applied to non-hospitalised individuals: this could reduce the estimated difference in
average hospitalisation costs for treatment and control groups post-intervention, a very
problematic outcome for a cost-based analysis. Therefore, I have included the
individuals who have mismatched hospitalisation address records in the analysis while
accepting that this will introduce statistical noise.
3.3.2. NMDS data
The NMDS is a database of hospitalisation events that occur in New Zealand. Records
of hospitalisation discharges at public hospitals are provided electronically to the
Ministry of Health within 21 days of discharge, as are public-funded events such as
birth or geriatric care at private hospitals (MoH 2010). The NMDS also contains some
information about privately funded hospitalisations/ hospitalisation events (MoH
2010). NMDS data are available for each cohort member for the period Jan 2008 – Dec
2011 and includes ICD-10 coded diagnostic categories, detailed cost data and other
relevant information.
In order to use NMDS data to explore the impact of WUNZ:HS on hospitalisation costs
it is necessary to identify hospitalisations that might conceivably be affected by
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insulation and/ or improved space heating. This process is described in the following
subsection.
3.3.2.1. Hospitalisation categories and exclusions
The NMDS contains a number of hospitalisation types that can safely be excluded from
this analysis. Firstly, there is strong reason to exclude hospitalisations at private
hospitals that are not publicly funded, because such events typically have a lag in
reporting which means that the data will be incomplete if collected soon after the
events occur; in addition reporting may vary by hospital. Fortunately, privately funded
events only make up a small proportion of events (approximately 6.4% in 2009/2010)
(MoH 2012a). This exclusion was carried out as part of the WUNZ:HS evaluation study
design; private hospitalisations were not provided to the Group.
Secondly, there are a large range of hospitalisation costs that are associated with birth
that can safely be assumed to have very little to do with the WUNZ:HS programme
and should be excluded since birth rates will be driven by events nine months earlier.
Using the field “diag01” which is the primary diagnosis, we can exclude events that are
clearly birth-related. Diagnostic fields in the NMDS are coded using standard ICD-10
codes8. Events with a primary diagnosis code beginning with ”O” (ICD-10 Chapter
Fifteen (Pregnancy, childbirth and the perineum)), “P” (ICD-10 Chapter Sixteen
(Certain conditions originating in the perinatal period)) or “Q” (ICD-10 Chapter
Seventeen (Congenital malformations, deformations and chromosomal abnormalities))
can be eliminated. In addition there is a separate event type field which codes birth
events as “BT”, these events can also be eliminated (Telfar Barnard, Preval et al. 2011).
Thirdly, waiting list admissions, coded in the admission type field as “WN” are
excluded. Waiting list admissions are typically related to chronic conditions that are
not subject to change over time (Telfar Barnard, Preval et al. 2011). As such, including
such admissions would be at the very least a source of statistical noise. However, more
concerning is the possibility that chronic conditions that lead to waiting list
hospitalisations might also make a person particularly likely to be identified as a
suitable candidate for WUNZ:HS. If so, regression to the mean effects might
systematically bias analysis, making WUNZ:HS appear to reduce hospitalisation costs
depending on the relative timing of hospitalisation and WUNZ:HS participation
(Telfar Barnard, Preval et al. 2011).
Other exclusions include hospitalisations coded “N” in the New Zealand resident
indicator field because non-New Zealand residents can be considered too different
from the rest of the study cohort and less likely to have occupied the study address

ICD-10 is a worldwide standard for classifying and coding diseases and health problems
(WHO 2014).
8
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during the entire period of the study; removing these hospitalisations can be expected
to reduce statistical noise.
Accidents are an interesting category: an a priori plausible link could be made between
changes in some categories of accidents and indoor temperatures: perhaps vulnerable
individuals are more physically coordinated at higher temperatures and thus less
likely to fall? In this thesis, this small possibility had to be weighed against the lack of
data available on the location of events and the large proportion of accidents that are
unlikely to have any link with indoor conditions: as such, admissions that had the
purchaser code “A0” indicating that the Accident Compensation Corporation of New
Zealand was the principal health service purchaser (MoH 2009b) have been excluded
from analysis.
Finally, it is useful to exclude the majority of admissions with a primary diagnosis code
beginning with “Z” (ICD-10 Chapter Twenty-One (Factors influencing health status
and contact with health services)). This Chapter primarily consists of hospitalisation
events linked to conditions that do not change or that are unlikely to be linked to
housing (Telfar Barnard, Preval et al. 2011), however there are a number of ICD-10
Chapter Twenty-One 21 categories that are relevant from a cost perspective such as
cardiac rehabilitation (Z50.0), post-surgery convalescence (Z54.0), and other and
unspecified convalescences (Z54.8 and Z54.9). Hospitalisation events with these
primary diagnosis codes are included in the analysis. Other types of convalescence
such as post chemotherapy convalescence are excluded.
Possible exclusions were transfers (between or within hospitals) coded as “T” in the
admission source field and readmissions (defined as another admission with the same
primary diagnosis code within a defined period such as 30 days): analysis that focused
on rates of hospitalisation would typically exclude such events as not being new
events, however a cost-based analysis does not need to make this distinction: transfers
and readmissions contribute to costs and should not be excluded. Table 11 sets out the
key exclusions:
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Table 11: Key Hospitalisation Exclusions
Category

Coding

Reason for exclusion

Birth events
Non-New Zealand
residents

Event type=”BT”
New Zealand resident
indicator=”N”

Not adverse health events

ICD-10 Chapter Fifteen
(Pregnancy, childbirth and
the perineum)

Clinical code starting with
“O”

ICD-10 Chapter Sixteen
(Certain conditions
originating in the perinatal
period)

Clinical code starting with
“P”

ICD-10 Chapter Seventeen
(Congenital
malformations,
deformations and
chromosomal
abnormalities)

Clinical code starting with
“Q”

ICD-10 Chapter TwentyOne (Factors influencing
health status and contact
with health services)

Clinical code starting with
“Z” unless “Z50.0”,”Z54.0”,
“Z54.8”,”Z54.9”

Accidents

Purchaser_code “A0”

Not relevant to study
Majority not adverse health
events; distribution of
hospitalisations driven by birth
rate and events nine-months
prior.
Majority non-relevant health
events; distribution of
hospitalisations driven by birth
rate and events nine-months
prior.
Distribution of hospitalisations
driven by birth rate and events
nine-months prior.
Non-relevant health events;
most do not represent conditions
subject to change, others are not
related to conditions likely to be
impacted by WUNZ:HS i.e. post
chemotherapy convalescence
Majority of accidents unlikely to
be associated with indoor
temperature or dampness.

Having identified exclusions it is now useful to discuss key hospitalisation categories.
A natural starting point is total hospitalisations. This category has the benefit of
capturing all of the potential changes in hospitalisation costs resulting from
participation in WUNZ:HS in a single useful measure. It is not ideal however, because
it will naturally include noise from categories that cannot be expected to be influenced
by the WUNZ:HS programme such as cancer-related hospitalisations. Two useful
categories used in the WUNZ:HS evaluation were respiratory hospitalisations (primary
diagnosis code beginning with “J”, ICD 10 Chapter Ten (Diseases of the Respiratory
System)) and circulatory hospitalisations (primary diagnosis code beginning with “I”,
ICD 10 Chapter Nine Diseases of the Circulatory System). These categories capture the
types of hospitalisation most likely to be impacted by WUNZ:HS-related
improvements in indoor temperature and reduced dampness and associated reduction
in allergens discussed in Subsection 2.1.4. Other plausible categories include infectious
disease and mental health-related hospitalisations, however there is much less
evidence for these categories, and inclusion of too many additional categories of
interest may risk charges of data dredging. Table 12 sets out the Hospitalisation
Categories used in this thesis.
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Table 12: Hospitalisation Categories.
Outcome

Description
All hospitalisations other than exclusions (see
above)
ICD-10 Chapter Nine
ICD-10 Chapter Ten

Total hospitalisations
Circulatory illness
Respiratory illness

Adapted from (Telfar Barnard, Preval et al. 2011)

3.2.2.2. Cost variables in the NMDS
Hospitalisation costs are dictated by a number of factors such as the types of
procedures required, complications and length of stay. Each NMDS hospitalisation
event record includes comprehensive information relating to the cost of that event. A
cost weight figure is given for each hospitalisation event: cost weights are calculated by
factoring in DRG code (a categorisation system for severity), length of stay and in some
cases other procedures and technical codes (MoH 2010). The cost weight can then be
multiplied by a standard cost figure for that particular financial year in order to derive
the cost of that hospitalisation.
Although not a cost variable, the length of stay for each hospitalisation, which can be
calculated by the difference in “event start date” and “event end date” variables has
the potential to be used as a starting point for valuing time lost to hospitalisation. This
interesting possibility was not explored in the original WUNZ:HS health evaluations
but is discussed in Chapter Five.
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3.3.2.3. Possible issues for NMDS data
As with any dataset there are potential issues around data entry errors. There is no
obvious reason to think that such errors could introduce systematic bias into this
analysis. There are also possible issues around variation in how events are coded both
over time (including code creep9) and by District Health Board (DHB). It is possible
that such changes might introduce a systematic bias, but the matched cohort and
difference-in-difference design should account for at least some of these potential
distortions, as should the short time frame of four years.
3.3.3. Pharms data
Pharms is a “data warehouse” currently owned and maintained by the Ministry of
Health which records claims by pharmacies for reimbursement for dispensed
pharmaceuticals subsidised by PHARMAC10. When prescriptions are presented at
pharmacies for subsidised items individuals pay a standard co-payment (unless they
meet certain criteria) and details of the prescription are entered into pharmacy
electronic records including NHI details if these have been recorded. When the patient
co-payment does not cover the cost of the prescription for a subsidised item a claim for
reimbursement is sent to the Ministry of Health. Reimbursement claims are recorded in
the Pharms dataset and can be linked via NHI with other Ministry held datasets.
The ability to link Pharms data with changes in home insulation/ heating has a great
deal of potential. A brief literature review suggests that only one housing intervention
study has investigated the impact of improved housing on total pharmaceutical costs,
the Watcombe Study, and this study was limited both by timeframe and also small
study numbers which meant that results might “…. be influenced by one or two heavy
service users whose conditions may have no connection with their housing situation”
(Barton, Basham et al. 2007). Other research including my own (Preval, Chapman et al.
2010) has assessed some pharmaceutical costs, but only a limited subset (asthma
medication). The opportunity to assess the impact of WUNZ:HS on usage of a
comprehensive range of pharmaceuticals for a large cohort is thus unique.

Code creep is a term without a single formal definition, but a useful definition, cited by Seiber
(2006), is “changes in hospital record keeping practices to increase case mix and
reimbursement” (Steinwald and Dummit 1989).
10 PHARMAC is a Crown agency that decides which medicines and related products are
subsidised for use in the community and public hospitals.
9
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3.3.3.1. Pharmaceutical cost data
The Pharms data provided included considerable cost-related data, however several
additional steps were required to fully cost each prescription. As one of my roles
within the Group was to interpret and analyse Pharms data, I will reproduce almost
verbatim the process that I carried out in Telfar Barnard, Preval et al. (2011). The details
of the costing procedure were established using various government sources (New
Zealand Health Information Service 2006 , PHARMAC 2007) and personal
communications (personal communications with Chris Peck (PHARMAC) 2011; Chris
Lewis (MoH) 2011). I later co-authored a technical report with a research pharmacist
based on the processes described below (Foster, Preval et al. 2011). It is important to
note that all costs/prices exclude GST (goods and services tax); from a cost-benefit
perspective taxes represent transfer payments and should be excluded.
The following paragraphs in italics are directly quoted from Telfar Barnard, Preval et
al. (2011) and are my own work. The key fields utilised from the Pharms data provided
were:


HPAC cost ex supplier excluding GST (A): Baseline cost of pharmaceutical dispensed
(for a given dispensation) based on subsidised price listed in Pharmaceutical Schedule
and number of units dispensed.



Retail subsidy excluding GST (B): HPAC cost ex-supplier plus a 4% or 5% retail
mark-up.



Dispensing fee value excluding GST(C): Each dispensation incurs a dispensation fee
which community pharmacies charge the government. More complex or problematic
dispensations (for example requiring special preparation) incur a higher fee.



Patient contribution excluding GST (D): A small fee that patients may pay at time of
dispensation towards the cost of a prescription in some circumstances. The fee does not
apply to some groups including children younger than 6, or to repeat prescriptions.



Reimbursement cost excluding GST (E): This is the total that the government pays to a
community pharmacy for a given dispensation. It is calculated in the following way:
E = B + C -D
In order to calculate the total cost of a given dispensation it is necessary to include both
patient costs and government costs. In addition to the patient contribution described
above, patients must pay for any portion of a given prescription which is not subsidised,
and will typically also be charged a mark-up of 86% by the dispensing pharmacy
including GST, this is a recommended mark-up set out in the Pharmaceutical Schedule
but pharmacies may mark-up as they see fit in line with commercial imperatives: data
are not collected by PHARMAC on such mark-ups (PHARMAC 2007). The majority
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of products subsidised by PHARMAC are fully subsidised and do not require a patient
contribution of this type.
To estimate the non-subsidised portion of a given dispensation I utilised the following
available fields:


Formulation id: A six digit code that serves to identify the active chemical
ingredient in a product, the amount present, and the product type (tablet,
solution, injection).



Price(F): This field contains a generic pack price associated with the relevant
formulation id (e.g. the price of 100 tablets if the product is wholesaled in 100
tablet packs).



Subsidy (G): This field indicates the subsidy that would be paid for a generic
price pack associated with a formulation id (e.g. the subsidised price that the
government would pay for 100 tablets if the product is wholesaled in 100 tablet
packs). The majority of dispensations in our data set involved products with a
100% subsidy.

I assumed that ((F-G)/F) represented the unsubsidized proportion associated with a
given formulation at the time of dispensing and used the following formula to estimate
the pre-mark-up unsubsidised cost of a given dispensing:


Unsubsidised cost excluding GST (H) = ((F-G)/F)*A where A is the HPAC cost
ex supplier ex GST (see definition above).

I then calculated:


Unsubsidised cost including PHARMAC suggested mark-up excluding GST
(J) = H*1.86/1.125 or H*1.86/1.15
(GST was 12.5% Jan 2008-Sept 2010, and 15% Oct 2010 onwards)



The total cost to the nation of a given dispensing excluding GST (K) = E
(government) + D (patient) + J (patient)

A final complication is that PHARMAC negotiates additional confidential rebates from
pharmaceutical companies. These rebates vary from year-to-year, do not apply equally
to all products, and for reasons of commercial sensitivity the details of these rebates are
not made public (and cannot be ascertained from Pharms data). I made an estimate of
the average rebate using the PHARMAC Annual reports which report total rebates for
community pharmaceuticals. In the 2007/2008 financial year gross expenditure was
$751.71 million reduced by estimated supplier rebates of $114.89 (a 15.2% reduction).
The estimated rebate reduction for the 2008/2009 financial year was 14.3% and in
2009/2010 8%. The estimated reduction for 2010/2011 was 14.15% (115.8/818.6).The
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estimated reduction for 2011/2012 was 17.46% (161.5/924.8). I calculated cost figures
assuming that these rebates apply in the following way:


The total cost to the nation of a given dispensing excluding GST (L) = E
(government) + D (patient) + J (patient) – applicable rebate *(E+D)

(Telfar Barnard, Preval et al. 2011, pp 21-23).
3.3.3.2. Pharmaceutical categories
As with hospitalisation events, it is important to establish categories of
pharmaceuticals that seem most likely to be impacted by changes in insulation and
heating. Following the discussion of hospitalisation categories these are respiratoryrelated pharmaceuticals and circulatory illness-related pharmaceuticals. It is also
useful to establish a total pharmaceutical category that captures all changes in
pharmaceutical use, while acknowledging that this category would likely include a
great deal of statistical noise from pharmaceutical categories that are unlikely to be
affected by the intervention. It was not practical to exclude pharmaceuticals associated
with birth as most pharmaceuticals have many uses.
In order to categorise the Pharms data it was necessary to link each formulation id with
the SiMPle database, an online database made available by Pharmac which contains
extensive details for every product that has been subsidised by Pharmac during its
operation. The key information acquired from the SiMPle database was a three level
ATC (Anatomic Therapeutic Chemical) code classification for each formulation id. The
Anatomical Therapeutic Chemical (ATC) Classification System is used to classify drugs
and is controlled by the WHO Collaborating Centre for Drug Statistics
Methodology(WHO 2012).
Expert advice was sought, utilising a comprehensive list of ATC codes from the SiMPle
dataset in order to identify pharmaceuticals whose usage rates might theoretically be
altered by a change in insulation or heating (personal communications with Professor
Julian Crane, University of Otago, Wellington, 2011 and Dr Scott Metcalfe, Pharmac,
2011). Table 13 sets out the categories used.
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Table 13: Pharmaceutical Categories
Outcome

Description

Total dispensations

All dispensations
ATC Code Level 1: Cardiovascular System
OR
ATC Code Level 1: Blood and Blood Forming Organs, Chemical
name “Aspirin”
OR
ATC Code Level 3: “HMG CoA Reductase Inhibitors (Statins)”
Chemical name “Prednisone”
OR
ATC Code Level 3: "Inhaled Corticosteroids", "Inhaled
Corticosteroids with Long-Acting Beta-Adrenoceptor Agonists",
"Beta-Adrenoceptor Agonists", "Inhaled Beta-Adrenoceptor
Agonists", "Inhaled Anticholinergic agents", "Inhaled BetaAdrenoceptor Agonists with Anticholinergic Agents",
"Methylxanthines", "Other Bronchodilators" and "Cough
Preparations"

Circulatory illness-related
dispensations

Respiratory illness-related
dispensations

(Telfar Barnard, Preval et al. 2011)
3.3.3.3. Possible issues for Pharms data
As part of my work in the Department of Public Health I co-supervised a former
pharmacist and current medical student, Daniel Wellington on a “summer student”
project aimed at understanding the value and limitation of Pharms data, with the goal
of publishing a paper on the ways in which New Zealand’s pharmaceutical data could
be improved from both a research and a monitoring perspective. Our work was very
useful for both the WUNZ:HS evaluation and this thesis in identifying the limitations
of the data.
The following figure, produced as part of an intended technical report summarises the
process by which Pharms data are created, highlighting the many opportunities for
data to go unrecorded or be miss-recorded.
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Figure 5: Pharmaceutical Data Pathway

(Daniel Wellington, used with permission)
As Figure 3 demonstrates, there are many reasons to be wary about the
comprehensiveness of the data contained within Pharms. Many of the “leakages” can
be assumed to apply equally over time and to both the treatment and control groups
such as erroneous prescriptions, unfilled prescriptions and missed NHIs on
prescriptions. More of a concern is the leakage labelled “only subsidised items
submitted for reimbursement”. This leakage covers prescriptions that are fully paid for
by the patient’s co-payment, which are never claimed for and thus not included in
Pharms. There is an untestable possibility that there may be some impact of WUNZ:HS
on medicines that typically are fully funded by patient co-payments; analysis of
Pharms data will not capture such changes. It is also possible that changes in copayment rates might introduce systematic bias if the two groups differ with regard to
prescription rates for products that this would affect, however, fortunately the first
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major change in co-payment rates in 20 years was announced in the 2012 Budget,
outside the 2008-2011 period of analysis.
There are other issues with Pharms data. There is likely to be an issue of lag, with some
repeat prescriptions covering a period of up to three months from the initial
prescribing time, thus creating situations where prescriptions dispensed in the after
period for a given individual were actually written several months before in the before
period. Such issues are likely to affect prescriptions for individuals from the treatment
and control group equally, but could bias results towards the null by effectively
diluting the after period.
3.3.4. QV data
Following the matching process carried out by QV the following fields were available
for each treatment and control address:
Table 14. QV data available for each study home
Category

Description

QPID
Territorial Authority
Suburb

Unique QV identifier
District or City Council boundary that home falls within.
Suburb as per address
Stats NZ defined areas – there are approx. 1860, of varying population
sizes, covering the whole of NZ
Industrial/residential/commercial
Apartment/ Bach/ Bungalow (Post-war) / Contemporary/ Cottage/ Prewar Bungalow/ Quality Bungalow/ Quality Old/ Spanish Bungalow/
State Rental/ Terrace Apartments/ Townhouse/ Unit/ Villa
Floor area
Number of levels
Number of bedrooms
Decade built
Roof construction material – vast majority steel or tile
Average/fair/good/mixed/poor/null

Census Area Unit
Category
House-type
Floor area (m2)
Number of levels
Number of bedrooms
Decade built
Roof material
Roof condition
Building material (external
walls)
Building condition (external
walls)
Number of single garages
under main roof
Modernised

Wall construction material
Average/fair/good/mixed/poor/null
How many single garage equivalents under main roof: a double garage
would = 2 units
Indicates if home is modernised – Y/N

As described in Section 3.1, the matching process means that there is a high degree of
similarity between treatment homes and their matched control homes with respect to
these variables. While some matches were not mandatory, I would not expect variation
in the quality of matches to be a major source of bias or statistical noise, because those
fields considered most relevant such as Census Area Unit or house-type were
mandatory matches.
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However, this thesis is designed to explore whether changes in insulation or heating
under the WUNZ:HS study result in changes in health-related costs. The primary
causal mechanisms proposed are increased internal warmth and reduced mould and
damp, and as such variation in building qualities between the treatment and control
group homes could influence the modelled impact of treatment by introducing bias or
statistical noise. It is also important to compare cohort building quality with that of the
general population because this is relevant to the question of generalisability.
Lucy Telfar-Barnard developed a categorical variable that captures much of the
physical risk profile of cohort homes, based on previous research in her doctoral thesis
(Telfar-Barnard 2010). Quoting directly from Appendix 2 (Telfar Barnard, Preval et al.
2011, pp 55-56):
The authors developed a six-category dwelling health risk typology for this study. This
classification was based upon previous research and unpublished analysis of health
outcomes by dwelling type, and is based upon QV data for dwelling construction
decade; dwelling type; roof and wall condition; and the overall dwelling condition
indicator included in the “category” field.
The dwelling health risk typology has two components: a binary construction type
indicator (new, old), and a ternary condition indicator (high, average, low).
Dwellings were assigned to the “old” construction category if they were built before
1950; or belonged to QV house type categories "Pre-war Bungalow", "Spanish
Bungalow", or "Quality Old". Otherwise, they were assigned to the “new”
construction category, as were pre-1950 dwellings with the QV house type
“Contemporary”.
For the condition indicator, dwellings were initially assigned to the “average” category.
Second, any dwellings with a QV overall condition category of “Superior” were
reassigned to the “low risk” category. Next, dwellings were reassigned to the “high
risk” category if:
-

the QV dwelling quality indicator was “Poor”;

-

the Wall condition was “Poor”;

-

the Roof condition was “Poor”;

-

the dwelling was built in the 1930s or 1940s; the dwelling type was not
“Quality Old”, “Quality Bungalow” or “Contemporary”; and the overall
condition was not “Superior”; or

-

the dwelling was a “Post-war Bungalow” built in the 2000s and its overall
condition was not “Superior”.
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Finally, dwellings were reassigned to the “low risk” category if the QV dwelling type
was “Quality Old”, “Quality Bungalow” or “Contemporary” and the dwelling had not
previously been assigned to the “high risk” category. The construction type and
condition categories were then combined to create the six categories “Old high risk”,
“Old average risk”, “Old low risk”, “New high risk”, “New average risk”, and “New
low risk”.
It is useful to compare the distribution of the “dwelling health risk” variable for the
treatment group and the control group. Naturally, it is not possible to compare this
data with Census data, because the “dwelling health risk” is derived from QV data and
not recorded in Census data.
Table 15: Distribution of “dwelling health risk” variable for individuals from treatment and
control group households
Dwelling health risk
category

Treatment group
households

Control group
households

All cohort
households

Old high risk

14,413

94,971

109,384

13.38%

11.74%

11.93%

16,981

118,203

135,184

15.76%

14.62%

14.75%

1,344

12,699

14,043

1.25%

1.57%

1.53%

3,160

25,469

28,629

2.93%

3.15%

3.12%

63,611

492,482

556,093

59.04%

60.89%

60.68%

8,229

64,942

73,171

7.64%

8.03%

7.98%

107,738

808,766

916,504

100.00%

100.00%

100.00%

Old average risk
Old low risk
New high risk
New medium risk
New low risk

Total

Visual comparison of treatment group and control group individuals in Table 15
suggests that they are similar with regard to the distribution of the “dwelling health
risk” variable, which is unsurprising given that the matching process was driven by
components of the “dwelling health risk” variable such as decade built which was
mandatory. However a chi-square goodness of fit test comparing the observed
dwelling health risk category proportions for the treatment group with proportions
found in the control group is highly significant (chi-square (5) = 445.64, p = 0.000). This
statistical significance of this test result likely reflects the large sample size and is not a
cause for concern.
Returning to Table 14 above, one of the key variables from the perspective of my thesis
is the CAU field which enables analysis by region or Climate Zone (see subsection
3.2.8). We were also able to use QPIDs (unique QV identifiers) to link QV data with
data previously supplied by QV, which was used by Lucy Telfar-Barnard as part of her
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thesis in order to identify the meshblock 11 code for each treatment and control home
(with a few exceptions where a valid meshblock was not available). Meshblock level
data allowed us to identify the NZ2006 Index of Deprivation12 for the meshblock that
contains a given cohort home. Where meshblock level data were not available we used
CAU level NZ2006 Index of Deprivation measures as the closest available proxy.
The basis of the evaluation presented in (Grimes, Young et al. 2011) was the potential
to obtain metered energy use data for cohort addresses. The evaluations presented in
Telfar Barnard, Preval et al. (2011) and Preval (2012) did not include energy use in their
models; the limitations of that data (particularly reduced statistical power due to
matching and data availability issues) were considered too great at that time. The
available data are further described in Section 3.2.7.
Addresses also allow for the possible inclusion in models of temperature either by
linking directly with local temperature data. The National Institute of Water and
Atmospheric Research (NIWA) collects comprehensive weather data for New Zealand.
The potential to link to this data was utilised in the WUNZ:HS evaluation assessment
of energy use (Grimes, Young et al. 2011), which linked NIWA data to address data by
CAU and then region (described further in Section 3.3.8).
Table 16 sets out the potentially useful datasets that can be linked using address data:
Table 16: Datasets linkable using address data
Dataset

NIWA data

Metered Energy Use data

Statistics New Zealand

Description

Unit(s) of linkage

Average temperature or
average minimum
temperature by month or
season
Metered electricity use or
metered energy use (electricity
and reticulated natural gas)
per household per month
Area-based measures such as
2006NZDep, region or Climate
Zone

Region (via linkage with CAU
using Statistics NZ data) and
time-period
Home address and timeperiod
Meshblock (via linkage to
additional QV dataset using
QPID) and CAU

Meshblocks are geographical units containing a median of 87 people. Statistics NZ divided
Census 2006 data into approximately 41,393 meshblocks.
12 2006NZDep is a measure of deprivation derived from 9 socioeconomic measures recorded in
the 2006 Census calculated at the meshblock level. 2006NZDep is calculated using a principal
component score, which has been scaled to have a 1000 index point mean and a standard
deviation of 100 index points. 2006NZDep is typically reported as an ordinal scale divided into
10ths, with 1 representing the least deprived 10% (the 10% with the lowest principle component
scores) and 10 the 10% that are most deprived. 2006NZDep is also available at a CAU level,
calculated by averaging the scores of the meshblocks within the CAU(MoH 2007).
11
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3.3.4.1. Possible issues for QV data
It was not possible to run any tests or find any corroboration for the accuracy of QV’s
data or matching process. As one of the primary data sources for housing information
in New Zealand, including ratings calculations made by local authorities, QV data are
legally bound to be accurate (at least with regard to data relevant for ratings purposes);
however, as a state-owned commercial entity the details of QV’s data gathering and
verification processes are a commercial secret, meaning that a great deal of trust has to
be placed in the organisation. The issue of accuracy applies equally to data for
treatment and control group homes and as such it seems likely that the impact of any
inaccuracies in data or matching process on the models presented in thesis will be in
the form of statistical noise, although bias cannot be ruled out given the opacity of
QV’s dataset and processes.
3.3.5. EECA data
EECA data were the basis of the dataset creation process. As EECA data only apply to
treatment homes (and thus to treatment group individuals) they do have some
limitations. It is important to note that the matching process did not directly account
for the insulation status or heating status of control group households, which are not
known, although the matching process selected homes that were physically similar
thus and more likely to have similar insulation status. In addition to uncertain baseline
insulation and heating status for control group households, both treatment and control
group households may have obtained retrofits outside of the WUNZ:HS programme
during the course study period. This concern is further explored in Subsection 9.1.4.
The key data from EECA include details of the types of installation carried out for each
retrofit, which allow the treated home and matched control homes (and occupants) to
be categorised with regard to work done. The key analytic categories are “insulation”
and “heating”; although other categories could be explored such as “draughtproofing”.. The detail of these definitions is further explored in Subsection 4.1.4.
EECA data also identifies the status of the home prior to installation with regard to
insulation and whether the household participated in the WUNZ:HS programme at the
higher level of subsidy due to including an occupant that was a Community Services
Card (CSC) holder13 . CSC status is of significant interest from a policy perspective;
with previous programmes exclusively targeting this group it is interesting to explore
any difference in health effects by CSC status. The literature would suggest health
effects would be smaller in non-CSC homes due to assumed higher pre-treatment
indoor temperatures. Ideally the study design would have included a measure of CSC
CSCs are available for permanent legal residents of New Zealand (and refugees) who meet
age criteria (usually 18 or over) and meet income criteria (low-middle income or receipt of
income support). Income criteria are dependent on relationship status and family size. CSCs
qualify holders for a health service cost reductions. Source: www.workandincome.govt.nz
13
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status in the matching process, however such information is not held by QV; location
in the same CAU and occupying housing with very similar physical characteristics is a
weak proxy for CSC status. Table 17 sets out the key EECA variables from an analytic
perspective.
Table 17: Key EECA variables
EECA field

Measure

Description

Type of work done: e.g. “ceiling
insulation, none existing”,
multiple rows in the dataset for
each household, one for each
separate installation procedure.

Low income

Defines whether the household
participated in the WUNZ:HS
programme as a CSC holder.

Yrmonth

Variable identifying the year and
month a given retrofit took place
in –majority of retrofits for a
given home reported in same
time period suggesting all work
done in short timeframe.

Use of field
Categorise treated homes and
their matched controls based on
work done: key categories:
“insulation” and “heating”,
potentially “insulation and
heating”.
Other categorisations possible for
relatively cheap procedures such
as draught-proofing, can also
identify homes with insulation
prior to treatment.
Categorise treated homes and
their matched controls by CSC
status – potential to include as a
variable in models or to stratify
using this variable.
Relevant study time for a
treatment household (and
matched controls) before this
month defined as before, this
month defined as “.” and
excluded from analysis, study
time after this month defined as
after.

3.3.6. Metered Energy Use Data
Grimes and colleagues (Grimes, Young et al. 2011) collected metered energy use data
for cohort addresses from all of New Zealand’s energy retailers except one energy
company whose data was not in a form that enabled analysis and who declined to
participate (Contact Energy, 24.7% New Zealand market-share). Metered energy use
data are measured at the ICP (installation control point) i.e. the meter. Submissions on
usage volume are made monthly by energy retailers for each electricity and gas ICP to
separate central authorities. Submission volumes are expressed in kWh and are based
on a combination of actual meter readings, and also modelled and estimated usage
(Grimes, Young et al. 2011).
Approximately half (49%) of cohort addresses could be matched with metered energy
use data covering the period Jan 2008 – November 2010. Various additional steps were
taken to clean the data such as eliminating obviously false records and addresses that
switched energy provider during the study (Grimes, Young et al. 2011).
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From the perspective of this thesis, there are two primary concerns that make exploring
the inclusion of metered energy use data in hospitalisation cost, pharmaceutical cost or
mortality models non-viable. Firstly, the initial 49% match rate would mean losing a
great deal of statistical power, less of a concern when modelling regular events such as
monthly energy use readings, but much more of a concern when modelling rare events
such as death or hospitalisation. Secondly, metered energy use data were only
collected for the period Jan 2008 – November 2010, while health data are available for
the period Jan 2008 – Dec 2011, thus including metered energy use data would also
limit statistical power by reducing the length of the study, unless further energy data
were collected which would be restrictively difficult without the backing of a
government funded evaluation.
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3.3.7. Climate data
There are several useful approaches that can potentially be used to account for the
impact of climate on the health of study participants.
Firstly, it is possible to include regional dummy variables in models. This means the
introduction of 15 variables for the 16 regions that are represented in the dataset. This
approach will not capture variation over time and may also capture variation in
measures other than climate such as employment and population health, which may be
considered a limitation if the primary goal is capture the impact of climate. There are
many reasons to consider the inclusion of a region variable and these are discussed
further in Subsection 4.1.4.
Secondly, it is possible to categorise each study home by Climate Zone. Climate Zones
are set out in Appendix B of New Zealand Building Standard NZS 4218, which divides
the country into three Climate Zones which have different requirements for, for
example, minimum ceiling and floor insulation values. Zone One includes the top of
the North Island until just south of Auckland, Zone Two includes the remainder of the
North Island with the exception of the Central Plateau. Zone Three includes the
Central Plateau of the North Island and the entirety of the South Island. Climate Zones
are set out in Figure 6.
Figure 6: Climate Zones

(Source: www.dbh.govt.nz/building-code-info-sheets)
The benefits of addressing variations in climate using Climate Zones are a less complex
model and also the policy significance of Climate Zones. However, this trade-off will
inevitably involve the loss of some information, and the same issues that limit region
as a measure of climate variation also apply to Climate Zones.
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Thirdly, it is possible to categorise study time, for example to divide study time into
winter and non-winter periods. Time-based variables are not appropriate for some
analyses such as the Cox Proportional Hazard-based models presented in Chapter
Four.
Fourthly, it is possible to include temperature data collected by NIWA in order to
capture the impact of variation in temperature over time. NIWA is a Crown Research
Institute, a government-owned research organisation. Using the CliFlo data portal
(http://cliflo.niwa.co.nz) NIWA make data from 6,500 climate stations set around New
Zealand publicly available, with some observations dating back to 1850. There are
currently 600 climate stations operating in New Zealand, which provide a vast range of
data on temperature, wind, rainfall, humidity and other weather phenomena. Climate
station data are available from CliFLo in both raw and statistically aggregated forms.
Given the CAU of each cohort address it is possible, as noted in Subsection 3.2.5, to link
study data with CliFlo data; one approach to this linkage was taken by (Grimes, Young
et al. 2011). In that paper the CAU of each cohort address was linked to CliFLo data at
a regional level. The CAU (or nearest CAU) for each weather station that provided
consistent monthly average temperature data over the period studied (Jan 2008 – Nov
2010) was identified. If there was a single suitable weather station in a region then the
monthly average temperatures recorded by that station were taken as proxies for all
cohort addresses in that region. When there were multiple suitable weather stations
within a region the weather station located in the CAU with the highest population
density (calculated by dividing the usually resident population established in the 2006
Census by the area of the CAU) was chosen as the proxy for that region (Grimes,
Young et al. 2011). Monthly measures of mean temperature were collected for the
identified weather station for each of the 16 regions that contained study homes. It is
important to note that the use of region-based climate data cannot account for
differences in micro-climate, and thus introduces measurement error into the analysis
and the potential for the ecological fallacy. Reassuringly, any distortion introduced by
measurement error in this context is likely to bias results towards the null.
Other sources of external temperature data are potentially available. For example,
Telfar-Barnard (2010) obtained annual mean minimum temperature data at CAU level
from Landcare Research, another Crown Research Institute. Greater accuracy would
clearly be a benefit of obtaining CAU specific data. However, due to data and time
limitations, in this thesis I adopted the approach taken in Grimes, Young et al. (2011),
using the same 16 weather stations as proxies for the 16 regions.
More detailed data such as daily measures of minimum and maximum temperature
were initially considered, but ultimately rejected. It is also worth noting that high
external concentrations of atmospheric pollutants such as ozone and particulate matter
have been correlated with rises in mortality and morbidity and may confound analyses
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that do not account for them. However, CliFlo does not include access to measures of
pollutants at the Climate Station level.
3.3.8. Imputed benefits: GP data, days off work data and days off school data
One of the key limitations of the WUNZ:HS evaluation study design was that it did not
enable researchers to directly assess the impact of improved insulation or heating on
visits to general practitioners (GPs). Previous research by our research team (HowdenChapman, Matheson et al. 2007) found an unexpected small but statistically significant
increase in visits to GPs, based on GP records, following improved insulation for a
study population, in which each household contained a member with a respiratory
ailment. A subsequent study (Howden-Chapman, Pierse et al. 2008), with a study
population in which each household included an asthmatic child (aged 0-12) found a
statistically significant decrease in GP visits for asthmatic children. Because the
Ministry of Health does not have a database that records individual GP visits linked to
patients’ NHI numbers it was not possible to assess any change in the rate of GP visits
using administrative data in the WUNZ:HS evaluation.
Similarly, it was not possible to assess any changes in days off work or school.
Howden-Chapman, Matheson et al. (2007) and Howden-Chapman, Pierse et al.(2008)
both report a reduction in days off school as a result of improved insulation and
improved heating respectively and Howden-Chapman, Matheson et al. (2007) report a
reduction in self-reported days off work for adults following improved insulation. It
would not be realistically possible to independently assess this potential benefit of the
WUNZ:HS programme for the complete cohort given the thousands of schools and
work-places that would be involved and the absence of any NHI linkable
administrative data that records absences.
Although it was not possible to directly assess the impact of the programme on GP
visits, days off work or days off school, from a cost-benefit analysis (CBA) perspective
it was not reasonable to exclude these categories given that previous research had
suggested that statistically significant savings in these areas might result from
improved insulation and heating. Using work carried out by the He Kainga Oranga
programme (Chapman 2009), including my own previous work (Preval, Chapman et
al. 2010), I attempted to apply results derived from previous randomised controlled
trials to the treatment group of the WUNZ:HS evaluation, in order to produce a rough
estimate of potential changes in benefits (Telfar Barnard, Preval et al. 2011). Although
not a major focus of this thesis, this analysis does contribute to the cost-benefit figures
discussed in Chapter Seven and Nine and is relevant to the general topic of this thesis.
As such, I have presented the work that I produced for the WUNZ:HS evaluation
verbatim. Some of the assumptions differ slightly from those used in this thesis, for
example inclusion of people aged 101-104; it does not seem useful to adjust these
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figures given that they are presented to illustrate an approach rather than as a central
piece of analysis.
It was not possible for the present study to address a number of key potential benefits of
improved insulation, heating and health that have been found in previous research
carried out by the Housing and Health Research programme (Howden-Chapman,
Matheson et al. 2007) . These include reduced frequency of GP visits, reduced days off
work and reduced days off school. Statistically significant benefits found in our
previous studies are set out in Table 18. The benefits were calculated for the winter
period (June –August) for the Housing, Insulation and Health Study (HowdenChapman, Matheson et al. 2007, Howden-Chapman, Pierse et al. 2008), and (June –
Sept) for the Housing, Heating and Health Study (Howden-Chapman, Pierse et al.
2008) but then extrapolated to capture an entire year.
The Housing, Insulation and Health Study was not powered to find a statistically
significant reduction in respiratory hospitalisation admissions, but it did find a nonstatistically significant reduction in respiratory hospitalisation admissions (p = 0.16
adjusted). The Housing, Heating and Health Study was similarly not powered to find
statistically significant results for respiratory hospitalisation outcomes. Comparison of
the respiratory hospitalisation admission results for the Housing Insulation and Health
Study with the non-statistically significant reduction in asthma hospitalisations and
RSV observed in the present Study suggests some basis for extrapolation in the case of
insulation.
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Table 18: Statistically significant health-related savings documented in previous H&HRP
analyses

Feature

Study Description

Participant characteristics

Reductions in GP visits

Reductions in days off work

Reduction in days off school

Housing, Insulation and Health
Study
Cost-benefit analysis results
reported in Chapman, HowdenChapman et al. (2009)

A cluster randomised controlled trial
comparing health and energy use
outcomes for treatment and control
group individuals/ households following
a standardised insulation retrofit.

Each participant household included at
least one occupant who had symptoms of
respiratory disease; households were in
predominantly low-income
communities.
An increase(negative result) of 48 GP
visits per 1000 occupants per winter
(0.05 visits per occupant) based on GP
records.
Valued at -$3.60 ($2001) per occupant
per year when extrapolated to include
the entire year.
[Note: a statistically significant
reduction in self-reported GP visits was
observed but preference was given to GP
records]
Adults aged 19-64: a reduction of 102
days off work per 1000 adults per winter
(0.10 days per adult)
Savings valued at $16.84 ($2001)per
adult per year based on 80% (to adjust
for co-workers “picking up the slack”) of
the 2001 average wage and extrapolated
to include the entire year.
Children aged 6-11: a reduction of 512
days off school per 1000 children over
winter (0.51 days per child).
Saving valued at $11.51 ($2001) per
child per year when extrapolated to
include the entire year, valued based on
1/3 of the youth minimum wage and 7
hours lost.
Teenagers 12-18: a reduction of 1316
days off school/work per 1000 teenagers
per winter (1.32 per teen)
Savings valued at $59.21($2001) per
teenager per year when extrapolated to
include the entire year, valued based on
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Housing, Heating and Health Study
Cost-benefit analysis results
reported in (Preval, Chapman et al.
2010)
A cluster randomised controlled trial
comparing health and energy use
outcomes for treatment and control
group individuals/ households following
a standardised heating retrofit
(replacement of an inefficient heater with
either a heatpump, flued gas heater or
pellet burner). Treatment and control
group homes were insulated before
baseline measures were taken.
Each participant household included at
least one asthmatic child aged 6-12;
households were located in the South
Island or Lower North Island.

A reduction of 0.37 self-reported visits to
the GP per winter for each asthmatic
child, valued at $22.73 per child ($2006)
when extrapolated to include the entire
year.
No other statistically significant
reductions in GP self-reported GP visits.

None found.

A reduction of 1.8 days off over winter
terms per asthmatic child (aged 6-12),
valued at $41.50 ($2006) when
extrapolated to include the entire year,
valued based on 1/3 of the gross daily
minimum wage.
Further benefit of reduced caregiver time
were valued at $124.50 per asthmatic
child per year ($2006)
No statistically significant changes for
children without asthma.

2/3 of the youth minimum wage and 7
hours lost.

Table 19 reports the demographic profile of the treatment households which we have
occupant information for as at July 2009 (the start of the WUNZ:HS programme),
excluding occupants with no age or an implausible age (>105) or who have died. We
also report the proportion of child occupants aged 6-11 that we predict will have asthma
(15.1%) (Masoli, Fabian et al. 2004) as this is relevant for the estimation of heatingrelated benefits.
Table 19: Demographic profile of treatment households as at July 2009
Demographic measure
Number of dwellings
Number of occupants
Average number of occupants
Children aged 0-5
Children aged 6-11 estimated asthmatic
Children aged 6-11 estimated nonasthmatic
Teenagers aged 12 -18
Adults age 19-64
Older people (65+)

n
29,704
107,421
3.61
9,115 (8.49%)
1,168 (1.09%)
6,567 (6.11%)
9,347 (8.7%)
63,121 (58.76%)
18,103 (16.85%)

It is possible to apply the data produced by previous studies to the demographic profile
set out above. In order to do so we need to update the figures used in our previous costbenefit analyses to 2011 prices and resolve any inconsistencies between the two
approaches. The key inconsistency is the valuing of childcare for sick children, which
was costed by the Housing, Heating and Health Study but not the Housing, Insulation
and Health Study. We present our results with childcare costed separately, but in
general we favour the inclusion of reduced childcare costs and consider our valuing of
such costs at 6 hours at minimum wage ($13) to be reasonably conservative. We assume
that lost time from school should be valued at 2/3 of 6 hours at the minimum hourly
wage ($13) for teenagers and 1/3 for children aged 6-11, the youth minimum wage no
longer applying. Adult time off work is valued at 80% of an 8 hour day at an average
hourly wage of $25.96 ($2011).
Table 20 presents a summary of the additional benefits imputed per year per 1000
dwellings receiving either an insulation retrofit (floor and or ceiling) or a heating
retrofit based on our previous analyses and assuming the demographic distribution set
out in Table 20 (there was an average of 3.61 people per dwelling, so when looking at
1000 households we estimated benefits for 3,610 occupants).
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Note that for reasons of convenience we conservatively assume that the reduction in
days off school reported in the Heating, Housing and Health Study for asthmatic
children only apply to ages 6-11 rather than 6-12.
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Table 20: Additional imputed yearly benefits per 1000 households assuming 3.61 occupants per household and age structure of treatment group as at
July 2009

Age group

Number of
occupants
per 1000
households

Potential benefit

Value per
occurrence
($2011)

Change in number of
occurrences per winter

Change in number of
occurrences per year
(adjusting for cold
days in non-winter
period)*

Reduced medical
$54.34
-0.05
-0.0835
visits
Reduced medical
-0.05 (insulation) &
-0.0835 (insulation) +
6-11 (asthma)
$54.34
visits
0.369 (heating)
0.461 (heating)
Reduced days off
0.51 (insulation) & 1.8
0.765 (insulation) +
39.349
$26.00
school
(heating)
2.025 (heating)
Associated reductions
0.51 (insulation) & 1.8
0.765 (insulation) +
$78.00
in caregiver costs
(heating)
2.025 (heating)
Reduced medical
6-11 (without asthma)
$54.34
-0.05
-0.0835
visits
Reduced days off
220.571
$26.00
0.51
0.765
school
Associated reductions
$78.00
0.51
0.765
in caregiver costs
Reductions in medical
12-18
$54.34
-0.05
-0.0835
visits
314.07
Reduced days off
$52.00
1.32
1.98
school/work
Reductions in medical
19-64
$54.34
-0.05
-0.0835
visits
2121.236
Reduced days off
$166.14
0.1
0.167
work
Reductions in medical
65+
608.285
$54.34
-0.05
-0.0835
visits
Net benefit of insulation retrofit per 1000 households per year (Sum of Predicted Benefits for each age group)
0-5

306.489

Net benefit of insulation retrofit per 1000 households excluding childcare savings per year (Sum of Predicted Benefits
for each age group)
Net benefit of heating retrofit per 1000 households per year (Sum of Predicted Benefits for each age group)
Net benefit of heating retrofit per 1000 households excluding childcare savings per year (Sum of Predicted Benefits for
each age group)

*Note: negative values indicate an increase in frequency or cost
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Insulation:
Predicted
benefit per 1000
households per
year*

Heating: Predicted
benefit per 1000
households per
year

-$1,390.70

$0.00

-$178.55

$986.29

$782.65

$2,071.72

$2,347.95

$6,215.17

-$1,000.85

$0.00

$4,387.16

$0.00

$13,161.47

$0.00

-$1,425.10

$0.00

$32,336.65

$0.00

-$9,625.16

$0.00

$58,855.92

$0.00

-$2,760.11

$0.00

$95,491.33
$79,981.90
$9,273.19
$3,058.01

The figures presented in Table 20 suggest that, including childcare costs for sick children,
we can impute additional health-related benefits of $95,491.33 ÷ 1000 =$95.49 per
household per year for a household receiving insulation (floor and or ceiling) and $9,273.19
÷ 1000 = $9.27 per household per year for a household receiving a heating retrofit given the
demographic structure presented in Table 19. It is important to be cautious about these
results given the characteristics of the households included in the Housing, Insulation and
Health Study (at least one occupant with respiratory illness and located in predominantly
low-income communities) and the Housing, Heating and Health Study (South Island and
Lower North Island locations only and an asthmatic child aged 6-12). We suggest that
given these complications it might be reasonable to place more confidence in these
predictions for those households identified as low income households in the present study.
For this reason, when estimating the imputed benefits of insulation for all treatment
households we predict $95.49/2 = $47.75 annual benefit, reflecting approximately 50%
CSC households. We include the full $95.49 for our sub-analysis of CSC households but do
not include any imputed benefits for non-CSC households. Likewise we predict an annual
benefit of $9.27/2 = $4.64 imputed benefit for improved heating for all treatment
households, $9.27 for CSC households and no benefit for non-CSC households.
(Telfar Barnard, Preval et al. 2011, pp 46-52)
The approach presented above was a limited attempt to address health-related costs and
benefits which were not directly assessable in the WUNZ:HS evaluation and are not
assessable in this thesis.
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CHAPTER 4. MODELLING AND VALUING CHANGES IN
MORTALITY
Mortality is clearly a significant health outcome, which dominates the quantification of
health burden for many important exposures (Lopez, Mathers et al. 2006). Changes found
in mortality reported in the WUNZ:HS evaluation (Telfar Barnard, Preval et al. 2011) made
up the primary benefit of the intervention reported in Grimes, Denne et al. (2011); it is thus
fitting that the first of the three methodology chapters that make up the core of this thesis
should address mortality.
Because this is the first chapter that directly addresses modelling it is useful to describe the
basic approach taken in this study to model specification, inclusion of potential
confounders, potential transformation of continuous variables, and interactions. This
approach is set out in Section 4.1 below and applies to Chapters Four, Five and Six.
Having set out the approach to modelling in Section 4.1 this approach is applied to analyse
the available mortality data in Section 4.2. In Section 4.3 the question of how to value
changes in mortality rates is addressed; the literature on the value of a human life is
explored and a range of justifiable values established for cost-benefit purposes. These
values are combined with the results of Section 4.2 to calculate annual household level
benefits of statistically significant reduced mortality. These annual household level
benefits are later combined with statistically significant changes in hospitalisation costs
and pharmaceutical use costs in Chapter Seven in order to calculate net health benefits per
household. The figures calculated are used to explore the impact of different assumptions
on cost-benefit outcomes.
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4.1. Approach to modelling in this thesis
Rothman and Greenland (1998) presents a useful overview of the problems faced by
researchers who wish to model the relationship between a dependent variable and
exposure(s) of interest. A daunting number of models are possible, given several plausible
model specifications and many combinations of confounders, continuous variable forms
and interactions terms. Greenland (1989) notes that it is clearly not practical to consider
every possible model and states that many researchers may respond to the abundance of
model options problematically by making fairly mechanical choices of model form,
covariates, and continuous variable forms, which means that better models (however
better is defined) may never even be considered.
In the following subsections, informed by the literature, I set out my approach to model
specification in this thesis, selection of confounders, transformation of continuous
variables, selection of interaction terms and study specific issues around matching and
clustering. I also characterise the exposures of interest in this thesis.
4.1.1. Initial modelling decisions
Once research questions have been established, the modelling process begins with the
choice of the dependent variable and the establishment of criteria for the inclusion of
individuals or households in the analysis. In this thesis dependent variables are chosen in
order to best quantify changes in health-related costs as a result of participation in the
WUNZ:HS programme, with the ultimate goal of estimating total household level changes
in costs. For example, in the analysis of hospitalisation costs presented in Chapter Five the
primary models are based on hospitalisation cost variables, which capture the direct cost
of hospitalisation to the health system (see Subsection 3.2.3.2). An alternative approach
would be to use the rate of hospitalisations as the dependent variable: however, this
approach creates an additional layer of complications when costs then need to be assigned
to changes in the rate of events after regression analysis.
The inclusion criteria for individuals or households are driven by the literature. An
obvious starting point is to include all cohort members in the analyses, because the goal of
the analysis is to capture the average impact of participation in WUNZ:HS. This approach
can be slightly modified because there are a small number of treatment households (48,
with 156 occupants) that did not receive either insulation or heating under the
programme, but only some other treatment such as a moisture barrier. It is reasonable to
remove these houses from the analysis (and their matched control houses) as the primary
retrofits of interest, as stated elsewhere, are insulation and heating. This approach is
further described in Subsection 4.1.3 below.
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In the case of the mortality analyses presented in Sections 4.2 and 4.3, the decision was
made to further limit analysis to people aged 65 and over with either a before period
circulatory-illness-related hospitalisation or a before period respiratory illness-related
hospitalisation, because there is stronger evidence for a relationship between mortality
rates and indoor temperatures for this group, thus increasing the sensitivity of the model.
4.1.2. Model specification
Model specification (choice of model form) in this thesis is informed by approaches
recommended in the literature and also by decisions made during the evaluation of
WUNZ:HS. Where multiple viable model specifications are used in the literature, a
preferred specification is chosen and the choice justified. Checks later are carried out to
ensure that models constructed are consistent with underlying assumptions.
4.1.3. Exposures of interest
A number of products and services were available under WUNZ:HS including pipe
lagging and draught-proofing. However, floor and ceiling insulation and heating made up
the majority of the cost of WUNZ:HS and are the key retrofits of interest both theoretically
and from a policy perspective, as noted in Subsection 3.2.6. Randomised controlled trials
carried out by He Kainga Oranga (Howden-Chapman, Matheson et al. 2007, HowdenChapman, Pierse et al. 2008) typically group floor and ceiling insulation as a single
insulation dummy variable, as do all health-related analyses carried out as part of the
WUNZ:HS evaluation (Telfar Barnard, Preval et al. 2011, Preval 2012). There are many
legitimate reasons to use this grouping including the fact that successive government
programmes have provided both types of insulation as a package; this thesis takes the
same approach for reasons of simplicity and comparability with previous studies.
Table 21 sets out the proportion of treatment homes with suitable health data that received
these retrofits.
Table 21: Summary of insulation and heating retrofits for treatment homes with suitable health
data
Retrofit

Number

Percentage

Insulation (floor and/or ceiling) only
Heating only
Heating and insulation (floor and/or
ceiling)
Neither heating nor insulation
Total

22,811
2,120

77.05%
7.16%

4,628

15.63%

48
29,607

0.16%
100.00%
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It is unsurprising that such a high proportion of heating retrofits were also insulation
retrofits; this reflects the fact that it was necessary to meet minimum standards of floor
and ceiling insulation in order to receive a heating subsidy.
4.1.3.1. Timing of exposures of interest
The analyses we carried out in Telfar Barnard, Preval et al. (2011) and I carried out in
Preval (2012) made the simplifying assumption that all retrofits were completed during
the month in which the first treatment occurred. Study time for each treatment
individual/household and for their matched controls was divided into before and after and
the month in which treatment was carried out was excluded from analysis.
This may have been an unjustifiable assumption as a review of the data shows that in a
non-trivial proportion of cases there was a multi-month lag from an initial insulation
retrofit to receiving a heating retrofit, suggesting separate interactions with the WUNZ:HS
programme over time: ignoring this this can be assumed to have reduced the possibility
that any benefit of improved heating would be captured by analysis. To avoid this
conservative simplification, this thesis treats the timing of insulation retrofits and heating
retrofits as entirely separate in the month-based extended model analyses of
hospitalisation costs and pharmaceutical costs. However, the Cox Proportional Hazards
model used to analyse mortality data requires that covariates have an unchanging baseline
value so the simplifying assumption that all retrofits occurred in the same month is
retained.
Each month contributed to the analysis by a given individual/household following initial
treatment is categorised based on treatment status as at that month, using a four part
treatment dummy variable. This variable is “0” for control group individuals/households,
“1” for treatment group individuals/households that have currently received insulation
only, “2” for treatment group individuals/households that have currently received heating
only and “3” for treatment group individuals/households that have received both
insulation and heating. An individual/household that receives heating some months after
insulation will contribute some time to analysis as “1” and some time to analysis as “3”.
The month in which a given treatment occurred is excluded from analysis if that treatment
is the first treatment received: i.e. if for a given home the first interaction with the
WUNZ:HS programme was to receive an insulation retrofitted in July 2009, this month
would be excluded from all analyses, January 2008 – June 2009 would be the before period
and August 2009 – December 2011 would be the after period. When retrofits within an
analytical category (insulation or heating) took place over several months the month in
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which the first retrofit occurred is still taken to indicate the start of treatment; this is a
slightly conservative simplifying assumption.
4.1.4. Selection of potential confounders and model construction
The process of adjusting for potential confounding takes place at multiple stages of a
study. Initial decisions about possible sources of confounding are made at the design stage
via data collection choices, which are generally based on previous research findings.
Large-scale studies such as the WUNZ:HS evaluations and this thesis are also limited by
the administrative data available.
Having collected data, and decided on an appropriate model specification, it is then
necessary to select model covariates from those available. Walter and Tiemeier (2009)
carried out a thorough survey of current epidemiological practice based on the 2008
publications of four major epidemiological journals and found that, of 300 suitable articles,
28% selected variables based on prior knowledge (ideally justified by explicit reference to
the literature), 20% based on stepwise selection and 15% on a pre-specified change-inestimate criterion. More recently developed methods14 were not used (Walter and Tiemeier
2009).
Despite statistically significant differences in the distribution of well-known confounders
such as age, gender and ethnicity between the treatment and control group, the individual
level analyses we presented in the WUNZ:HS health evaluations (Telfar Barnard, Preval et
al. 2011, Preval 2012) made minimal adjustments for confounding (age in the modelling of
hospitalisation events, log average annual hospitalisation costs prior to treatment in the
modelling of mortality). Household level models did not incorporate confounding at all.
We used the following justifications:
1. Matching controlled for many relevant variables such as location, home quality etc.
and to a lesser extent socioeconomic status.
2. Due to the large number of study participants, it was inevitable that statistically
significant differences would be found in the distribution of potential confounders
in the treatment and control group, but these might not reflect important
differences.

These methods include shrinkage and penalised regression, which “shrink” coefficient
estimates towards values expected from background information or estimated from the
data. Coefficients with greater variance are “shrunk” more than stable coefficients
(Greenland 2008).
14
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3. The models used in the analysis of hospitalisation costs and pharmaceutical use
costs explicitly controlled for non-time varying confounding by including a fixed
effect term.
4. The quasi-experimental design mimicked aspects of a randomised controlled trial,
producing a similar distribution of measured potential confounders in the
treatment and control groups. Including these covariates (which were partially
controlled for by quasi-randomisation) while excluding unknown possible
confounders would be to risk over-controlling.
5. Due to the large size of the dataset, and consistently low measures of goodness-offit for models, even implausible confounders included in models might have
statistically significant coefficients if they had even a small correlation with an
unmeasured or partially measured covariate that had an association with the
dependent variable.
6. Potential biases that could have been created by matching different numbers of
control homes for each treatment home in individual level analyses were
addressed by randomly selecting only four matched control homes per treatment
home in the analysis of individual level data (if more were available in the initial
dataset).
This thesis takes a somewhat different approach to the issue of confounding from the
approach described above, opting to initially construct a multiple regression model that
includes all plausible confounders. There are a number of reasons why:
1. The original analyses did not explicitly account for the matched design of the
WUNZ:HS by including the matching variables in analysis as potential
confounders. Rothman and Greenland (1998, p 420) note that “all matching factors
should be treated as potential confounders, in that one should assess whether failure to
control for them would affect interval estimates”.
2. There is an a priori epidemiological assumption that potential confounding by age
and sex should be explored.
3. Using difference-in-difference-based models with no inclusion of potential
confounders is problematic because it ignores the possibility that there may be
changes over the course of the study (other than treatment) that may differentially
impact the treatment and control groups.
4. The large size of the dataset means that, for hospitalisation and pharmaceutical use
cost models, it is not necessary to consider trade-offs between precision (width of
the confidence intervals of the coefficients of the exposures of interest) and the risk
of excluding real confounders.
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Using this inclusive approach, I review potential confounders that are available for each
analysis, identifying plausible confounders using literature and common-sense. Initial
analyses and comparison of the distribution of the variable or variables in question
provide initial insight into the likely impact of model inclusion for each potential covariate
thus identified, although no plausible confounders are excluded at this point in analysis.
Initially I considered adopting arbitrary thresholds for inclusion in multiple regression
models such as that analysis of each potential confounder should demonstrate a
statistically significant coefficient in the case of simple regression analysis (p<0.2) or a
Wald test result that is statistically significant (p<0.2) in the case of multiple dummy
variables, informed by the recommendations of authors such as Hosmer, Lemeshow et al.
(2008). However, some model covariates may only have a confounding effect in
combination with other covariates in a multiple regression model (Greenland 2008), or
when interacted with other confounders, thus exclusion has the potential to produce
unreliable estimates of the coefficients and confidence intervals of the exposures of interest
in a given model.
4.1.4.1. Transformation of covariates
In carrying out initial analyses and constructing the initial multiple regression model I do
not dichotomise or otherwise transform continuous variables into categorical variables.
While dichotomisation and categorisation produce model results that are easily presented
and interpreted this involves a trade-off in statistical information and power (Royston,
Altman et al. 2006). Royston, Altman et al. (2006) also note that dichotomisation of
continuous variables causes additional problems when multiple dichotomised continuous
variables are included in a multiple regression model which may leads to “spurious”
correlation of one or more of the dichotomised variables and the dependent variable as
well as spurious interactions between the dichotomised variables. In some cases this
choice may have consequences for interpretability, for example, in the case of the NZ2006
Index of Deprivation variable, there are some issues given that it is common to present
results using the ordinal scale derived from the continuous variable, or use other
categorical variables such as NZ2006Dep quintiles, which have the advantage of ease of
interpretation.
Having established the initial multiple regression model, the next stage is to assess the
correct form of any continuous variables to be included in the model. A fractional
polynomial15 approach is taken, using the fracpoly command under STATA, and the

Fractional polynomials are generated by comparing the goodness-of-fit of models containing
various transformations of a given continuous variable (Royston, Ambler et al. 1999, Royston,
Altman et al. 2006) . The transformation or transformations that produce the best fitting model are
15
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original variable is optimally transformed. If there are multiple continuous variables in the
model then the continuous variable with the strongest association with the dependent
variable is assessed first, while temporarily using a dichotomous or categorical form for
the remaining continuous variables in the model. This process is repeated for each
continuous variable in ascending order of statistical significance measured by |Z| score
until all variables are considered.
Transformations that do not result in a change the bounds of the confidence intervals of
any exposure of interest by 1% are rejected. This approach is informed by discussion in
Greenland (2008) who cites Rothman and Greenland (1998) who suggest a similar but less
stringent criterion. Interaction terms are also considered for the model using this criterion.
This approach is adopted because model parsimony is a relevant consideration. Model
parsimony is primarily a concern for the Cox Proportional Hazards model presented in
Section 4.2. There are two reasons for this. Firstly, despite the large dataset, the effective
degrees of freedom of such models are dictated by the number of events (e.g. deaths)
rather than the number of individuals in the model. Peduzzi, Concato et al. (1996),
proposed that at least 10 events should be available for each model parameter to avoid
issues with model fitting algorithms. This suggests that a more cautious approach to the
inclusion of additional variables may be prudent. Secondly, when the Cox Proportional
Hazards model’s assumptions are tested it is necessary to ensure that there are not any
statistically significant interactions between functions of study time and model covariates
(discussed further in Subsection 4.2.6.1). If the model contains such interactions
proportionality is violated and the standard methods of assessing the validity of the Cox
Proportional Hazards model no longer apply. However, if time-based interaction terms do
not impact the point estimates and confidence intervals of the exposures of interest then it
is pragmatic to exclude them from the model in order to retain the simpler model.
4.1.4.2. Interaction terms
Having produced a multiple regression model with transformed continuous covariates it
is then important to test for interactions. Interaction terms should be selected by referring
to the literature, or possibly by consultation with experts (Hosmer, Lemeshow et al. 2008).
Interaction terms are introduced to the multiple regression model separately, and
interaction terms that are statistically significant at the (p<0.1) level are identified. After
constructing a multiple regression model that includes all interaction terms that meet this
criterion removal of interaction terms is considered if such removal has no meaningful
identified. The approach used in this thesis considers a range of transformations of the continuous
variable from ^-3 to ^3. Single term transformations are considered and so are transformations of a
second term. 44 combinations are considered in total (Royston and Sauerbrei 2008, StataCorp. 2009).
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impact on the confidence intervals of the coefficient(s) of the exposure(s) of interest, as
described above. Removal takes place in order from least statistically significant
interaction term to most statistically significant interaction term.
The resulting model can be described as the preliminary final model. At this point all
removed variables are added to the model simultaneously to check that that some
combination of removed variables not previously considered does not lead to significant
confounding.
4.1.4.3. Model assumptions, leverage and goodness-of-fit
This model is then subjected to further tests to ensure that model assumptions are being
met. If additional terms are added to the model as a result of this process (for example
terms interacting covariates with a function of study time in the case of Cox Proportional
Hazard models) removal of such terms is considered if removal would not move the
confidence intervals of any exposure of interest more than 1%.
The impact of individual records on the point estimates and confidence intervals of the
exposures of interest is considered using appropriate methods, and goodness of fit is
assessed. Assuming that these final steps do not lead to further questions or modifications
of the model this will be the final model.
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Figure 7: Model building process

Dependent variable of interest identified

Exposures of interest identified

Model specified (choice of model form)

Plausible confounders identified, simple regression model analysis
carried out in order to give some indication of likely impact

Initial multiple regression model constructed containing all plausible confounders

Systematic transformation of continuous variables using fractional polynomial
method: transformations that do not change confidence intervals of any exposure of
interest by more than 1% rejected.

Plausible interaction terms added to model separately. All interaction terms that are significant
at (p<0.1) level then introduced to model simultaneously. Consider removal of terms that do not
impact confidence intervals of exposure of interest by more than 1% in order of statistical
significance from least to most..
Rerun model with all covariates and interaction terms included. Ensure that point estimates and
confidence intervals for exposures of interest are not more than 1% different to those in previous
stage model. If there is a difference, consider removal of terms that do not impact confidence
intervals of exposure of interest by more than 1% in order of decreasing statistical significance.

Model assumptions checked. If model assumptions violated reconsider model specification or try
transformation of dependent variable. If tests suggest inclusion of additional terms these terms
included simultaneously if significant at (p<0.05) level. Consider removal of additional terms that do
not impact confidence intervals of exposure of interest by more than 1% in order of least statistically
significant to most.

Impact of individual records on the point estimates and confidence intervals of the exposures of
interest explored. Removal of individual records considered.

Global goodness of fit measures calculated and model finalised.
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4.1.5. Accounting for clustering and matching
The WUNZ:HS evaluation study design complicates analysis in two ways. Firstly,
clustering is introduced at two levels:
a) At the household level for all analyses, because it is likely that a given household’s
occupants are more similar to each other than to other study participants with
regard to relevant characteristics such as income, genetic disease predisposition,
smoking status and second-hand smoke exposure etc.
b) At the level of household and matched control pairings in panel-based models (see
Section 5.2 for more detail).
This means that clustering must explicitly be accounted for in analyses or the confidence
intervals produced by models for the coefficient(s) of the exposure(s) of interest may be
inaccurate. Kirkwood and Sterne (2003) present a number of estimation options for
situations where clustering is present:
1. Calculate summary data at the level of the cluster and analyse using standard
methods.
2. Use robust standard errors to account for clustering.
3. Use random effects models.
4. Use generalized estimating equations.
In addition, jackknife estimation can be used as a method for accounting for clustering
when calculating standard errors. In this thesis I take the second approach listed above,
accounting for clustering by using robust standard errors at the cluster level. Where
multiple levels of clustering may occur clustering is accounted for using the appropriate
higher level cluster.
The matched design of the WUNZ:HS evaluation also introduces complications. Following
Rothman and Greenland (1998), it is possible to attempt to control for matching
characteristics explicitly by including them as explanatory variables in individual level
models (household level models account for matching by including a fixed effect). The
matching process described in Section 3.1 includes far too many categorical variables
(including 1,574 CAUs which included at least one treatment group dwelling and its
matched control group dwellings) and 14 house types (see Subsection 3.3.4). The issue of
matching is partially addressed by including covariates in models that have been chosen
because they capture key elements of the matching process.
Firstly, “dwelling health risk”, a six category composite measure of key physical housing
characteristics described in Subsection 3.2.5 is available in order to address the physical
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similarities in treatment and matched control group homes. Secondly, a number of
plausible variables are considered in order to best capture the impact of geographical
location, which can be assumed to include both climate effects and other effects
(differences in average health level or employment rates for example), and climate alone.
We adopted an additional method to limit the impact of differences in the number of
matches per treatment household on the individual level analyses presented in Telfar
Barnard, Preval et al. (2011) and Preval (2012). This approach was to limit matching to 4
randomly selected control dwellings (and their occupants) when between 4 and 10 were
available and was primarily intended to limit potential bias introduced by differences in
the number of matches made. This thesis adopts the same approach and of 216,171 control
group dwellings 104,986 were thus randomly excluded from analysis, excluding 396,459
individuals.
4.1.6. Approach to statistical significance
The use of (p<0.05) as a binary criterion for meaningful study results, has been heavily
criticised (Goodman 1999). This criticism applies equally to the use of 95% confidence
intervals if their only function is to examine whether they contain the null hypothesis.
Goodman (1999) notes that effect size, sample size, width of confidence intervals, results
from previous studies, biological and scientific plausibility and the actual p-values of
results should all be considered when interpreting results. This approach is taken in the
discussion of individual model formation in this study.
However, while these considerations are very important, there are some situations where
an arbitrary p-value-based threshold may have some use. One of the purposes of the
analyses presented in this thesis is to produce an estimate of annual household health
benefit as a result of receiving a retrofit under WUNZ:HS (presented in Chapter Seven).
This involves combining mortality-related benefits, hospitalisation cost savings and
pharmaceutical use cost savings. A threshold for inclusion is useful, because to include all
factors regardless of statistical significance would produce poor estimates of total benefit.
It could be argued that a cost-benefit analysis should only incorporate results that meet the
rigorous standards of evidence demanded by modern medical statistics set out in the
previous paragraph. However, from a policy evaluation perspective, the results of the
WUNZ:HS evaluation are the best evidence available and may not be able to be fully
corroborated either by comparison with other studies (given the uniqueness of the
evaluation) or thorough examination of biological plausibility. In such a case arbitrary
threshold(s) are useful.
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In my original analysis in Telfar Barnard, Preval et al. (2011) I summed results significant
at the (p<0.05) level in order to estimate annual health benefits per household for the
purposes of the cost-benefit analysis presented in Grimes, Denne et al. (2011). In this
thesis, I sum results that are statistically significant at the (p<0.05) and also the (p<0.1)
levels in order to demonstrate the impact of applying different criteria. Results that are
significant only at the (p<0.1) level may be regarded as primarily useful for hypothesis
generation, but may also have value as “second-tier” evidence which is how I use them
here.
4.1.7. Policy relevant stratification
The key variable suitable for stratification from a policy perspective is the Community
Services Card status of treatment group individuals/ households. As described in Chapter
Two the progress from Energy Wise Home Grants to WUNZ:HS involved the extension of
government subsidies from insulation for low income households to insulation and
heating for all households occupying a dwelling built prior to 2000. The successor to
WUNZ:HS, Warm Up New Zealand: Healthy Homes reversed this policy direction,
limiting subsidies to insulation for low income households.
Stratification is addressed by introducing dummy variables into models which capture
Community Services Card status.
4.1.8. Adjustment of costs and benefits
All costs are adjusted to Dec 2011 levels (the final month of data). It is necessary to adjust
costs to account for inflation. Costs that did not occur during the 2011/12 financial year (1st
July 2011- 30th June 2012) are thus adjusted based on the appropriate financial-year
average of the Community Health (Inputs) element of the Producer Price Index, an index
that measures changes in the prices received by New Zealand producers for their output.
This approach to adjustment was taken in previous cost-benefit analyses of He Kainga
Oranga data (Chapman, Howden-Chapman et al. 2009, Preval, Chapman et al. 2010) and in
the analyses of WUNZ:HS health data (Telfar Barnard, Preval et al. 2011, Preval 2012).
Benefits such as mortality avoided are valued using previous research (described in
Subsection 4.3). Where figures used in calculation of benefits need to be adjusted to 2011
prices, the Consumer Price Index is used (All Groups). In practice, the choice of Producer
Price Index or Consumer Price Index makes little difference as the two indices display
extremely similar trends during the Study period.
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4.2. Modelling changes in mortality
New Zealand research has shown a statistically significant relationship between winter
and all cause excess mortality for elderly people (Davie, Baker et al. 2007, Telfar-Barnard
2010). This relationship was strongest for people who are in the oldest age brackets of the
two datasets analysed (Davie, Baker et al. 2007, Telfar-Barnard 2010), although children
aged 0-4 were also found to experience statistically significant excess winter mortality to a
lesser degree. As discussed in Subsection 2.1.4 it is plausible that this relationship reflects
the impact of lower indoor temperatures via a number of mechanisms, with TelfarBarnard (2010) finding statistically significant excess winter mortality and morbidity ratios
for the circulatory (ICD-10 Chapter Nine) and respiratory (ICD-10 Chapter Ten) categories
that are most plausibly linked with housing.
The analyses of WUNZ:HS mortality data presented in (Telfar Barnard, Preval et al. 2011,
Preval 2012) were limited to people aged 65 and over as at the first month in which the
household they occupied received treatment. This decision was based on the findings
described above, with 65 being the age at which New Zealand Superannuation becomes
universally available for individuals. The cohort of interest was further refined by limiting
analyses to either individuals aged 65 and over who had had a circulatory hospitalisation
during the before period or individuals aged 65 and over who had had a respiratory
hospitalisation during the before period, where before is defined as the period from the start
of the study Jan 2008 to the month prior to the first treatment being received (or being
received by matched treatment household in the case of control group
households/individuals. The decision to limit analyses to two particularly vulnerable
cohorts was driven by two important characteristics of the mortality data.
Firstly, as discussed in Subsection 3.3.1.5., the available mortality data are all-cause. This
means that cohort choice and analysis must attempt to control for as many factors
influencing the rates of non-relevant types of mortality as possible, in order to estimate the
change in all-cause mortality that can reasonably be attributed to receiving either
insulation or heating under WUNZ:HS.
Secondly, unlike the analysis of hospitalisation costs and pharmaceutical use costs it is not
possible to account for before period differences in mortality rates between treatment
groups and the control group. An approach that used the full range of available data
would not be suitable because individuals who died during the before period were not able
to participate in the WUNZ:HS programme, and we can thus assume their households
would also be less likely to participate, therefore treatment group individuals would
necessarily have lower before period mortality rates, all other things being equal. It was
argued in (Telfar Barnard, Preval et al. 2011, p 26) that:
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We could not use a basic “difference in difference” approach as described above for
mortality data because it would necessarily have included both treatment bias and
systematic bias: People could not have sought insulation for their property if they were
dead, meaning that the mortality rate in the treatment group would be lower than in the
control group before treatment date; and because the treatment group were found to be on
average less healthy than the control group, their mortality rate after treatment would be
expected to be higher. The difference in difference between before and after and treatment
and control groups would therefore be bound to appear adverse, as follows:
𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 𝑚𝑜𝑟𝑡𝑎𝑙𝑖𝑡𝑦 𝑟𝑎𝑡𝑒 𝑎𝑓𝑡𝑒𝑟
𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 𝑚𝑜𝑟𝑡𝑎𝑙𝑖𝑡𝑦 𝑟𝑎𝑡𝑒 𝑏𝑒𝑓𝑜𝑟𝑒
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)
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The additional argument that treatment mortality rates would be higher after due to worse
health in the treatment group, while defensible, is not necessary to make the above case:
even if mortality rates in the treatment group were only average after treatment the bias
described would still apply.
Following the reasoning presented above, this thesis limits primary analyses of mortality
to after period data for people aged 65 and over with either evidence of a pre-existing
circulatory or respiratory condition. The cohorts are referred to as “the circulatory cohort”
and “the respiratory cohort” for reasons of clarity and concision.
4.2.1. Model specification
The standard model specification used for the analysis of survival is the Cox Proportional
Hazards model. The Cox Proportional Hazard model is widely used in the
epidemiological literature for modelling a variety of relationships (time to death, time to
relapse etc.). The model can be expressed in the following way:
ℎ(𝑡) = ℎ0 (𝑡) ∗ 𝑒 (𝛽1 𝑥1 +𝛽2 𝑥2+ …..+ 𝛽𝑝 𝑥𝑝 )
In this equation h(t) is the hazard of the event of interest i.e. death occurring at study time
t, β1… βp are the coefficients of covariates x1….xp respectively, and h0(t) = the underlying
hazard function for individuals for whom x1…. xp all =0.
Model coefficients estimated using the Cox Proportional Hazard model can be converted
to hazard ratios by exponentiation. Hazard ratios can be interpreted in the same way as
relative risk ratios, which is useful from an analytic perspective. The hazard ratio (HR) for
a one unit increase in a given baseline characteristic (x1) can be understood by considering
the risk of mortality, for two values of x1, a and b, where x1a= x1b+1, holding all other
things constant. In this case the HR is literally the ratio of the hazard (h(t)) for x1=a and the
hazard h(t) for x1=b.
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𝐻𝑅(𝑡, 𝑥 = 𝑎 𝑣𝑠 𝑥 = 𝑏, 𝛽1 … 𝛽𝑝 ) =

ℎ0 (𝑡) ∗ 𝑒 (𝛽1 𝑥1𝑎+𝛽2 𝑥2+ …..+ 𝛽𝑝 𝑥𝑝 )
ℎ0 (𝑡) ∗ 𝑒 (𝛽1 𝑥1𝑏+𝛽2 𝑥2+ …..+ 𝛽𝑝 𝑥𝑝 )

=

𝑒 (𝛽1 𝑥1 𝑎)
= 𝑒 𝛽1
𝑒 (𝛽1 𝑥1 𝑏 )

The above equation demonstrates the key assumption underlying the Cox Proportional
Hazard model, which is that HR(t, x=a vs x=b, β1…𝛽𝑝 ) is a constant 𝑒 𝛽1 , i.e. is does not
change over study time (and can thus be described as proportional). ℎ0 (𝑡) is the baseline
hazard function (Hosmer, Lemeshow et al. 2008); the relationship between hazard and
time when all values of x are zero. The standard Cox Proportional Hazard model assumes
that the values of variables for each individual included in models do not change during
the period studied; there are fixed baseline characteristics, for example sex, age at start of
study, ethnicity or various health characteristics such as baseline BMI (Hosmer, Lemeshow
et al. 2008).
In this analysis, study time (t) for each cohort individual is defined from the beginning of
the “after” period, for their household (either the start of the month when their household
was first treated under WUNZ:HS or the start of the month when their matched treatment
household was first treated in the case on control group individuals). Each individuals
total study time is the time from this initial treatment to either death or censoring on the
final date of the study (Dec 31st 2011).
In this thesis I initially explored extensions of the Cox Proportional Hazard model which
allowed the value of certain covariates to vary over time (particularly treatment status,
ongoing non-relevant hospitalisation costs, temperature related variables and winter/nonwinter status) but the resulting models were unduly complex, leading to issues around
assessment of model assumptions and fit. It is, however, worth noting that the extended
models did not produce markedly different results, which also addresses concerns
regarding the appropriateness of the use of non-calendar based study time in this context.
The simpler time-invariant models have therefore been retained.
Finally, it is necessary to state my approach to “ties”(when two individuals have the same
survival time). Hosmer & Lemeshow (2008) describe three approaches: the exact partial
likelihood method and the Breslow and Efron approximations. The authors note that the
three approaches produce similar outcomes in terms of model coefficients and standard
errors, but state that their preference is to use the Efron approximation if it is available. As
Stata provides this approximation, I follow the advice of the authors and take this
approach.
4.2.2.Confounding and mortality
It is particularly important to consider confounding factors that might influence relative
mortality rates in the post treatment period in the absence of either true randomisation, or
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a difference in difference mechanism that can control for both measured and unmeasured
confounding. Although the matched study design chosen was successful in producing an
similar distribution of potential confounders among both the treatment and control groups
(see Section 3.3), when smaller cohorts are created (e.g. 65 and over with a before period
hospitalisation) it is possible that this will result in a less similar distribution of potential
confounders.
The available and plausible candidates for confounding are age, sex, ethnicity,
socioeconomic status, baseline health status, housing quality, and location/climate. Each is
considered below separately.
4.2.2.1. Age and mortality
One of the most obvious risk factors for mortality is greater age. The initial description of
age distribution in Subsection 3.2.2.1 shows that the full treatment group has a higher
proportion of people aged over 60 than the control group. Confining analysis to people
aged 65 and over limits a major potential source of confounding, but does not necessarily
eliminate it; it is important to consider differences in the age structure of the post 65 age
group individuals in the treatment and control groups.
Comparison of the age distribution for the four treatment categories (control, insulation
only, heating only, insulation and heating) demonstrates there is no statistically significant
difference in the distribution of age groups at the (p<0.1) level. Table 72 (Appendix 2)
presents the full results.
Simple regression analysis of the mortality hazard ratios for the continuous variable
“baseline_age” measured in years is the next step in the analysis. Baseline age is defined as
the age a person was in the month that the first treatment that the household they
occupied was received (or that their matched treatment household received in the case of
control group individuals). Simple regression analyses for the two cohorts shows that
there is a highly statistically significant relationship between age and mortality hazard.
Table 73 (Appendix 2) presents the full results. The hazard ratio for a one year increase in
baseline age for the circulatory cohort is 1.08 (95% CI 1.06 – 1.09) and for the respiratory
cohort 1.04 (95% CI 1.03 – 1.06). This confirms that age is an important model covariate,
although it is not yet clear whether controlling for age will materially alter the estimates of
the exposures of interest, given that there are no obvious systematic differences in the agecomposition of the different treatment groups and the control group.
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4.2.2.2.Sex and mortality
Because women live longer than men on average in New Zealand (for example a female
born in 2005-2007 can expect to live to 82.2 and a male 78 (Statistics New Zealand 2013a),
any difference in the sex distribution of the cohort could potentially introduce
confounding. Table 74 (Appendix 2) sets out the distribution of sex for the two mortality
cohorts.
Table 74 shows that there is a difference in the distribution of sex for ‘insulation only’
individuals vs control group individuals in the circulatory cohort, that is statistically
significant at the (p<0.10) level. There are no other statistically significant differences in sex
distribution. Having carried out this comparison the next step is to carry out simple
regression analysis of the dichotomous variable “female”. Table 75 (Appendix 2) shows
that there is not a strong relationship between sex and mortality hazard in the circulatory
cohort, but that there is a very strong relationship between sex and mortality in the
respiratory cohort.
Given that there is only a strong relationship between sex and mortality in the respiratory
cohort (where sex is evenly distributed between treatment groups and the control group),
sex is unlikely to prove a strong confounder of the relationship between treatment group
status and mortality in either the analysis of the circulatory or respiratory cohorts.
4.2.2.3. Ethnicity and mortality
There is a well document connection between ethnicity, age and mortality. Statistics New
Zealand state that:
As a result of differences in death rates, life expectancy at birth for non-Māori exceeded that
of Māori by 8.6 years for males and by 7.9 years for females in 2005–07. For males, threequarters of this difference is due to higher Māori death rates at ages 40–79 years. For
females, three-quarters of this difference is due to higher Māori death rates at ages 50–84
years.
(Statistics New Zealand 2013b)

92

While similar analyses are not possible for Pacific and Asian sub-populations due to low
historical population levels the same report states that mortality rates during the 2005-2007
period were 9.9 per 1000 population for Māori, 8.8 for Pacific, 5.4 for European or Other
and 3.7 for Asian (Statistics New Zealand 2013b). Jatrana and Blakely (2008) demonstrated
ethnic disparities in mortality risk for individuals aged 65 and over, finding that mortality
risk was higher for Māori and Pacific individuals relative to European/Other individuals
and that Asian individuals had the lowest mortality risk.
It is clear that ethnicity is an important potential confounder. Table 76 (Appendix 2) sets
out the ethnicity distributions for the circulatory and respiratory cohorts. Table 76
indicates that the only statistically significant difference in the ethnic composition of
treatment groups and their respective control groups at the (p<0.1) level is for the
comparison of the ‘insulation and heating’ group with the control group in the circulatory
cohort.
The next stage in analysis is multiple regression analysis of the ethnicity dummy variables.
Table 77 demonstrates that a Wald test for the inclusion of all ethnicity dummy variables
has a statistically significant association with mortality hazard at the (p<0.05) level
(p=0.011) for the circulatory cohort. A Wald for the respiratory cohort does not find strong
evidence for the inclusion of ethnicity dummy variables (p= 0.118).
These initial findings suggest that ethnicity dummy variables may be a more important
confounder of the relationship between treatment status and mortality hazard for the
circulatory cohort.
4.2.2.4. Socio-economic status and mortality
A number of international and New Zealand studies have demonstrated that there is a
continuous socio-economic gradient of both morbidity and mortality (Fawcett 2005). This
gradient applies to the elderly: Jatrana and Blakely (2008) found that between 34% and
48% of excess mortality for Māori and Pacific individuals aged 65 and over could be
explained by five socio-economic factors. It is thus important to explore the ways in which
socio-economic status can be included in the analysis of mortality.
The primary measure of socio-economic status available for this thesis, NZDep2006, is
available at the meshblock level for each home. Because matching occurred at the CAU
level and the NZDep2006 scores of meshblocks within the same CAU are more likely to be
similar than a two randomly selected meshblocks, NZDep2006 can be expected to be
distributed equally between the treatment groups and the control group in the total
cohort. However, when comparing treatment groups and the control group for the
circulatory and respiratory cohorts this assumption may no longer apply. Table 78
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(Appendix 2) sets out the distribution of NZDep2006 quintiles derived from NZDep2006
scores for the circulatory and respiratory cohorts. There is a weak statistically significant
difference in the distribution of NZDep2006 quintiles when comparing the insulation only
(p=0.068) and heating only (p=0.054) groups with the control group in the circulatory
cohort, but there was no significant difference at the (p<0.1) level in the distribution of
NZDep2006 scores within the respiratory cohort.
Simple regression analysis of continuous NZDep2006 variable is the next step in analysis.
Simple regression analysis is presented in Table 79. Simple regression analysis shows that
the mortality hazard ratio for a 10 unit increase in NZDep2006 score is 1.01 for both
cohorts, but this association is significant statistically for the circulatory cohort (p=0.016)
but not for the respiratory cohort (0.168). Simple regression analysis therefore suggests
that NZDep2006 is likely to be a confounder of the relationship between treatment status
and mortality hazard for the circulatory cohort.
The other available measure, Community Services Card (CSC) status, is an important
marker for socio-economic status in the treatment group (see Subsection 3.3.5. for further
discussion), however it is not known in the control group (although the matching process
may make control households more likely to have similar CSC holder occupant status this
cannot be confirmed). This means that while CSC status is potentially a useful means of
stratification from a policy perspective (Subsection 4.1.7.) it is likely to be a weak marker of
socioeconomic status for inclusion in models, particularly given that NZDep2006 is
available.
4.2.2.5. Health status and mortality
One of the most obvious risk factors for mortality is health status. Health status includes
history of or genetic predisposition for potentially fatal diseases (or diseases that while not
fatal may contribute to mortality risk in combination with other causes), and the presence
of risk factors such as smoking status, alcohol use and obesity, which can increase the risk
of potentially fatal disease.
The WUNZ:HS evaluations only had limited access to information about health status.
The two sources of information (other than NHI data on demographic factors that are
correlated with health status such as age, ethnicity and socio-economic status) are
hospitalisation data and pharmaceutical use data. Ultimately the WUNZ:HS mortality
evaluations used baseline hospitalisation data to account for differences in the health
status of treatment and control group individuals. The alternative, pharmaceutical-use
data, were ultimately rejected as problematic due to the limitations of pharmaceutical use
data described in Subsection 3.2.4.3. A particular concern would be the exclusion of
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hospital-dispensed pharmaceuticals from Pharms, which would quite possibly be most
strongly correlated with serious illness and thus most highly correlated with mortality.
Limiting assessment of health status to hospitalisation data, a priori, it seems reasonable to
suggest that if you have recently been hospitalised you have a higher mortality risk on
average than somebody who has not been hospitalised. This relationship will, of course, be
much stronger for hospitalisations relating to life threatening conditions, such as stage
four lung cancer, than for hospitalisations relating to a broken ankle.
As described in Section 4.2, before period hospitalisation status was the basis for the
creation of the two cohorts analysed in this Chapter and also in the previous WUNZ:HS
evaluations. The WUNZ:HS evaluations’ analyses of mortality rates controlled for
confounding by severity of illness by including measures of before period relevant
hospitalisations in models (Telfar Barnard, Preval et al. 2011, Preval 2012). For example, in
the modelling of mortality for the circulatory cohort I included a variable
“annual_circulatory_cost” which was the log of average annual circulatory costs during
the before period for each individual plus a small arbitrary number (0.000001) (Preval
2012).
This thesis considers the potential to account for confounding using hospitalisation data in
a more comprehensive manner. Unlike the analyses in Telfar Barnard, Preval et al. (2011)
and Preval (2012), a broader range of before period hospitalisation cost summary measures
are considered: average annual cohort-relevant hospitalisation costs (either circulatory or
respiratory); and average annual non-relevant hospitalisation costs (all remaining costs).
Analysis of differences in baseline average hospitalisation costs are presented in Table 80
(Appendix 2). There are no differences in average baseline costs that are significant at the
(p<0.1) level for the circulatory cohort. For the respiratory cohort the only differences that
are statistically significant are the difference in average baseline non-relevant costs
between the insulation and heating group and the control group, this difference is highly
statistically significant (p=0.007).
Turning to simple regression analyses of the hospitalisation-based variables, Table 81
(Appendix 2) shows that for the circulatory cohort, an increase in costs of $1000 is
associated with an increased mortality hazard for both hospitalisation cost variables
(baseline average circulatory costs, baseline average non-relevant costs) and that this
relationship is highly statistically significant (p<0.001).This is also true for the respiratory
cohort.
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These initial analyses suggest that while most of the differences in average hospitalisation
cost between treatment groups and the control group are not statistically significant, any
differences may be significant from a modelling perspective given the strong association
between hospitalisation costs and mortality hazard. This suggests differences in health
status may be a major potential confounder of the relationship between treatment status
and mortality hazard, particularly for the comparison of the “insulation and heating”
individuals and control group individuals.
4.2.2.6. Housing characteristics
Accounting for differences in housing characteristics in the treatment and control group is
important given the potential for confounding and the importance of accounting for
variables used in the initial matching process that underlies the WUNZ:HS evaluation (see
Subsection 4.1.4).
Comparison of the distribution of ‘dwelling health risk’ dummy variables is presented in
Table 82 (Appendix 2). The six ‘dwelling health risk’ dummy variables are derived from
compound variable with two components: a binary construction type indicator (new, old),
and a ternary condition indicator (high, average, low) which is fully described in
Subsection 3.3.4. Table 82 demonstrates that there is no statistically significant difference
in the distribution of the dwelling health risk variable when comparing the treatment and
control groups, at the (p<0.1) level, for either cohort.
Using the ‘dwelling health risk’ dummy variables multiple regression analysis is carried
out and presented in Table 83 (Appendix 2). This Wald test-based analysis suggests that
the ‘dwelling health risk’ dummy variables collectively have a stronger association with
mortality hazard in the respiratory cohort (p=0.006) than in the circulatory cohort
(p=0.191).
It appears likely that differences in the distribution of dwelling health risk may be a more
important confounder for the relationship between treatment group status and mortality
hazard in the respiratory cohort. It is not clear what direction any such confounding will
be in.
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4.2.2.7. Climate, location and mortality
The relationship between location/climate and mortality rates is complex. Temperate
nations such as New Zealand experience excess winter mortality (Davie, Baker et al. 2007,
Telfar-Barnard 2010) , but there is also a large body of evidence regarding the short-term
correlation between both high (Basu and Samet 2002, Basu 2009) and low (Guo, Li et al.
2013) temperatures and mortality rates internationally. There is also evidence of short term
correlation between high temperatures and cardio-vascular, cerebrovascular and
respiratory mortality in New Zealand (Hales, Salmond et al. 2000).
There is a range of data available that can be used to capture confounding by climate and/
or location in this thesis. These measures are described in some depth in Subsection 3.3.8.
The location-based variable chosen is Climate Zone. Climate Zones is defined in
Subsection 3.3.7. Climate Zone will naturally capture other geographic variations such as
variation in socio-economic conditions which may also impact mortality; however,
capturing any potential source of confounding is useful. The Climate Zone dummy
variables were chosen because the best alternative measure, Regional Council, would
involve the inclusion of 15 dummy variables in the initial multiple regression models.
Given that the Cox Proportional Hazard model typically requires a ratio of 10 events: 1
model covariate (Peduzzi, Concato et al. 1996), the three Climate Zone dummy variables
are preferable given that there are 511 deaths in the circulatory cohort and 379 in
respiratory cohort. Time varying measures such as winter, monthly temperature and even
daily measures of temperature at a regional level were considered but additional
complexity and problems from a modelling perspective meant that after some initial
explorations I chose to exclude all time-based variables, as discussed previously.
Table 84 (Appendix 2) demonstrates that there are statistically significant differences at the
(p<0.05) level in the distribution of individuals in the circulatory cohort by Climate Zone
relative to the control group, for individuals with insulation only and heating only at the
(p<0.05) level. In the respiratory cohort, there is a statistically significant difference in the
distribution of individuals by region at the (p<0.1) level when comparing the insulation
only individuals with control individuals. Regression analyses of the Climate Zone
dummy variables presented in Table 85 suggest that it does not have a strong association
with mortality hazard.
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4.2.3. Initial multiple regression models
The initial Cox Proportional Hazard models include all of the covariates identified in
Subsections 4.2.2.1 – 4.2.2.8. The hazard ratios for the exposures of interest for both the
circulatory and respiratory cohorts are presented in Table 22. Table 22 does not present the
full models, these are presented in Table 86 (Appendix 2).
Table 22: Initial multiple regression mortality models, circulatory and respiratory cohorts

Variable name

Circulatory
cohort

Respiratory
cohort

Insulation only
Heating only
Insulation and
Heating
Insulation only
Heating only
Insulation and
Heating

Hazard
Ratio
(relative to
control
group)

Robust
Standard
error

Z

p>|z|

0.717
1.440
0.645

0.082
0.318
0.166

-2.92
1.65
-1.7

0.004***
0.098*
0.088*

0.827
1.197
0.649

0.102
0.333
0.193

-1.53
0.65
-1.46

0.125
0.517
0.146

95% CI for HR

(0.574
(0.935
(0.389

(0.650
(0.695
(0.362

Model summary measures

0.897)
2.219)
1.068)

Log pseudolikelihood = 3909.0558
Wald chi2(18) = 259.91
Prob > chi2 = 0.000

1.054)
2.064)
1.162)

Log pseudolikelihood = 2630.6481
Wald chi2(18) = 150.93
Prob > chi2 = 0.000

* p<0.1, ** p<0.05, *** p<0.01

Models control for age, sex, ethnicity, two baseline hospitalisation variables, NZDep2006Score, dwelling risk, Climate Zone.

Table 22 shows that receiving insulation leads to reduction in mortality hazard relative to
the control group in the circulatory cohort, i.e. the hazard ratio, 0.717 is lower than 1. This
reduction is statistically significant at the (p<0.01) level. Interestingly, there is an increase in
hazard for receiving heating relative to the control group (p = 0.098) and a decrease in
hazard for receiving insulation and heating relative to the control group that is statistically
significant at the (p<0.1) level. These results appear to vindicate the decision to split
treatment into separate exposures of interest as there are different outcomes by treatment
type, with a notable similarity between the insulation and ‘insulation and heating’ groups,
but a markedly different outcome for the heating only group. A Wald test for the equality
of the insulation and ‘insulation and heating’ coefficients produced a chi2 score of 0.15
(p>chi2=0.6975), indicating that there is no evidence to reject the null hypothesis that the
two coefficients are equal. None of the treatments have a statistically significant hazard
ratio relative to the control group in the respiratory cohort at the (p<0.1) level.
4.2.4. Transformation of continuous variables
Transformation of the continuous variables in the initial multiple regression model was
the next step. The approach used was to transform the continuous variable with the
coefficient with the highest |Z| score using the fractional polynomial method, with other
less strongly associated continuous variables included in the model in a temporary
categorical form. This approach was repeated for the variable with the next highest |Z|
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score and so on, until all continuous variables were considered and potentially
transformed. In both models the NZ2006DepScore variable was the last variable to be
transformed, but the transformed variables did not modify the bounds of the confidence
intervals of the hazard ratios of any of the exposures of interest and thus the variable kept
its original form. Table 23 details the impact of this process on measures of model fit and
the hazard ratios of the exposures of interest. Details of the transformations are not
included for reasons of brevity but, for example, the variable age in the respiratory cohort
was transformed into two variables, 1/(age)2 and (age)3.
Table 23: Fractional polynomial transformation of initial circulatory and respiratory models
Model

Baseline nonrelevant average
annual
hospitalisation costs
transformed

Circulatory
cohort

Baseline age
transformed

Baseline average
annual circulatory
hospitalisation costs
transformed

Baseline age
transformed

Respiratory
cohort

Baseline nonrelevant average
annual hosp costs
transformed

Baseline average
annual respiratory
hospitalisation costs
transformed

Exposure of interest

Hazard ratio
relative to
control group

Robust
Standard
error

Z

p>|z|

95% Confidence
Intervals

Insulation only
Heating only

0.672
1.235

0.077
0.285

-3.49
0.92

0.000
0.359

(0.538
(0.786

0.840)
1.941)

Insulation and heating

0.585

0.157

-2

0.046

(0.345

0.990)

Insulation only
Heating only

0.671
1.319

0.078
0.285

-3.41
1.28

0.001
0.201

(0.534
(0.863

0.844)
2.016)

Insulation and heating

0.593

0.154

-2.02

0.044

(0.357

0.986)

Insulation only
Heating only

0.674
1.362

0.079
0.294

-3.36
1.43

0.001
0.153

(0.536
(0.892

0.848)
2.080)

Insulation and heating

0.579

0.149

-2.12

0.034

(0.349

0.959)

Insulation only
Heating only

0.835
1.124

0.102
0.302

-1.48
0.43

0.139
0.664

(0.658
(0.664

1.060)
1.902)

Insulation and heating

0.636

0.201

-1.43

0.152

(0.342

1.181)

Insulation only
Heating only

0.834
1.154

0.102
0.312

-1.48
0.53

0.139
0.597

(0.656
(0.679

1.061)
1.959)

Insulation and heating

0.669

0.211

-1.28

0.202

(0.361

1.240)

Insulation only
Heating only

0.839
1.154

0.102
0.317

-1.44
0.52

0.151
0.603

(0.661
(0.673

1.066)
1.977)

Insulation and heating

0.655

0.213

-1.3

0.193

(0.347

1.238)

Having transformed the continuous variables in the two models the next step is to
consider interactions.
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Measure of fit:
Log pseudo
likelihood
Wald chi2(19) =
328.25
Log
pseudolikelihood
= -3897.5803
Prob > chi2 =
0.0000
Wald chi2(20) =
396.31
Log
pseudolikelihood
= -3866.4891
Prob > chi2 =
0.0000
Wald chi2(21) =
410.76
Log
pseudolikelihood
= -3855.9811
Prob > chi2 =
0.0000
Wald chi2(19) =
176.94
Log
pseudolikelihood
= -2614.6004
Prob > chi2 =
0.0000
Wald chi2(20) =
192.80
Log
pseudolikelihood
= -2608.1417
Prob > chi2 =
0.0000
Wald chi2(21) =
220.40
Log
pseudolikelihood
= -2598.4825
Prob > chi2 =
0.0000

4.2.5. Interaction terms
Because a large variety of interaction terms are possible it is important to be parsimonious
when considering interactions. The most plausible interactions terms, following Hosmer
and Lemeshow et al. (2011) are age and sex. These terms are interacted with other
plausible interaction terms in the model. As noted in Subsection 4.1.4, the approach taken
follows that described in Hosmer and Lemeshow et al. (2011) with interaction terms tested
separately and then added into the model simultaneously if they are significant at the
(p<0.1) level. Removal is then considered if removal does not alter any of the confidence
intervals of the exposures of interest by 1% or more.
Table 24 sets out summary figures for interaction terms considered. Based on the results
presented in Table 24, I simultaneously included the following variables in the multiple
regression circulatory and respiratory models. Circulatory: interaction terms for the
interaction of the fractional polynomial transformations of age with transformed baseline
average annual circulatory hospitalisation costs. Respiratory: the interaction terms for the
interaction of the fractional polynomial transformation of age with ethnicity.
The modified models were then tested to check whether removal of these interaction terms
would have any impact on the confidence intervals of the hazard ratios of the exposures of
interest. Removal of the interaction terms added to the multiple regression model for the
circulatory cohort had very little impact (less than 1% change for all comparisons) on the
confidence intervals of the hazard ratios of the exposures of interest. These interaction
terms were thus dropped from the model.
The inclusion of interaction terms in the multiple regression model for the respiratory
cohort, however, had a much greater impact on the confidence intervals for the hazard
ratio of one of the exposures of interest (insulation and heating vs. control). Two
interaction terms were retained: the interactions of the second baseline age fractional
polynomial (age^3) and the Maori and Pacific Island ethnicity dummy variables.
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Table 24: Testing interaction terms for the circulatory and respiratory models
Interaction
category

Sex
Circulatory
cohort

Age

Sex
Respiratory
cohort

Age

Variable(s)

df

Wald test, all interaction coefficients=0 (all hazard
ratios =1)

Baseline average annual
circulatory hosp costs

2

chi2( 2) =

0.98

Prob > chi2 =

0.6128

Baseline average annual
non-relevant hosp costs

2

chi2( 2) =

0.51

Prob > chi2 =

0.7734

Age

2

chi2( 2) =

0.41

Prob > chi2 =

0.8140

chi2( 3) =

7.39

Prob > chi2 =

0.0604*

Ethnicity

3

Baseline average annual
circulatory hosp costs

2

chi2( 2) = 11.61

Prob > chi2 =

0.003***

Baseline average annual
non-relevant hosp costs

4

chi2( 4) =

5.80

Prob > chi2 =

0.2144

Ethnicity

6

chi2( 6) =

3.32

Prob > chi2 =

0.7679

Baseline average annual
respiratory hosp costs

2

chi2( 2) =

0.02

Prob > chi2 = 0.9877

Baseline average annual
non-relevant hosp costs

2

chi2( 2) =

3.98

Prob > chi2 = 0.1365

Age

2

chi2( 2) =

0.00

Prob > chi2 = 0.9985

Ethnicity

3

chi2( 3) =

1.59

Prob > chi2 = 0.6607

4

chi2( 4) =

1.20

Prob > chi2 = 0.8776

4

chi2( 4) =

1.20

Prob > chi2 = 0.8776

6

chi2( 6) = 32.49

Baseline average annual
resp hosp costs
Baseline average annual
non-relevant hosp costs
Ethnicity

Prob > chi2 = 0.0000***

* p<0.1, ** p<0.05, *** p<0.01

Table 25 sets out the hazard ratios and other summary measures for the exposures of
interest after interactions have been considered.
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Table 25: Preliminary final models, circulatory and respiratory cohorts

Variable name

HR (vs.
control)

Robust
Standard
error

Z

P<|Z|

95% Confidence
intervals

Circulatory
cohort1

Insulation only
Heating only
Insulation and
Heating

0.673
1.348
0.581

0.079
0.293
0.150

-3.37
1.38
-2.1

0.001***
0.169
0.035**

(0.535
(0.881
(0.350

0.847)
2.064)
0.964)

Respiratory
cohort2

Insulation only
Heating only
Insulation and
Heating

0.830
1.129
0.624

0.100
0.313
0.208

-1.55
0.44
-1.41

0.122
0.662
0.158

(0.655
(0.656
(0.324

1.051)
1.944)
1.200)

* p<0.1, ** p<0.05, *** p<0.01
1 Model controls for age, sex, ethnicity, NZdep2006score, hospitalisation-based variables, dwelling risk score, Climate Zone.
2 Model controls for age, sex, ethnicity, NZdep2006score, hospitalisation-based variables, dwelling risk score, Climate Zone plus interaction terms for age fractional

polynomial (baseline age ^3) and the Pacific and Asian ethnicity dummy variables.

At this point the models were rerun including all previously removed interaction terms
simultaneously. The results of the models confirmed that the selection and rejection of
interaction terms described above did not contribute materially to the estimates of any of
the confidence interval of the exposures of interest in either of the two models, suggesting
that the selection and removal processes did not miss complex multi-variable
confounding.
The difference between the insulation only and insulation and heating coefficients was
again examined using a Wald test for both models. A Wald test for the equality of the
insulation and ‘insulation and heating’ coefficients for the circulatory cohort produced a
chi2 score of 0.29 (p>chi2=0.6975), indicating that there is no evidence to reject the null
hypothesis that the two coefficients are equal. A Wald test for the equality of the insulation
and ‘insulation and heating’ coefficients for the respiratory cohort produced a chi2 score of
0.69 (p>chi2=0.4053), again indicating that there is no evidence to reject the null hypothesis
that the two coefficients are equal. Finally, combining insulation and ‘insulation and
heating’ into a single treatment dummy variable, addressing the power issues of the
smaller respiratory cohort, resulted in a HR of 0.8 (95% CI 0.635 – 1.008), (p=0.058). Given
the Wald test results above it is reasonable to interpret this as being driven entirely by the
effect of insulation.
The final stage of the modelling process is to examine model assumptions, assess whether
any individual records have undue influence on the model and to assess goodness of fit.
4.2.6. Finalising model
There are several important stages that must be completed before the model can be
finalised.
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4.2.6.1. Testing proportional hazards assumption
Underlying the Cox Proportional Hazards model is the assumption that the hazard ratios
for model covariates do not change over time in any systematic way (proportionality). A
number of methods are available to test this assumption (Hosmer, Lemeshow et al. 2008). I
have chosen to examine the scaled Schoenfeld residuals for the models.
Schoenfeld residuals can be calculated for each model covariate for each individual in the
model who was not censored e.g. who died. Schoenfeld residuals are the difference
between the predicted value for a given variable at the time of death (given the
individuals remaining in the risk set at the point of calculation) and the actual value of that
variable. When Schoenfeld residuals are graphed against a function of study time (often
time or the log of time) any statistically significant non-zero slope shows that the
proportional hazards assumption has been violated. The model can be adjusted to account
for this violation by including an additional interaction term between the original
covariate and an appropriate function of study time, however, when exposures of interest
demonstrate non-proportionality this can create problems for interpretability.
I tested the proportionality assumption for all covariates in the model using the “estat
phtest” function in Stata, testing for any relationship between the Schoenfeld residuals for
each covariate and both study time and then the log of study time. As suggested by
Hosmer, Lemeshow et al. (2008) I added interaction terms to the model for all covariates
that had a statistically significant relationship with a function of study time at the (p<0.05)
level using the “tvc texp” options in Stata.
For the circulatory cohort model the following variables demonstrated nonproportionality when their Shoenfeld residuals were graphed against the log of time (t):
the Maori ethnicity dummy variable, the Pacific Island ethnicity dummy variable, and two
“dwelling health risk” dummy variables (“old and average” and “new and average”).
When interaction terms interacting these variables with the log of time were added
simultaneously to the model, all terms had statistically significant hazard ratios at the
(p<0.05) level. However, this inclusion had very little impact on the confidence intervals of
any of the three exposures of interest, as demonstrated in Table 26. Consistent with the
model building approach described in Subsection 4.1.4, these time-based interaction terms
are not retained in the model. Beyond parsimony, an additional benefit of this exclusion is
that many of the goodness-of-fit calculations carried out in Subsection 4.2.6.3 are not
compatible with time-varying covariates.
For the respiratory cohort model two time-based interaction terms were added to the
multiple regression model: the interaction of study time with the Pacific Island ethnicity
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dummy variable and with one of the baseline respiratory hospitalisation cost fractional
polynomials (^3). As with the circulatory model, these interaction terms were both
significant at the (p<0.05) level However, they also did not materially alter the estimates of
the coefficients of the hazard ratios of the exposures of interest and for the same reasons
described in the preceding paragraph were thus excluded from the model going forward.
Table 26: Preliminary final models, circulatory and respiratory cohorts, addition of time-varying
covariates
Variable name

HR (vs.
control)

Robust
Standard
error

Z

P<|Z|

95% Confidence
intervals

Circulatory
cohort1

Insulation only
Heating only
Insulation and
Heating

0.673
1.341
0.583

0.079
0.292
0.150

-3.37
1.35
-2.09

0.001***
0.177
0.036**

(0.535
(0.876
(0.352

0.847)
2.055)
0.967)

Respiratory
cohort2

Insulation only
Heating only
Insulation and
Heating

0.823
1.138
0.633

0.100
0.316
0.209

-1.61
0.47
-1.38

0.108
0.642
0.167

(0.649
(0.660
(0.331

1.044)
1.960)
1.211)

* p<0.1, ** p<0.05, *** p<0.01
1 Model controls for age, sex, ethnicity, NZdep2006score, hospitalisation-based variables, dwelling risk score, Climate Zone, and terms interacting the log of study

time with Maori and Pacific Island ethnicity dummy variables and “dwelling health risk” dummy variables “old and average” and “new and average”.
2 Model controls for age, sex, ethnicity, NZdep2006score, hospitalisation-based variables, dwelling risk score, Climate Zone plus interaction terms for the interaction

of age and ethnicity and for the interaction of study time and the Pacific Island ethnicity dummy variables and study time and a fractional polynomial transformation
of baseline respiratory hospitalisation cost (^3)

4.2.6.2. Assessing leverage, influence, outliers
A number of tools are available for the assessment of influential observations, outliers and
high leverage individuals in Cox Proportional Hazards models. When such individuals
are identified it is possible to assess what impact removing them from the model would
have. Whether such removal can be justified is a more complex question, but it is certainly
important to be aware of any individuals that are strongly influencing model output.
Because the goal of this thesis is to estimate the impact of treatment under WUNZ:HS for
the study participants (explanatory modelling) the primary importance of model
covariates other than the exposures of interest is any confounding effect they may have on
the exposures of interest. As such, it is less important to consider the impact of outliers,
high leverage individuals and influential observations on the estimates of the hazard
ratios and confidence intervals of other model covariates.
Given this focus, I have chosen to concentrate on the calculation of “dfbetas” for each
individual, for the coefficients of the three exposures of interest (in each of the two
models). Dfbetas measure the impact of including the individual in the model (vs. a model
that excludes the individual) in terms of how many standard errors that inclusion moves
the estimate of the coefficient in question. A rule of thumb widely stated is to identify
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individuals that have dfbeta score for a given covariate that in absolute terms is greater
than |

2
|
√𝑛

where n is the number of individuals or observations in the study (StataCorp.

2009).
Table 27: Dfbetas for coefficients of exposures of interest, circulatory and respiratory cohorts
No. of individuals with
dfbetas for this covariate
𝟐
that exceed | |

Impact of complete removal

Insulation only

0

N/A

Heating only

14

Statistically significant protective effect of
heating found (HR 0.37, 95% CI (0.16 – 0.85))

Insulation and
Heating

14

Statistically significant protective effect of
heating and insulation increased (HR 0.08,
95% CI (0.01 – 0.45))

Insulation only

0

N/A

Heating only

0

N/A

Insulation and
Heating

0

N/A

Variable name

√𝒏

Circulatory
cohort1

Respiratory
cohort2

1 Model controls for age, sex, ethnicity, NZdep2006score, hospitalisation-based variables, dwelling risk score, Climate Zone.
2 Model controls for age, sex, ethnicity, NZdep2006score, hospitalisation-based variables, dwelling risk score, Climate Zone plus interaction terms for the interaction

of age and ethnicity and for the interaction of study time and the Pacific Island ethnicity dummy variable and study time and a fractional polynomial transformation
of baseline respiratory hospitalisation cost (^3)

Table 27 suggests that while the estimates of the coefficients (and thus hazard ratios) for
the respiratory cohort are not being driven by outliers, the estimates of the coefficients for
the heating vs. control and heating and insulation vs. control dummy variables in the
circulatory cohort are being strongly affected by the presence of a small number of study
members. Exclusion of these individuals was considered and in both cases complete
removal had a large impact on estimated coefficients/hazard ratios.
It was not clear if any removal could be justified in the present study. In general, the topic
of removal appears to be a fraught one; some statisticians argue against any removal,
while the majority appear to agree that influential records that are easily explainable
anomalies (e.g. a multi-choice test result where the participant just chose ‘A’ for every
answer) should be removed. Examination of the outliers in the circulatory cohort did not
reveal any obvious data entry errors, and given the limited nature of the administrative
data available it did not seem reasonable to attempt to identify combinations of
characteristics that seemed biologically implausible.

105

At this point a pragmatic decision was made to concentrate on the key result of the
analyses thus far, the statistically significant (p<0.05) protective effect of insulation vs.
control in the circulatory cohort, which is not driven by any given study participant (based
on dfbetas). The results for heating vs. control and ‘heating and insulation’ vs. control
suggest that some unknown phenomenon is driving estimation of coefficients and hazard
ratios, leading to extremely unstable results (with a small cohort) that in one case had the
appearance of statistical significance. A conservative approach is not to use such results to
assess the benefits of the WUNZ:HS intervention given how susceptible they are to
removal. However given the Wald test results reported in Subsection 4.2.3 it may be
reasonable to assume that the benefits of insulation accrue to those individuals who
occupy houses that received both insulation and heating.
4.2.6.3. Assessment of global goodness-of-fit
A number of measures of global goodness of fit are available for the Cox Proportional
Hazard model. It is possible to calculate various measures of explained variation that are
analogous to R2 . Choodari‐Oskooei, Royston et al. (2012) describe eight measures of
explained variation, stating that two in particular, R2D and R2PM produce the best results in
their simulation and are most resistant to distortion resulting from excessive numbers of
censored study participants. The Royston and Sauerbrei R2D measure is easily calculated in
Stata using the “str2d” command, and is thus adopted as one of the measures of global
goodness-of-fit used in this subsection. The finalised circulatory model has an R2D value of
0.32. The finalised respiratory model has an R2D value of 0.27. These values suggest a
reasonably poor fit, no doubt reflecting the lack of information on a range of plausible
confounders including baseline smoking status, BMI and other key biomarkers.
Hosmer, Lemeshow et al. (2008) describe a method for assessing global goodness of fit
based on assigning each study individual to a “risk-score quantile” based on that
individual’s modelled risk. If the difference in the observed number of deaths/events and
the predicted number of deaths/events for all risk score quantiles is not statistically
significant (p<0.05) the authors suggest that the model as a whole has “passed the test for a
good fitting model” (Hosmer, Lemeshow et al. 2008). The number of risk score groups is
calculated by dividing the number of events/deaths by 40, with an upper limit of 10. In
Stata the command “stcoxgof” is available to automatically carry out these calculations,
and I use it to further explore global goodness-of-fit for the two models.
The results are presented in Table 28 which shows that both models appear to have passed
the test for a good fitting model, although the result for the 9th quantile of risk for the
circulatory cohort is close to being statistically significant at the (p<0.1) level.
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Table 28: Quantiles of risk, circulatory and respiratory cohorts
Quantile
of risk

Deaths

Predicted
deaths

Circulatory
cohort1

1
2
3
4
5
6
7
8
9
10
Total

8
16
18
21
29
40
57
67
102
153
511

Respiratory
cohort2

1
2
3
4
5
6
7
8
9
Total

9
18
23
36
40
45
53
64
91
379

Z

p-normal

Observations

10.551
16.817
21.564
26.858
33.724
41.559
50.984
64.535
87.049
157.359
511

-0.785
-0.199
-0.767
-1.13
-0.813
-0.242
0.842
0.307
1.602
-0.348

0.432
0.842
0.443
0.258
0.416
0.809
0.400
0.759
0.109
0.728

329
329
329
328
329
329
328
329
329
328
3287

12.955
21.267
25.917
30.051
36.982
41.446
50.001
65.344
95.037
379

-1.099
-0.708
-0.573
1.085
0.496
0.552
0.424
-0.166
-0.414

0.272
0.479
0.567
0.278
0.620
0.581
0.671
0.868
0.679

174
173
174
173
174
173
174
173
173
1561

1 Model controls for age, sex, ethnicity, NZdep2006score, hospitalisation-based variables, dwelling risk score, Climate Zone, and terms interacting the log of study

time with Maori and Pacific Island ethnicity dummy variables and “dwelling health risk” dummy variables “old and average” and “new and average”.
2 Model controls for age, sex, ethnicity, NZdep2006score, hospitalisation-based variables, dwelling risk score, Climate Zone plus interaction terms for the interaction

of age and ethnicity and for the interaction of study time and the Pacific Island ethnicity dummy variable and study time and a fractional polynomial transformation
of baseline respiratory hospitalisation cost (^3)

Finally, it is possible to assess graphically, to what extent the model adequately fits the
data by calculating Cox-Snell residuals16 for each study participant after estimating
models, and then rerunning models using each individual’s Cox-Snell residual score as a
replacement for their study-time (StataCorp. 2009). In the new analysis it is possible to plot
the cumulative hazard function (Nelson-Aalen) against the Cox-Snell residuals. The extent
to which the cumulative hazard function is consistent with a 45° reference line is a
graphical measure of model consistency (StataCorp. 2009). Figure 8 shows that both
models appear to demonstrate a reasonable degree of model consistency, particularly as
the visible divergences occur towards the right-hand tail of the distribution in both cases.
The Stata 11 Base Manual states that the baseline hazard is more variable at the right-hand
tail of the distribution “because of the reduced effective sample caused by prior failures
and censoring”(StataCorp. 2009).

Cox Snell residuals are defined for an individual i as rci= 𝐻0 (𝑡𝑖 ) ∗ 𝑒 (𝛽1 𝑥1𝑖+𝛽2 𝑥2𝑖+ …..+ 𝛽𝑝 𝑥𝑝𝑖 ) , where
𝑡
𝐻0 (𝑡𝑖 ) = ∫0 ℎ0 (𝑠)𝑑𝑠 i.e. the cumulative hazard function for that individual at the time of either
16

event or censoring for that individual.
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Figure 8: Cumulative hazard function graphed against Cox Snell residuals
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4.2.6.4. Stratification by Community Services Card status
The most important stratification from a policy perspective is the CSC status of homes that
received a retrofit under the WUNZ:HS programme, as discussed in Subsection 4.1.7. CSC
status was accounted for by interacting treatment dummy variables in each model with a
binary CSC status variable. Stratifying the models presented in the previous sections
produces the following results, presented in Table 29 and Table 30:
Table 29: Results for circulatory model stratified by Community Services Card status
Variable name
Insulation only
Community
Services Card

Heating only
Insulation and
Heating
Insulation only

Non-Community
Services Card

Heating only
Insulation and
Heating

HR (vs.
control)

Robust
Standard
error

Z

P<|Z|

0.661
1.325
0.590

0.086
0.338
0.166

-3.19
1.10
-1.87

0.001***
0.271
0.061*

(0.512
(0.803
(0.340

0.852)
2.190)
1.024)

0.722
1.410
0.530

0.172
0.563
0.334

-1.37
0.86
-1.01

0.171
0.390
0.313

(0.453
(0.644
(0.154

1.150)
3.087)
1.821)

* p<0.1, ** p<0.05, *** p<0.01
Model controls for age, sex, ethnicity, NZdep2006score, hospitalisation-based variables, dwelling risk score, Climate Zone.
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95% Confidence
intervals

Table 30: Results for respiratory model stratified by Community Services Card status

Variable name
Insulation only
Community
Services Card

Heating only
Insulation and
Heating
Insulation only

Non-Community
Services Card

Heating only
Insulation and
Heating

HR (vs.
control)

Robust
Standard
error

Z

P<|Z|

0.859
1.235
0.478

0.111
0.380
0.179

-1.18
0.69
-1.97

0.239
0.493
0.049**

(0.666
(0.675
(0.230

1.107)
2.258)
0.995)

0.703
0.735
3.627

0.182
0.448
2.262

-1.36
-0.51
2.07

0.174
0.613
0.039**

(0.422
(0.223
(1.068

1.169)
2.424)
12.318)

95% Confidence
intervals

* p<0.1, ** p<0.05, *** p<0.01
Model controls for age, sex, ethnicity, NZdep2006score, hospitalisation-based variables, dwelling risk score, Climate Zone plus interaction terms for the interaction of
age and ethnicity and for the interaction of study time and the Pacific Island ethnicity dummy variable and study time and a fractional polynomial transformation of
baseline respiratory hospitalisation cost (^3)

Stratifying treatment dummy variables in the circulatory model allows us to run a Wald
test comparing the coefficients of the CSC and non-CSC dummy variables for each
treatment type. A Wald test for the equality of the two insulation coefficients produced a
chi2 score of 0.11 (p > chi2=0.7373), indicating that there is no evidence to reject the null
hypothesis that the two coefficients are equal. It is possible that the difference in p-values
observed reflects the smaller number of non-CSC individuals. A Wald test for the equality
of the two heating only coefficients produced a chi2 score of 0.02 (p>chi2=0.8946),
indicating that there is no evidence to reject the null hypothesis that the two coefficients
are equal. A Wald test for the equality of the two ‘insulation and heating’ coefficients
produced a chi2 score of 0.02 (p>chi2=0.8747), again indicating that there is no evidence to
reject the null hypothesis that the two coefficients are equal. Finally, Wald tests comparing
the coefficients for insulation and ‘insulation and heating’ for CSC individuals produced a
chi2 score of 0.14 (p>chi2=0.7090), and for non-CSC individuals a chi2 score of 0.21
(p>chi2=0.6440), suggesting that there was no evidence to reject the null hypothesis of
equality, which was consistent with the non-stratified model.
It is reasonable to conclude that there is no evidence that the CSC status of treatment
individuals influences the impact of treatment under WUNZ:HS on mortality for the
circulatory cohort. This is not consistent with findings that lower socioeconomic group
households take a greater proportion of energy efficiency gains as improved heating
(Milne and Boardman 2000), and can be predicted to gain greater health benefits from
insulation and heating retrofits; however, this finding may simply reflect an absence of
statistical power. The finding may also reflect the fact that matching was not able to
account for the CSC status of control group households/individuals, which will bias
results towards insignificance.
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Turning to the respiratory cohort model, the stratification of the treatment dummy
produces two results that are very difficult to reconcile. There is a favourable HR for
‘insulation and heating’ for those individuals who have a CSC of 0.478:1 that is statistically
significant at the (p<0.05 level) but an extremely unfavourable HR for ‘insulation and
heating’ for those who did not have a CSC of 3.627:1, which is significant at the (p<0.05)
level.
It is highly unlikely that improved heating and insulation could result in much greater
mortality risk, and an investigation of the eight individuals who make up this treatment
category reveals that 3 have dfbetas that exceed |

2
|
√𝑛

,which suggests excessive influence.

It seems likely that this result is a statistical anomaly reflecting the extremely small size of
the cohort, as it is highly implausible.
Comparison of the model coefficients for the CSC and non-CSC dummies shows that there
is no evidence to reject the null hypothesis of equality in the case of insulation (chi2=0.53,
prob > chi2=0.4428) and heating (chi2=0.59, prob > chi2=0.4428) but unsurprisingly there is
strong evidence against the null hypothesis in the case on insulation and heating
(chi2=7.84, prob>chi2=0.0051). Other than this unusual result, which is driven by outliers,
the CSC status of individuals does not appear to influence the impact of treatment under
WUNZ:HS on mortality in the respiratory model.
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4.2.6.5.Summary
Having carried out a robust model construction process, considered the impact of
potential violations of the proportional hazards assumption, assessed the impact of
influential observations, and considered several measures of global goodness-of-fit it is
now possible to assess the meaning of the model results presented in this Section. The key
result is a statistically significant reduction in mortality hazard for those individuals in the
circulatory cohort who received insulation relative to the control group individuals. The
hazard ratio is 0.673 (p=0.001). There is also a statistically significant protective effect of
receiving both insulation and heating HR 0.58 (p=0.035) and a Wald test suggests that
there is no evidence to reject the hypothesis that the two HRs are equal. It is interesting to
speculate as to why heating alone would not produce a protective effect. It may be that as
heating could only be installed in homes that met insulation standards a greater
proportion of efficiency gains were taken as energy use savings as pre-treatment
temperatures were already relatively high, or the absence of an effect may simply reflect
limited statistical power.
Stratification of treatment dummies in the circulatory cohort model by CSC status suggests
there is little evidence that CSC status changes the impact of treatment: an unexpected
result given that it is expected that lower income households would benefit more from
retrofits via greater increases in temperature and thus greater health benefits. The caveat
regarding limitations of statistical power noted in the previous paragraph applies equally
here.
There are no statistically significant benefits for any treatment category relative to the
control group in the respiratory cohort at the (p<0.1) level. In general the point estimates of
the hazard ratios of the exposures of interest appear roughly consistent with those found
in the circulatory cohort, and the lack of statistical significance may reflect the smaller size
of the cohort (1561 vs. 3287). In the case of insulation, in particular, the p-value for the HR
approaches statistical significance at the (p<0.1) level (p=0.122), and when insulation and
‘insulation and heating’ are combined as a single dummy variable the 0.8 HR calculated
shows a protective effect of insulation that is statistically significant at the (p<0.1) level
(p=0.058).
Possible causal mechanisms, relating to the effect of insulation in reducing the risk of
mortality in the circulatory cohort, include reduced likelihood of ischaemic and
cerebrovascular events, reduced severity of such events or a combination of both.
However the absence of cause-of-death information means that it is difficult to draw
strong conclusions. The causal mechanisms for the protective effect of insulation found in
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the respiratory cohort model are likely to be through reduced rates and severity of
respiratory illness.
Chapter Seven compiles the results of Chapters Four to Six, which is an opportunity to
observe whether there is corroborating evidence in the form of reduced hospitalisation
costs or pharmaceutical use costs as a result of receiving insulation under WUNZ:HS,
which would strengthen the plausibility of these results. Other evidence in favour of real
effects of insulation include the consistency of results for individuals who received
insulation and for those who received ‘insulation and heating’. However, there remains
the possibility that participation in the WUNZ:HS programme is a marker of health status,
possibly indicating relatively good health and optimism (and thus lower risk of mortality).
This potential selection bias is difficult to address in this thesis, given the timing issues
discussed at the start of Section 4.2. I discuss some of the ways that future studies could
address this issue in Chapter Nine.
Having established, to the extent possible, that there is a highly statistically significant and
clinically significant protective effect of receiving insulation for individuals who are over
65 and have a pre-existing circulatory condition, and a less statistically significant but
clinically significant protective effect of insulation for individuals over 65 who have a preexisting respiratory illness it is now important to consider how these protective effects can
be valued and projected over the expected life-time of an insulation retrofit.
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4.3. Valuing changes in mortality
It is necessary to consider two factors in order to value the protective effect of insulation
observed in the circulatory cohort and respiratory cohorts and thus to include these
changes in a cost-benefit analysis. Firstly, how can any change in mortality best be
quantified in dollar terms? Secondly, to what extent can the initial observed changes in
mortality be extrapolated beyond the study period and over the lifetime of insulation for
current cohort members and future home occupants?
4.3.1. The value of a statistical life in New Zealand
One of the most common approaches to quantifying changes in mortality resulting from
an intervention is to calculate the Quality Adjusted Life Years (QALYs17) or Disability
Adjusted Life Years (DALYs18) that are gained or lost as the result of the intervention. This
approach is often used in cost utility analysis, with change in QALY or DALY per dollar a
basis for the comparison of different interventions. This approach is not compatible with
cost-benefit analysis, which requires all benefits and costs to be measured in dollar terms,
which raises the fundamental question of how we can quantify the value of a human life,
often referred to in the literature as the Value of a Statistical Life (VSL). Although there are
human capital-based approaches that calculate VSL based on lost productivity these
measures fail to account for the full value that individuals place on their lives and thus
most current measures of VSL are based on studies that infer how much individuals value
their own lives or the lives of others. A number of different approaches can be taken to
estimate this value.
Revealed preference studies aim to demonstrate the value that individuals place on their
own lives by using models based on pre-existing data. Many such models compare wages
for job categories with different levels of mortality risk in order to identify the marginal
increase in wage that workers require to take on additional risk: this premium can be
extrapolated to estimate the workers’ revealed VSL (Viscusi and Aldy 2003). Similarly, the
consumer market behaviour method attempts to calculate VSL by identifying the
relationship between the price that people pay are willing to pay for safety features in
products and the reduction in risk that this produces (Brannon 2004).

A QALY is a measure of life years gained that adjusts for the quality of those years. 10 years in
perfect health are equivalent to 10 QALYs, 20 years at 50% health are also equivalent to 10 QALYs.
18 DALY is a measure that combines years of life lost (relative to an average lifespan) with years of
life spent at various levels of disability. DALYs are typically used in population level analyses: for
example to quantify and compare the impacts of different diseases.
17
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Stated preference methods Willingness to Pay (WTP) and Willingness to Accept (WTA)
attempt to establish the marginal value of a life in dollar terms using carefully designed
questionnaires from representative samples of the population (Guria, Leung et al. 2005).
WTP studies look at the minimum amount that participants are willing to pay to reduce or
avoid a given level of risk, and WTA studies look at the minimum that people are willing
to be paid to accept a given higher level of risk (Guria, Leung et al. 2005). Using these
methods a VSL figure is derived. VSL estimates do not incorporate an explicit discount
rate. There is often a great deal of discrepancy between WTP and WTA-based VSLs, with
WTA-based measures typically much larger, possibly reflecting different psychological
responses to potential gains and losses (Guria, Leung et al. 2005); this suggests that a
conservative option from a cost-benefit perspective is to favour WTP-based values over
WTA-based values.
VSL varies greatly from country to country, which reflects differences in GDP as well as
variation in preferences. It is thus sensible to focus on VSL figures derived in the New
Zealand context. From a New Zealand policy perspective, a transport-related VSL
calculated using WTP methods in an influential 1991 paper (Miller and Guria 1991),
produced for the then Land Transport Authority, is the official transport sector VSL and
has been used for a number of non-transport-related applications (Sanderson, Goodchild
et al. 2007, O’Dea and Wren 2010), adjusted for inflation. Other New Zealand candidates
include a more recent VSL calculated for the Land Transport Authority using WTA
methods (Guria, Jones et al. 2003) and a report for the New Zealand Fire Service
(Sanderson, Goodchild et al. 2007) that modifies Miller and Guria’s 1991 VSL to account
for a lowered risk preference for fire-related VSLs relative to transport-related VSLs based
on a survey which showed that participants valued deaths from fire less than transportrelated deaths by a ratio of 0.66:1. The findings of Sanderson, Goodchild et al. (2007) are
consistent with the widely cited paper by Slovic (1987) which presents risk perceptions
within a two-dimensional factor space and shows that, while motor-vehicle accidents and
electrical and appliance fires are similarly ranked in terms of the “unknown risk” factor,
motor vehicle accidents are ranked more highly in terms of “dread risk”.
Given that WTP and WTA methods appear to be favoured internationally over revealed
preference methods (Sanderson, Goodchild et al. 2007), and that the three studies
described above are the main sources of stated preference-based VSL figures for New
Zealanders, it is reasonable to use these three VSL measures as the basis for costing
mortality in this thesis, while acknowledging that illness-related VSL may well differ from
transport or fire-related VSLs. O’Dea and Wren (2010) provide VSL values for the three
studies adjusted to 2008 prices; the current study adjusts these figures to fourth quarter
2011 prices using the Consumer Price Index.
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Having established a range of available New Zealand VSLs, it is now necessary to
consider how VSL can be converted to a measure called the Value of a Statistical Life Year
(VSLY). O’Dea and Wren (2010) provide valuable guidance on how to calculate a VSLY for
a given VSL. We must first make an assumption about the age of the person that stated
preference study participants had in mind when surveyed (often themselves); given a
current life expectancy in New Zealand of approximately 80 years, O’Dea and Wren (2010)
assume that the person considered by participants is 40 years old, in good health, and will
on average have another 40 years to live. The following formula is then used to calculate
VSLY where d is the discount rate applied and n is years of life gained:
𝑛=40

∑ (𝑉𝑆𝐿𝑌/(1 + 𝑑)𝑛 ) = 𝑉𝑆𝐿
𝑛=1
𝑛=40

⇒ 𝑉𝑆𝐿𝑌 = 𝑉𝑆𝐿/( ∑
𝑛=1

1
)
(1 + 𝑑)𝑛

Adapted from (O’Dea and Wren 2010, p 24))
It is clear that the higher the discount rate d the higher the VSLY calculated will be for a
given VSL. The choice of 40 years of life remaining is not highly sensitive as O’Dea and
Wren (2010) note. Table 31 sets out different VSL values calculated using various
combinations of the three 2011 Consumer Price Index adjusted VSLs, three different
discount rates and three different assumptions about the age of the average person
carrying out the original WTP calculations. Discount rates were chosen based on the
discount rates used in the original WUNZ:HS evaluation CBA report (Grimes, Denne et al.
2011), 2.5%, 4% and 8%.
Table 31: VSLY values for various combinations of VSL, discount rate and time period
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Life years remaining
when WTP
calculation made
40 (assumes
individuals 40 years
old)
30 (assumes
individuals 50 years
old)
50 (assumes
individuals 30 years
old)

Discount
rate

Transport 1991-based
VSL
($ 3,586,946)

Transport 1998based VSL
($ 6,073,809)

Fire 2007based VSL
($2,367,384)

2.5%

$142,890

$241,958

$94,308

4.0%

$181,225

$306,870

$119,609

8.0%

$300,802

$509,351

$198,529

2.5%

$171,376

$290,192

$113,108

4.0%

$207,433

$351,249

$136,906

8.0%

$318,619

$539,521

$210,289

2.5%

$126,469

$214,151

$83,469

4.0%

$166,973

$282,737

$110,202

8.0%

$293,207

$496,491

$193,517

Adapted from Telfar Barnard, Preval et al. (2011, p 37)

Table 31 demonstrates that, given different combinations of assumptions, a large range of
VSLY figures can be calculated, from $83,469 to $539,521. VSLY calculated for a given VSL
are not strongly influenced by assumptions about the age of the person that WTP/WTA
study participants envisaged when carrying out the original studies, but are highly
sensitive to choice of discount rate.
The range of discount rates were chosen to be consistent with previous WUNZ:HS
evaluation work, following the original CBA in using 4% as the central choice of discount
rate, and also reporting values calculated using 2.5% and 8% discount rates as a form of
sensitivity analysis. Internationally, a 3% discount rate has been favoured (Aldy and
Viscusi 2008, O’Dea and Wren 2010) and Pharmac recommends a 3.5 % discount rate
currently (Telfar Barnard, Preval et al. 2011). It is important to note that,
counterintuitively, the more conservative discount rate (8 %) typically recommended by
institutions such as the New Zealand Treasury results in the calculation of a much greater
VSLY. Given a 4% discount rate the three VSLYs used in cost calculations are $181,225,
$306,870 and $119,609, with the $181,225 figure derived from the influential work of Miller
and Guria (1991) the primary figure used in this thesis, reflecting the fact that the VSL
produced in that paper is the official transport sector VSL.
Sensitivity analyses are also carried out to reflect the range of VSLYs calculated above.
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4.3.2. Value of a statistical life year: age and health
Before these VSLY values can be applied to the results described in Section 4.2 it is
important to consider an additional complication, the age and health status of the
WUNZ:HS participants studied. Because the mortality model presented in Section 4.2
focus on individuals aged 65 and over who have pre-existing health conditions it may
seem reasonable to question applying unmodified VSLY values to any change in mortality
resulting from WUNZ:HS, given that the VSLs that they are based on are assumed to be
based on a healthy 40 year old with 40 more years to live.
Viscusi and Aldi (2003) note that VSL measures calculated using revealed preference
methods demonstrate gradients by both age (older people have lower VSL), by income
bracket (lower income people have lower VSL), and by country (VSL is lower in
developing nations than in the United States). The authors further refine the relationship
between age and revealed preference VSL in a paper which demonstrates an inverse U
shaped relationship between VSL and age (Aldy and Viscusi 2008). The two key New
Zealand stated preference studies did not find the same inverse U shaped relationship
(Miller and Guria 1991, Guria, Jones et al. 2003). Other WTP-based research does suggest
that VSL decreases with age, but only for people aged 70 and over, and interestingly does
not diminish for people with chronic health problems (Alberini, Cropper et al. 2004).
Methods of valuing life-years gained or lost such as QALY and DALY-based calculations
explicitly value time lived with illness or disability less than time lived at full health. If
enough information about study participant health was available it might be possible to
weight life-years gained as a result of receiving insulation under WUNZ:HS to account for
quality of life in a similar way. However, while it might seem reasonable to modify the
quantification of any change in mortality resulting from WUNZ:HS in such a way if
weightings were available, given WTP-based evidence that people with chronic health
problems may not have lower VSL it could be argued that this is inconsistent with using
WTP-based values. As O’Dea and Wren (2010, p 28), referring to the inverse U shaped
relationship reported by Aldy and Viscusi (2008), note:
A possible counter-argument to these empirical results is a non-empirical one. This is that
governments, when having to make investment decisions for the community as a whole, are
also commonly trying to distribute the benefits equitably, and that this equitable
distribution is best done on the basis of valuing life years equally.
For a mixture of philosophical and pragmatic reasons, in this thesis I have chosen to ignore
the possibility that VSLY values could further be modified to take account of the age or
health of the relevant cohort. As O’Dea and Wren (2010) state, there is clearly much
117

potential for New Zealand research to explore the relationship between age and
VSL/VSLY which would clarify some of these issues.
4.3.3. Combining the value of a statistical life year with change in mortality hazard
Having established the unmodified VSLY figures that will be the basis of costing any
changes in mortality, the costing procedure is fairly straight forward. The following is a
modified summary of the approach I took in the original WUNZ:HS evaluation (Telfar
Barnard, Preval et al. 2011). In the original report, treatment was not divided into
treatment types and thus modifications address the fact that benefits can only be
attributed to individuals who received either insulation or insulation and heating (and not
heating only). The following process is carried out based on the result for the circulatory
cohort. The same process is repeated for the results in the respiratory cohort but only
summary tables are presented for reasons of brevity.
4.3.3.1. Valuing change in mortality in the circulatory cohort
It is first necessary to estimate how many individuals per average household would avoid
mortality in the first year post-treatment.
(A)

= No. of vulnerable individuals in treatment group (65 and over at time of retrofit
and circulatory hospitalisation during before period) who received either insulation
or insulation and heating
= 919
(B)

= Risk of mortality per year for a given circulatory cohort control group

individual
= Ann. mortality rate per 1000 circulatory cohort control group individuals19 /1000
= 91.8906/1000
= 0.0918906
(C)

= Hazard ratio for mortality for treatment group individuals who received
insulation vs. control group
= 0.673

(D)

= No. of individuals who avoided mortality in first year post treatment as a result
of receiving insulation or insulation and heating
= A*B*(1-C)
= 27.61431988

Annual mortality per 1000 circulatory cohort control group individuals derived from after period
mortality data for all circulatory cohort control group individuals.
19
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(E)

= No. of individuals per household who avoided mortality per household in first
year post treatment
= (Chance of an individual avoiding death)* (number of individuals per household)
= ( D/ (All treatment group individuals) )* (Average treatment group household
size)
= (D/(100200))* 3.6389367
= 0.001002862

Having established how many individuals per household would avoid mortality in the
first year post treatment it was then necessary to make assumptions about how much
additional life each individual would gain.
Average remaining expected life years for treatment group individuals who avoided
mortality were derived from life tables based on the average age of the vulnerable cohort
(Telfar Barnard, Preval et al. 2011) which was 76.67 years. These individuals can expect to
live for an additional 11 years on average. Average life gained figure was calculated
assuming a 50:50 sex split (which was conservative as there were slightly more females
than males, and females typically live longer than males) and thus an average life
expectancy for the average treatment group member was calculated. This figure was then
halved in order to account for the possibility that these individuals were relatively
unhealthy, based on pre-existing health issues. It is important to acknowledge the
crudeness of this estimate, which renders the precision of the results presented in this
section somewhat inherently flawed. When I carried out the original analysis in Telfar
Barnard, Preval et al. (2011) it was necessary to make quick and crude estimates. In the
intervening years I have not found a better approach to accounting for recent
hospitalisation as a predictor of life-years remaining for an elderly New Zealand cohort.
The impacts of assuming a 25% reduction in life expectancy or a 75% reduction in life
expectancy are also explored, which mitigates the impact of this difficult to justify
assumption somewhat.
(F)

= Average life years gained per treatment group individual who avoided mortality
(mid)
= 11*0.5
= 5.5

(G)

= Average life years gained per treatment group individual who avoided mortality
(low)
= 11*0.25
= 2.75
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(H)

= Average life years gained per treatment group individual who avoided mortality
(high)
= 11*0.75
= 8.25

Having established a range of conservative figures for (F) – (H) it is then reasonably
straight forward to calculate the value of those life years gained. It is assumed that the
deaths avoided occurred in the middle of the first year post treatment. Those six months
were undiscounted in the original report, an error addressed in this thesis. Subsequent
years gained are discounted using an appropriate discount rate.
(J)

= Value of change in mortality for a treatment group individual who avoided
mortality
𝑉𝑆𝐿𝑌
)
(1+𝑑)1

= 0.5 ∗ (

+∑

𝑛=(𝐹 𝑜𝑟 𝐺 𝑜𝑟 𝐻)−1
𝑛=2

𝑉𝑆𝐿𝑌
)
(1+𝑑)𝑛

(

Table 32: Values of change in mortality per treatment group individual who avoided mortality as
a result of receiving insulation (values of J): circulatory cohort
Total years gained per
person who avoided
mortality

(F) 5.5

(G) 2.75

(H) 8.25

Discount
rate

Transport 1991-based
VSL
($ 3,586,946)

Transport 1998based VSL
($ 6,073,809)

Fire 2007based VSL
($2,367,384)

2.5%

$720,882

$1,220,682

$475,785

4.0%

$869,988

$1,473,160

$574,195

8.0%

$1,274,484

$2,158,097

$841,158

2.5%

$374,286

$633,785

$247,031

4.0%

$461,626

$781,676

$304,674

8.0%

$714,383

$1,209,672

$471,492

2.5%

$1,170,473

$1,981,982

$772,517

4.0%

$1,384,572

$2,344,509

$913,822

8.0%

$1,930,091

$3,268,242

$1,273,858

Having established a range of values for J with $869,988 the preferred value it is then easy
to calculate the total value of life gained at the level of a treatment group household as a
result of mortality avoided in the first year post treatment by multiplying J by E
(K)

= J*E
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Table 33: Total value of change in mortality per treatment group household due to mortality
avoided during first year post-treatment (values of K): circulatory cohort
Total years gained per
person who avoided
mortality

(F) 5.5

(G) 2.75

(H) 8.25

Discount
rate

Transport 1991-based
VSL
($ 3,586,946)

Transport 1998based VSL
($ 6,073,809)

Fire 2007based VSL
($2,367,384)

2.5%

$722.95

$1,224.18

$477.15

4.0%

$872.48

$1,477.38

$575.84

8.0%

$1,278.13

$2,164.27

$843.57

2.5%

$375.36

$635.60

$247.74

4.0%

$462.95

$783.91

$305.55

8.0%

$716.43

$1,213.13

$472.84

2.5%

$1,173.82

$1,987.65

$774.73

4.0%

$1,388.53

$2,351.22

$916.44

8.0%

$1,935.61

$3,277.60

$1,277.50

At this point a philosophically interesting juncture is reached. A figure K has been
produced valuing the total benefit of the mortality avoided per treatment group
household in the first year post treatment. However, from a cost-benefit perspective what
is required is an estimate of the total benefit of the treatment over the lifetime of the
product, which requires an annual benefit estimate.
It might seem reasonable to simply assume that the total benefit K would accrue each year
for different individuals occupying the treatment group households; this would require an
assumption that there would always be the same proportion of individuals in each treated
household that met the criteria (65 and over with recent circulatory hospitalisation).
However, in a real world scenario, given that people continue to live in the same homes it
seems possible, particularly given a reasonable assumption that a person who has recently
had a hospitalisation of a given type is more likely to have further hospitalisations of that
type than an individual who has not recently had a hospitalisation of that type, that a
person might avoid mortality as a result of insulation multiple times over a period of years
(assuming there is any such benefit). The reason that this was philosophically interesting is
that it raised the question of how to value multiple instances of mortality avoidance for an
individual. The VSL discussion above suggests that the life-years remaining for a given
individual have a fixed value; this implies that if that individual avoids death for a second
time they will not gain additional benefit measured in VSLYs beyond that initially gained.
To be more explicit, if the remainder of my life is worth two million dollars to me,
avoiding a fatal car crash will gain me additional life valued at two million dollars, but
avoiding a second car crash on the following day will not gain me additional life worth a
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further two million dollars i.e. my remaining life will not now be worth four million
dollars to me.
In order to address this concern, assumptions need to be made about the transitioning
occupancy of the average insulated home. The most conservative assumption, which
seems reasonable given that elderly people tend to have lower levels of residential
mobility, is to assume that individuals in the vulnerable cohort remain in the vulnerable
cohort until death (i.e. continue to occupy the same treatment home and continue to
experience circulatory illness).
The probability that any vulnerable individual avoids mortality in a given year as a result
of receiving insulation was calculated for a vulnerable individual as:
(L)

= Probability a vulnerable treatment individual avoids mortality in a given year
due to insulation
= B* (1-C)
= 0.030048226

This figure was the basis for calculating M, a proportional reduction that can be applied to
K in order to produce an annual benefit figure that can be applied to multi-year costbenefit calculations. M identifies the chance that a vulnerable person who avoided
mortality might also avoid mortality due to retrofitted insulation at least once more during
the rest of their lifespan spent in their retrofitted home. The VSLY based benefits gained
by such individuals are dropped from analysis in order to avoid double counting, as the
benefit of mortality avoided will be captured for that individual by calculation of (K) at the
household level in subsequent years in a multi-year cost-benefit analysis.
(M)

= Probability that a vulnerable person who avoided death due to insulation retrofit
might avoid death due to insulation retrofit at least once more during the
remainder of their life.
= 1- (1-L) n
(where n is average additional life years predicted for a vulnerable individual)

In the original report (Telfar Barnard, Preval et al. 2011) a figure of 11.5% was calculated
for M which was then conservatively rounded to 15%. In this thesis three values for (M)
are calculated, assuming that individuals live for an additional 2.75 years (M)= 8.75%, 5.5
years (M)= 14.11% or 8.75 years (M)=21.66%.
M was applied to K in order to produce an on-going estimate of benefit N.
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N = K*(1-M)
Table 34: Ongoing annual benefit of reduced mortality per household as a result of receiving
insulation (values of N): circulatory cohort
Total years gained per
person who avoided
mortality

(F) 5.5

(G) 2.75

(H) 8.25

Discount
rate

Transport 1991-based
VSL
($ 3,586,946)

Transport 1998 based VSL
($ 6,073,809)

Fire 2007based VSL
($2,367,384)

2.5%

$620.72

$1,051.08

$409.68

4.0%

$749.11

$1,268.47

$494.41

8.0%

$1,097.40

$1,858.24

$724.29

2.5%

$342.51

$579.98

$226.06

4.0%

$422.44

$715.32

$278.81

8.0%

$653.74

$1,106.98

$431.47

2.5%

$919.57

$1,557.13

$606.92

4.0%

$1,087.78

$1,841.95

$717.94

8.0%

$1,516.36

$2,567.67

$1,000.80

The figures presented in Table 34 are annual mortality benefits per household as a result of
improved insulation. These figures can be summed over the predicted life time of an
insulation retrofit with appropriate discounting. A complication which it is important to
acknowledge is that the effectiveness of insulation may reduce during the course its lifetime. How much such a reduction might limit the benefits found above is difficult to
estimate. This important research question is further discussed in Subsection 9.1.6.
The primary annual benefit figure is $749.11 for an average household. This figure is
calculated using the current transport sector VSL, a 4% discount rate consistent with the
original WUNZ:HS cost-benefit evaluation and the central assumption of 5.25 life-years
gained.
Stratification of this analysis by CSC status was carried out, driven by the observation that
although CSC status does not appear to have an impact on the protective effect of
insulation that a higher proportion of vulnerable individuals occupied households that
participated in the WUNZ:HS programme at the CSC subsidy level. This means, following
steps A –N that greater annual benefits will be calculated for CSC households, due to the
higher average numbers of individuals per household who avoided mortality in year one.
The converse is true for non-CSC households. The results of these calculations are
presented in Table 35.
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Table 35: Ongoing annual benefit of reduced mortality per household as a result of receiving
insulation (values of N): circulatory cohort: results by CSC status of household
CSC status of
household

Total years gained
per person who
avoided mortality

(F) 5.5

CSC

(G) 2.75

(H) 8.25

(F) 5.5

Non-CSC

(G) 2.75

(H) 8.25

Discount
rate

Transport 1991 -based
VSL
($ 3,586,946)

Transport 1998 based VSL
($ 6,073,809)

Fire 2007
-based VSL
($2,367,384)

2.5%

$806.17

$1,365.11

$532.08

4.0%

$972.92

$1,647.46

$642.13

8.0%

$1,425.27

$2,413.43

$940.68

2.5%

$444.85

$753.27

$293.60

4.0%

$548.65

$929.04

$362.11

8.0%

$849.06

$1,437.72

$560.38

2.5%

$1,194.31

$2,022.35

$788.25

4.0%

$1,412.77

$2,392.26

$932.43

8.0%

$1,969.40

$3,334.81

$1,299.80

2.5%

$339.75

$575.30

$224.24

4.0%

$410.02

$694.30

$270.62

8.0%

$600.66

$1,017.10

$396.44

2.5%

$187.47

$317.45

$123.73

4.0%

$231.22

$391.53

$152.61

8.0%

$357.82

$605.91

$236.16

2.5%

$503.33

$852.29

$332.20

4.0%

$595.39

$1,008.18

$392.96

8.0%

$829.98

$1,405.41

$547.78
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4.3.3.2. Valuing changes in mortality in the respiratory cohort
Valuing changes in mortality for the respiratory cohort was based on the 0.8 HR relative to
the control group calculated by combining insulation and ‘insulation and heating’ into a
single dummy variable. Replicating the process described in the previous subsection was
straightforward: average age was very similar to the circulatory cohort, and it seemed
reasonable to predict the same impact on remaining life-years of pre-existing respiratory
illness as pre-existing circulatory illness. Key differences included a much lower
proportion of vulnerable individuals per household, leading to lower estimates of benefit
per household, but also a slightly higher annual mortality rate in the control group (0.146)
leading to higher estimates of benefit per household. The primary annual benefit figure is
$371.53 for an average household.
Table 36: Ongoing annual benefit of reduced mortality per household as a result of receiving
insulation (values of N): respiratory cohort
Total years gained per
person who avoided
mortality

(F) 5.5

(G) 2.75

(H) 8.25

Discount
rate

Transport 1991 -based
VSL
($ 3,586,946)

Transport 1998 based VSL
($ 6,073,809)

Fire 2007
-based VSL
($2,367,384)

2.5%

$307.83

$521.26

$203.17

4.0%

$371.51

$629.08

$245.20

8.0%

$544.24

$921.56

$359.20

2.5%

$169.86

$287.63

$112.11

4.0%

$209.50

$354.75

$138.27

8.0%

$324.21

$548.99

$213.98

2.5%

$456.04

$772.23

$300.99

4.0%

$539.46

$913.48

$356.05

8.0%

$752.01

$1,273.39

$496.33

In order to account for differences in the average number of vulnerable occupants per
household by the CSC status of that household we can repeat the stratification process
described in the previous subsection.
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Table 37: Ongoing annual benefit of reduced mortality per household as a result of receiving
insulation (values of N): respiratory cohort: results by CSC status of household
CSC status of
household

Total years gained
per person who
avoided mortality

(F) 5.5

CSC

(G) 2.75

(H) 8.25

(F) 5.5

Non-CSC

(G) 2.75

(H) 8.25

Discount
rate

Transport 1991 -based
VSL
($ 3,586,946)

Transport 1998 based VSL
($ 6,073,809)

Fire 2007
-based VSL
($2,367,384)

2.5%

$416.22

$704.80

$274.71

4.0%

$502.31

$850.57

$331.53

8.0%

$735.86

$1,246.04

$485.67

2.5%

$229.67

$388.91

$151.58

4.0%

$283.27

$479.66

$186.96

8.0%

$438.36

$742.29

$289.32

2.5%

$616.62

$1,044.13

$406.97

4.0%

$729.41

$1,235.11

$481.41

8.0%

$1,016.79

$1,721.75

$671.08

2.5%

$143.62

$243.19

$94.79

4.0%

$173.33

$293.49

$114.40

8.0%

$253.91

$429.95

$167.58

2.5%

$79.25

$134.19

$52.30

4.0%

$97.74

$165.51

$64.51

8.0%

$151.26

$256.13

$99.83

2.5%

$212.77

$360.28

$140.43

4.0%

$251.68

$426.18

$166.11

8.0%

$416.22

$704.80

$274.71

4.3.3.3. Accounting for individuals in both cohorts
A final corrective, necessary from a cost-benefit analysis perspective, is to consider how to
account for the 96 individuals aged 65 and over who had both circulatory and respiratory
hospitalisations prior to receiving insulation or insulation and heating under WUNZ:HS,
i.e. were in both cohorts. A simple and pragmatic approach is to avoid double counting
any benefits these individuals might receive by adjusting the results presented in Table 36.
There were 469 individuals in the respiratory cohort, we can account for double counting
by reducing household level benefits for the respiratory cohort by 96/469=20.47%.
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Table 38: Ongoing annual benefit of reduced mortality per household as a result of receiving
insulation (values of N): respiratory cohort: adjusted to avoid double counting
Total years gained per
person who avoided
mortality

(F) 5.5

(G) 2.75

(H) 8.25

Discount
rate

Transport 1991 -based
VSL
($ 3,586,946)

Transport 1998 based VSL
($ 6,073,809)

Fire 2007
-based VSL
($2,367,384)

2.5%

$260.19

$440.59

$171.73

4.0%

$314.01

$531.72

$207.25

8.0%

$460.01

$778.94

$303.61

2.5%

$127.11

$215.24

$83.90

4.0%

$156.78

$265.47

$103.47

8.0%

$242.62

$410.83

$160.13

2.5%

$362.70

$614.16

$239.38

4.0%

$429.04

$726.50

$283.17

8.0%

$598.08

$1,012.74

$394.73

A similar corrective can be applied to CSC stratified results although it is not presented
here for reasons of concision.
4.3.4. Summary
Section 4.3 presents a method for valuing changes in mortality rates. A range of values for
reduced mortality rates are presented. The assumptions underlying these calculations are
laid out and justified. These values are applied to the reductions in mortality found in
Section 4.2 in order to produce annual estimates of the financial benefit of changes in
mortality resulting from receiving insulation under WUNZ:HS at the household level. The
resulting figures can be combined with any estimated changes in household
hospitalisation costs or pharmaceutical use costs resulting from receiving a WUNZ:HS
retrofit in order to produce summary figures suitable for inclusion in a cost-benefit
analysis. Chapter Five addresses hospitalisation costs and Chapter Six addresses
pharmaceutical use costs.
Chapter Seven presents the full range of benefits calculated, sums them at the household
level and applies them to the cost-benefit model presented in Grimes, Denne et al. (2011).
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CHAPTER 5. MODELLING CHANGES IN HOSPITALISATION
COSTS
The goal of the analyses presented in Chapters Four, Five and Six of this thesis is to assess
whether receiving treatment under WUNZ:HS leads to changes in health-related benefits
and costs. While the analysis of mortality data presented in Chapter Four required
additional steps in order to produce estimates of changes in costs, NMDS hospitalisation
data already includes cost, eliminating the need to estimate costs based on different
theoretical foundations.
Cost data are inherently more skewed to high values than hospitalisation count data and
in fact there may appear to be a case for analysing changes in the rate of hospitalisation
rather than costs. However, we can imagine situations where a treatment reduced the rate
of hospitalisation, but those hospitalisations that did occur were more costly on average,
meaning that treatment had no benefit in cost terms: analysis based purely on count data
would miss such subtleties.
The original goal of this chapter was to both extend the household level analyses of
hospitalisation cost data that I carried out in the two WUNZ:HS health evaluations (Telfar
Barnard, Preval et al. 2011, Preval 2012) and to explore the potential for individual level
analyses of hospitalisation cost data, which were not included in the original reports
(Telfar Barnard, Preval et al. 2011).
There are two hospitalisation categories that may plausibly be influenced by treatment
under WUNZ:HS; circulatory illness-related hospitalisation and respiratory illness-based
hospitalisation. Other potential outcome measures, such as psychiatric hospitalisation,
have some slight plausibility, but are not supported by much evidence and thus are not
explored here. It is also possible to analyse all-cause hospitalisations, attempting to
capture all changes in hospitalisation cost in a single analysis, assuming that differences
between treatment groups in other hospitalisation cost categories are random. Thus any
difference in total hospitalisation costs may be interpreted as resulting from receiving
treatment under WUNZ:HS. In the two WUNZ:HS evaluations results for all-cause
hospitalisations, circulatory hospitalisations and respiratory hospitalisations were
presented but CBA results were calculated based on all-cause hospitalisation results
(Grimes, Denne et al. 2011), which was a conservative decision in context.
Section 5.1 revisits the potential of the dataset for individual analysis. Typical
characteristics of hospitalisation cost data are discussed and initial descriptive statistics for
the available individual level hospitalisation data are presented to inform this discussion.
Section 5.1 presents some initial analysis of a number of potentially suitable model
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specifications and presents the results of model diagnostics. These considerations
confirmed that the data available are not well suited to individual level modelling.
Section 5.2 describes an innovative approach to modelling hospitalisation costs, panelbased analysis of cost difference data aggregated at the treatment and matched control
group household level, and carries out the model building process. The model utilised in
the two WUNZ:HS health evaluation papers (Telfar Barnard, Preval et al. 2011, Preval
2012) is extended to explore the impact of climate variation and the separation of the
exposure of interest from treatment vs. control to insulation, heating, and insulation and
heating. Particular attention is given to the discussion of extreme values.
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5.1. Individual level analysis
Health cost and health services utilisation modelling is typically complicated by the
distribution of the dependent variable, such as skewness (a heavy right tail) or a high
proportion of zero values (Venturini, Dominici et al. 2008). Model specifications such as
ordinary least squares regression are often not appropriate for untransformed data of this
type because their assumptions are violated, for example the distribution of error terms in
such models is unlikely to be approximately normal and the homoscedasticity assumption
is also likely to be violated (Dodd, Bassi et al. 2006). Excess zeroes may also be a concern
for ordinary least squares models in some cases (Mihaylova, Briggs et al. 2011).
The hospitalisation data from the WUNZ:HS evaluation demonstrates the typical
characteristics of health cost data. Table 39 presents summary measures of average annual
hospitalisation cost post-treatment for all individuals who had at least one year of pretreatment data (important as baseline hospitalisation costs are an important potential
confounder). Individuals who had no post-treatment data, i.e. who died prior to receiving
treatment are excluded from analysis as are occupants of treatment homes that did not
receive insulation or heating and their matched control households.
Table 39: Summary measures, all study individuals’ post-treatment average annual
hospitalisation cost data
Variable name
Average annual
hospitalisation
cost (all cause)
Average annual
circulatory
hospitalisation
cost
Average annual
respiratory cost

Mean

Standard deviation

Skewness

Kurtosis

Proportion of zero values

$284.91

2774.85

59.74

7059.98

91%

$47.68

854.26

50.52

5133.21

98.7%

$27.19

584.47

94.59

13713.31

98.8%

Table 39 shows that the hospitalisation data are highly skewed: they exhibit extreme
kurtosis and likely exhibit excess zeroes. Such data are unlikely to be suited for analysis
using standard OLS regression, although in some cases a large enough dataset may
overcome such problems (Mihaylova, Briggs et al. 2011). A number of approaches to
modelling cost data are described in the literature. Common approaches cited include OLS
(Briggs and Gray 1998, O'Hagan and Stevens 2003, Briggs, Nixon et al. 2005, Mihaylova,
Briggs et al. 2011), OLS using log transformed costs (Briggs and Gray 1998, Manning and
Mullahy 2001) and Generalised Linear Models (GLMs) of the Gamma family (where the
mean is a function of the square of the variance) with the log link (where the dependent
variable is the log of the expected value of cost) (Manning and Mullahy 2001, Dodd, Bassi
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et al. 2006, Mihaylova, Briggs et al. 2011) . In addition to this GLM specification many
other combinations of family and link function may be used (Manning, Basu et al. 2005,
Mihaylova, Briggs et al. 2011), and automated methods have been developed for selecting
the best combination of family and link for a given dataset. The problem of excess-zeroes
has been addressed by using two-step models, in which the probability of incurring any
cost at all is modelled using a logit or Probit model and then a suitable GLM or OLS is
used to model costs amongst those who have incurred costs(Duan 1983, Mihaylova, Briggs
et al. 2011) .
Choice of model in the literature appears to be driven partly by theory and partly by the
characteristics of the data available. If multiple model specifications were appropriate for
the data available in this study it would be necessary to consider the criteria to be used for
model selection more carefully. However, an initial review of models fitted for the three
categories of hospitalisation cost suggest that analysis at an individual level may not be
tenable at all, which was the conclusion reached in the original WUNZ:HS health
evaluation (Telfar Barnard, Preval et al. 2011). Post-estimation model diagnostics for initial
models containing the following plausible confounders: sex, age, ethnicity, pre-treatment
hospitalisation costs of the relevant type, NZDep2006score, dwelling risk score and
location, showed that none of the standard approaches appeared viable.
I ran initial models using all-cause hospitalisation costs as the dependent variable. I
assessed OLS, log-OLS, GLM (Gamma family and log link) and a two-step model using a
logit model to determine the probability of incurring a hospitalisation and a GLM (Gamma
family and log link) to model costs amongst those who incurred a cost. The models
produced had extremely low R2 and adjusted R2 scores, and in the case of the two-stage
model the model would not converge. I analysed those models that were successfully
implemented using the linktest function. The linktest function, available in Stata, is based
on work by Pregibon (1979) and involves rerunning a given regression y= f(Xβ)with both
Xβ and Xβ^2 as covariates (StataCorp. 2009). If the Xβ^2 term is statistically significant this
indicates that the independent variables in the model have not been correctly specified, or
alternatively that the dependent variable has not been correctly specified (StataCorp.
2009). In this case all rerun models had highly significant Xβ^2 terms, suggesting that there
were serious concerns about the specification of either the dependent variable or the
independent variables.
I briefly considered some initial inclusion criteria such as age (65 and over) or evidence of
pre-existing health issues (a baseline hospitalisation event of the relevant type). The results
of these more targeted analyses also indicated that individual analysis would be highly
problematic. At this point I concluded that the analysis of individual level hospitalisation
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cost data was not viable for this dataset. The rest of this chapter focuses on a more
promising analytical approach: household level modelling of hospitalisation costs.
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5.2. Household level analysis: Original model
During the evaluation of WUNZ:HS it was concluded that individual level cost analysis
would not prove viable. This conclusion led Group members to consider an alternative
approach: household level analysis of hospitalisation and pharmaceutical costs. This
approach had already proven extremely effective in the analysis of electricity and energy
use data produced by Grimes, Young et al. (2011). I modified the approach to suit the
characteristics of the cost data available. The benefits of the household level models
included a reduction in the number of zero values for the dependent variable, and the
centring of the dependent variable around zero.
The resulting household level models produced statistically significant and plausible
results, including an estimated reduction in monthly all-cause hospitalisation costs perhousehold of approximately $5.37 (Telfar Barnard, Preval et al. 2011). This result was not
replicated in the MED-funded extension, however, which found no statistically significant
change in hospitalisation costs as a result of receiving insulation or heating under the
WUNZ:HS programme (Preval 2012).
In this Section I will reproduce the model I used in the two WUNZ:HS evaluation heath
reports, with some minor modifications such as separate insulation, heating and insulation
and heating dummy variables. In my original analysis the possibility of including
additional model covariates in order to address possible confounding was rejected (see
Subsection 4.1.4). Here plausible household level confounders are considered.
5.2.1. Model specification
The original model is a difference-in-difference model. The model compares the difference
between each treatment group household’s average monthly hospitalisation costs and the
mean of its matched control group households’ monthly hospitalisation costs before and
after the intervention. The model is a fixed effects OLS estimator with robust standard
errors clustered by treatment/control household pairing.
Hosp Cost Diff it = αi + β1insulationit + β2heatingit + β3heating_and_insulationit + β4x4it…+ βpxpit + εit
Hosp Cost Diffit represents the difference between the average monthly hospitalisation costs
of treatment housei and its control group houses over time t (either before or after); αi
represents the unobserved individual house fixed effect of house i relative to its control
houses; insulationit is a dummy variable, that is 1 if housei had retrofitted insulation only
for the entirety of the after period, heatingit is a dummy variable that is 1 if housei had
retrofitted heating only for the entirety of the after period; heating_and_insulationit is a
dummy variable that is 1 if housei had both retrofitted insulation and heating for the after
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period. The coefficients on the treatment dummies, if statistically significant, indicate the
size and direction of any change in the difference in average monthly hospitalisation costs
as a result of treatment. As with Cox Proportional Hazard model in Chapter Four it is not
possible to fully characterise changes in treatment group status using this model,
particularly where there is some gap between the initial insulation retrofit and the
additional heating retrofit: the extended model described in Section 5.3 addresses this
concern. x4it…xpit are confounders (discussed in Subsection 5.2.3. below); εit is the residual
term, which is assumed to be correlated between periods within houses, but independent
between houses.
5.2.2. Model construction and approach to extreme values
Model construction required the summing of the relevant hospitalisation costs (either allcause, respiratory or circulatory) by household for each month of data. An average
hospitalisation cost figure was calculated for all of the matched control households of a
given treatment household. Finally the difference in monthly costs between the treatment
household, and the average of its matched controls for that month was calculated. Months
for a given treatment/control pairing where there were either no individuals occupying
the treatment household, or no individuals occupying any control households, were
dropped (these records reflect deaths during the study period). The month in which the
first treatment occurred is also dropped. Finally the monthly difference in cost figures
were averaged to produce a before period average monthly cost difference and an after
period average monthly cost difference for each treatment/control pairing.
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At this point, for each model, treatment/control pairings that had before or after period
cost difference records that were below the 1st or above the 99th percentiles were dropped,
consistent with my approach in the original WUNZ:HS health evaluations. The results of
this removal on measures of skew and kurtosis are set out in Table 40.
Table 40: Summary statistics, dependent cost variables, with and without exclusions
Dependent
variable

Inclusion rule

Mean

Std. deviation

Skewness

Kurtosis

13.95

534.85

10.22

449.01

Hosp_cost_diff

All pairings
Exclude below
1st and above
99th percentiles

-7.76

246.01

2.64

15.98

6.26

219.69

27.99

1634.6

Circ_cost_diff

All pairings
Exclude below
1st and above
99th percentiles

-3.31

62.14

3.44

29.26

3.15

122.59

27.7

1570.19

Resp_cost_diff

All pairings
Exclude below
1st and above
99th percentiles

-1.68

32.63

3.59

29.34

Table 40 suggests that the exclusions greatly reduce the standard deviation, skew and
kurtosis of all three dependent variables. This is to be expected, and suggests that data
quality has been improved by the exclusions. The consistent reduction in mean values
suggests that the extreme values above the 99th percentile were further from the original
mean than the extreme values below the 1st percentile. This is not necessarily a concern,
and is likely to reflect the averaging process by which the dependent variables were
constructed, where costs for control households are averaged across up to nine other
control households20, reducing the extremeness of their averaged values.
The impact of removal is also demonstrated by a kernel density plot of hosp_cost_diff for
data with and without removal in Figure 9. The kernel density plot of the complete dataset
does not visually indicate any obvious cut-off point for extreme data.

It was not necessary to randomly remove control households where there were more than four
matches for a given treatment household, as was the case for the individual level datasets used in
previous chapter, because the averaging process employed in this chapter means that the number
of control households would not impact analysis.
20
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Figure 9: Kernel density plots, hosp_cost_diff, with and without removal of extreme values
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Removal of extreme values greatly reduces skewness and kurtosis, but may be considered
controversial given that the very nature of hospitalisation cost data is inherently skewed
and there are no grounds for removal of extreme values due to data quality concerns.
However, the possibility of a few extremely costly hospitalisations greatly distorting
analysis is ultimately too important to ignore. Later, in Subsection 5.2.5 the impact of
removal is explored in depth with models being rerun both without exclusions and with
removal of treatment/control pairings that had before or after period cost difference
records that were below the 5th or above the 95th percentiles.
The dataset construction and cleaning process is set out in Figure 10.
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Figure 10: Dataset construction, original hospitalisation costs models
Step 1: Hospitalisation costs for remaining treatment and matched control group individuals
summed by dwelling and month (Jan 2008 – Dec 2011).
Average hospitalisation costs per control household with valid occupants calculated for all control
households matched to a given treatment household.
Difference between treatment and mean control group hospitalisation costs calculated for each
treatment/controls pairing.
Treatment/control pairings = 29,607, observations = 1,421,136
Step 2: Identified months for a given treatment dwelling in which there were either no legitimate
treatment group occupants or no matched control group occupants (all having been removed due
to age issues or death). These were removed because a cost comparison would be meaningless.
3,221 months in which this occurred were removed from the data set.
Treatment/control pairings = 29,607, observations = 1,417,915
Step 3: Further aggregated (averaged) cost difference and data for before and after period, having
dropped the relevant month in which the intervention occurred for each dwelling cluster. Dropped
both before and after records if either period entirely missing due to previous removals).
Treatment/control pairings = 29,565, observations = 59,130
Step 4: For each hospitalisation cost difference category (all-cause, circulatory and respiratory)
separately identified records below 1st percentile and above 99th percentiles. Both before and after
records for a given treatment/control pairing were labelled extreme and excluded from analysis if
one of the records was identified as extreme 21.
Treatment/control pairings, all cause hospitalisation cost model = 28,455, observations = 56,910
Treatment/control pairings, circulatory hospitalisation cost model= 28,417, observations = 56,834
Treatment/control pairings, respiratory hospitalisation cost model = 28,483, observations = 56,966

Slight variation in the numbers of pairings and observations reflect differences in the numbers of
treatment pairing that had an extreme value in both the before and after periods.
21
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5.2.3. Confounding
Household level confounding is an interesting topic. In the original report potential
confounders were excluded entirely from analysis, with confounding by time-invariant
potential covariates such as region or differences in dwelling health risk between
treatment households and matched control households captured by the fixed effects term
in the model (as are unmeasured time-invariant potential confounders). This approach is
reasonable for confounders that do not change. However, there are two time-varying
covariates that were not considered in the original report which are worth considering
here.
5.2.3.1. Occupant characteristics
One of the reasons that occupant characteristics may be an important confounder in a
model of this type is that they change over the course of the study. If there were no births
or deaths during the study then the difference between the number of occupants in a
treatment household and its matched controls would be a constant and thus captured by
αi., however this is clearly not the case. There are both known changes in occupant
characteristics (birth, death) and also many unknown changes such as the real residence of
individuals in the dataset, which will not always be in a study household (see Subsection
3.1.1.6 for more on this concern).
It is not possible to account for unknown changes in occupant characteristics, although the
quasi-random design of the WUNZ:HS evaluation limits any confounding effect.
However, it is possible to address confounding created by deaths and births in the study
cohort. To address these changes a model covariate named occupant_diffit can be calculated
for the before and after periods for each treatment/control pairing based on the averaged
difference in monthly occupancy of treatment households and their matched control
households. It is easy to imagine that changes in occupant_diffit could confound analysis,
given that there is very likely to be a strong relationship between the difference in the
number of occupants and the difference in costs. Similarly, a figure named age_diffit can be
used to address confounding by changes in the average age of treatment and matched
controls, which would primarily result from deaths and births. Age_diffit is defined as the
difference between the average age of all treatment household occupants and the average
age of all matched control household occupants. The distribution of these variables for the
complete dataset in the “after” period is set out in below.
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Figure 11: Histograms showing distribution of occ_diff and age_diff, “after” period
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Table 41 presents separate simple regression analyses for these confounders. The models
have either all–cause hospitalisation cost difference, circulatory illness-related
hospitalisation cost difference or respiratory illness-related hospitalisation cost difference
as the dependent variable. The equations for these simple regressions are
1) Hospitalisation Cost Diff it = αi + β1occupant_diffit + εit
2) Hospitalisation Cost Diff it = αi + β1age_diffit + εit
Table 41: Simple regression analyses, occupant-diff and age_diff variables, treatment/control
pairings with values below 1st and above 99th percentiles excluded
Covariate

Occupant_diff

Age_diff

Dependent
variable

Coefficient

Robust
standard
error

Z

All-cause hosp
diff

56.09

7.292

7.69

<0.001***

41.80

70.39

Circulatory
hosp diff

5.51

1.657

3.33

0.001***

2.27

8.76

Respiratory
hosp diff

5.21

1.101

4.73

<0.001***

3.05

7.37

All-cause hosp
diff

7.90

0.796

9.93

<0.001***

6.34

9.46

Circulatory
hosp diff

1.33

0.214

6.22

<0.001***

0.91

1.75

Respiratory
hosp diff

0.03

0.118

0.21

0.832

-0.21

0.26

P >|Z|

Confidence intervals

* p<0.1, ** p<0.05, *** p<0.01

In the above table, the first row shows that when occupant_diff is regressed against allcause hospitalisation cost difference using the original fixed effects model it has a
coefficient of 56.09, which is interpreted as showing that a one unit increase in the value of
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occupant_diff, e.g. a child being born in the treatment group, is associated with a $56.09
increase in average monthly all-cause hospitalisation cost difference.
Any confounding by these variables will depend on the way in which they change over
the course of the study. For example, the average values of occupant_diff and age_diff were
higher in the after period than in the before period for insulation only treatment/control
pairings. This suggests that the estimate of the coefficient of the insulation variable in an
all-cause hospitalisation cost difference model that excluded these covariates would be
biased towards showing harm as a result of treatment.
Other potential confounders are difficult to assess. For example, there is a great deal of
evidence that ethnicity is linked to risk of circulatory illness in New Zealand. It may be
that changes in the composition of treatment and control households (via birth and death)
which result in changes in the proportions of different ethnicities within a
treatment/control pairing are a source of potential confounding. However, it is not clear
how to define a factor variable that effectively captures the ethnic composition of a given
treatment/control pairing. In this context, it is important to note that the fixed effects term
in each model will capture the impact of many unknown and complex characteristics of
treatment/control pairings that are time-invariant.
5.2.4. Initial multiple regression model
The initial multiple regression model specification is:
Hospitalisation Cost Diff it = αi + β1insulationit + β2heatingit + β3heating_and_insulationit + β4
occupant_diffit + β5age_diffit + εit
The results of the multiple regression models are presented in Table 42 for each
hospitalisation type. F-statistics and R2 model fit measures are presented.
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Table 42: Initial multiple regression models, hospitalisation cost difference models,
treatment/control pairings with values below 1st and above 99th percentiles excluded
Dependent
variable
modelled

Variable
name

Coeffi
cient

Robust
Standard
error

Z

Insulation
only
Heating
only
Insulation
and heating

-3.33

2.064

-1.61

Difference in
all-cause
hospitalisation
costs

3.36

6.897

0.49

-2.17

4.719

-0.46

Insulation
only

-1.40

0.563

-2.49

Heating
only

-2.33

1.797

-1.3

Insulation
and heating

-3.38

1.335

Insulation
only

-0.50

Difference in
circulatory
hospitalisation
costs

Difference in
respiratory
hospitalisation
costs

Heating
only
Insulation
and heating

P<|
Z|

95% Confidence
intervals

0.10
7
0.62
6
0.64
5

(-7.374

0.718)

(-10.159

16.878)

(-11.422

7.078)

0.01
3**

(-2.504

-0.297)

0.19
4

(-5.854

1.189)

-2.53

0.01
1**

(-5.993

-0.758)

0.286

-1.73

0.08
3*

(-1.058

0.065)

-0.12

0.958

-0.13

0.89
7

(-2.001

1.754)

-0.47

0.624

-0.76

0.44
7

(-1.697

0.748)

R2 within
and R2
overall

F-statistic

R2within=
0.0230
R2between=
0.0373
R2overall=
0.0248

F (5: 28,455)
=49.50

R2within=
0.0071
R2between=
0.0194
R2overall=
0.0116
R2within=
0.0022
R2between=
0.0076
R2overall=
0.0047

F(5: 28416)
=15.07

F=(5:28483)
=5.96

* p<0.1, ** p<0.05, *** p<0.01

Models control for occupant_diff and age_diff

The covariates age_diff and occupant_diff both had highly statistically significant
associations with the dependent variable in each cost difference model, confirming the
value of the decision to consider them.
Initial multiple regression models show that there is no statistically significant effect of
any treatment type on all-cause hospitalisation cost difference, There are small, but
statistically significant reductions in circulatory hospitalisation cost differences of $1.40
per month as a result of receiving insulation (p=0.013) and $3.38 for both insulation and
heating (p=0.011). There is a small reduction in monthly respiratory hospitalisation cost
differences of $0.50 as a result of receiving insulation which is significant at the (p<0.1)
level.
The models show no statistically significant change in cost differences as a result of
receiving heating only, which is consistent with results from the Cox Proportional Hazard
model presented in the previous chapter.
The models generally show no statistically significant impact of result of receiving both
heating and insulation, except in the case of the circulatory hospitalisation model, where
“heating and insulation” has a larger coefficient than insulation alone, which would be
consistent with an additive effect of heating. However a Wald test for equality of the
insulation and ‘insulation and heating’ coefficients shows that there is little evidence to
reject the null hypothesis that the two coefficients are equal (F (1,28,416)=1.87, prob>F =
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0.1709). This pattern is replicated in the all-cause and respiratory illness-related
hospitalisation cost difference models where Wald test results also show that there is no
evidence to reject the null hypothesis that the coefficients of insulation and ‘insulation and
heating’ are identical, with scores of (F(1, 28,454)=0.05, prob > F = 0.8213) and (F(1,
28,482)=0.00, prob >F = 0.9740) respectively.
Given the similarity between the coefficients for insulation and ‘insulation and heating’ in
the all-cause and respiratory illness-related hospitalisation cost difference models it
appears likely that the absence of a statistically significant effect reflects limited statistical
power, given that a small proportion of households received both insulation and heating.
Comparing the coefficients and statistical significance of the insulation variable in the
three models, it is plausible that monthly savings in the all-cause model of $3.33 include
the effects of insulation on both circulatory hospitalisation cost savings $1.40 and
respiratory hospitalisation cost savings of $0.50, as well as perhaps some additional
hospitalisation cost impacts. The coefficient of the insulation dummy is not statistically
significant in the all-cause cost difference model (p=0.107), which may reflect greater
randomness introduced by the inclusion of a high proportion of hospitalisation cost types
not relevant to the treatment. However, when insulation and ‘insulation and heating’ are
combined into a single dummy variable and the all-cause hospitalisation cost model rerun,
the variable has a coefficient of -3.15 (p=0.098) which is statistically significant at the
(p<0.1) level.
It is important to note the very low R2 values reported for all multiple regressions in Table
42. There is a concern that the inclusion of additional model covariates in this context will
explain a great deal of variation and thus appear statistically significant. This concern
needs to be balanced against the danger of excluding real confounders from the analysis.
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5.2.5. Transformation of continuous variables and interaction terms
The fractional polynomial approach described in Subsection 4.1.4 was initially applied to
the transformation of the continuous variables in the three models. However, results
suggested that a fractional polynomial approach was not appropriate, producing models
with much poorer fit. It appears likely that applying the fractional polynomial technique
to models that had very low measures of goodness-of-fit, led to over-fitting. In addition, it
was difficult to assess the biological plausibility of transformed variables given the
complexity of the relationship between the dependent variables and the age_diff and
occupant_diff variables. Ultimately it seemed difficult to justify transforming the
continuous variables in the model due to these concerns.
The difficulties experienced when transforming continuous covariates gives some
credence to the approach taken in the original WUNZ:HS analysis where the inclusion of
covariates in cost models was avoided due to the potential for over-fitting. Inclusion of
untransformed covariates represents a compromise between the risk of over-fitting and
the legitimate reasons to consider confounding described in Subsection 4.1.4.
Finally, there were no plausible interaction terms to consider for any model.
5.2.6. Assessing the impact of extreme value removal
Removal of extreme values, as described in Subsection 5.2.2, will produce better fitting
models but, as noted previously, may be controversial. Ultimately extreme value removal
is a pragmatic response to extremely skewed data but it is important to explore the impact
of removal. In Table 43 both models are run both without any exclusions and then with
the removal of all treatment/control pairings with observations with cost values that are
below the 5th or above the 95th percentiles.
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Table 43: Hospitalisation cost diff models, no exclusions and treatment/control pairings with
values below the 5th or above the 95th percentiles excluded
Dependent
variable

Difference in
all-cause
hospitalisation
costs
Difference in
all-cause
hospitalisation
costs (values
below 5th or
above 95th
percentiles
removed)
Difference in
circulatory
hospitalisation
costs

Difference in
circulatory
hospitalisation
costs (values
below 5th or
above 95th
percentiles
removed)

Difference in
respiratory
hospitalisation
costs

Difference in
hospitalisation
costs (values
below 5th or
above 95th
percentiles
removed)

Variable
name
Insulation
only
Heating
only
Insulation
and heating
Insulation
only
Heating
only
Insulation
and heating
Insulation
only
Heating
only
Insulation
and heating
Insulation
only
Heating
only

Insulation
and heating

Insulation
only
Heating
only
Insulation
and heating
Insulation
only
Heating
only
Insulation
and heating

Coefficient

Robust
Standard
error

-2.217

4.623

-13.048

13.892

19.050

10.832

-4.835

1.150

-5.252

3.727

-6.447

2.645

-2.444

2.209

-11.236

4.702

0.315

3.475

t

P<|t|

0.48
0.94
1.76
4.21
1.41
2.44
1.11
2.39
0.09
3.59
1.45

0.632
0.348

95% Confidence
intervals
(11.278
(40.277

6.844)
14.180)

0.079*

(-2.182

40.282)

0.000**

-(7.088

-2.581)

0.159

(12.558

2.054)

0.015*

(11.631

-1.263)

0.269

(-6.774

1.886)

0.017**

(20.452

-2.020)

0.928

(-6.496

7.126)

0.000***

-(0.885

-0.260)

0.147

-(1.881

0.280)

-0.572

0.159

-0.801

0.551

-1.131

0.364

-3.1

0.002***

-(1.844

-0.417)

1.225

1.070

1.14

0.252

(-0.873

3.323)

0.479

3.280

0.15

0.884

(-5.951

6.908)

1.103

1.618

0.68

0.495

(-2.068

4.275)

0.011

0.082

0.14

0.892

-(0.150

0.173)

-0.198

0.270

0.73

0.464

-(0.728

0.332)

-0.044

0.187

0.24

0.813

-(0.411

0.322)

R2 within and
R2 overall

F-statistic

R2within=
0.0139
R2between=
0.0193
R2overall=
0.0125

F
(5:29,564)
=32.78
Prob>F
=0.0000

R2within =
0.0082
R2between =
0.0250
R2overall =
0.0154

F(5,24374)
= 20.27
Prob > F
= 0.0000

R2within=
0.0050
R2between=
0.0101
R2overall=
0.0059

F(5:
29564)
=8.65
Prob > F
= 0.0000

R2within =
0.0019
R2between =
0.0006
R2overall
= 0.0005

F(5,24281)
= 9.38
Prob > F
= 0.0000

R2within=
0.0028
R2between=
0.0036
R2overall=
0.0024

F(5:
29564)
=6.7
Prob > F
= 0.0000

R2within =
0.0010
R2between =
0.0016
R2overall =
0.0010

F(5,24474)
= 4.95
Prob > F
= 0.0002

* p<0.1, ** p<0.05, *** p<0.01

All models control for occupant_diff and age_diff

Comparison of coefficients for particular exposures of interest across models with
different exclusions shows that the approach to exclusion of extreme values has a major
impact on estimates of some of the coefficients of interest. For example, the coefficient of
the heating and insulation variable is 19.05 (p=0.079) without exclusions, -2.17 (p=0.645)
with exclusion of values below the 1st or above the 99th percentiles and -6.44 (p=0.015) with
exclusion of values below the 5th or above the 95th percentiles. It can be concluded from
this example that model results are sensitive to exclusion strategy and that it is important
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to be transparent about the impact of different approaches. An a priori decision to exclude
values below the 1st or above the 99th percentiles appears to be reasonable and generally
provides estimates bounded by the other two approaches to exclusion.
5.2.7. Model specification and global goodness-of-fit measures
In order to address the possibility of model misspecification, leading to inaccurate
calculation of p-values and confidence intervals, I calculated bootstrapped estimates of pvalues and confidence intervals, using 500 repetitions for each calculation. Bootstrapped
estimates were consistent with p-values and confidence intervals calculated using robust
standard errors clustered at the treatment/control pairing level, suggesting that model
misspecification is not a major concern. Table 44 presents a comparison of p-values and
confidence intervals for the difference in all-cause hospitalisation cost model,
demonstrating this consistency.
Table 44 All-cause hospitalisation cost difference model with robust clustered standard errors
and bootstrapped standard errors, treatment/control pairings with values below 1st and above
99th percentiles excluded
Model
Difference in allcause
hospitalisation
costs model with
robust clustered
standard errors
Difference in allcause
hospitalisation
costs with
bootstrapped
standard errors

Variable
name

Coefficient

Robust
Standard
error

Z

P<|Z|

Insulation
only

-3.33

2.064

-1.61

0.107

(-7.374

0.718)

3.36

6.897

0.49

0.626

(-10.159

16.878)

-2.17

4.719

-0.46

0.645

(-11.422

7.078)

-3.32

2.046

-1.63

0.104

(-7.340

0.683)

Heating only

3.36

6.973

0.48

0.63

(-10.309

17.028)

Insulation
and heating

-2.17

4.638

-0.47

0.64

(-11.263

6.919)

Heating only
Insulation
and heating
Insulation
only

95% Confidence
intervals

* p<0.1, ** p<0.05, *** p<0.01

Models control for occupant_diff and age_diff

Turning to measures of global goodness-of-fit, all of the models presented in the previous
subsections have extremely low measures of goodness-of-fit in terms of R2 overall, ranging
from the 0.024 to 0.0005. This suggests that the models are only explaining a tiny
proportion of the variation in hospitalisation costs for the treatment/control pairings. This
is perhaps not surprising given the limitations of the data: health relevant time-varying
covariates such as relative proportions of smokers per treatment/control pairing or relative
levels of obesity are missing from the model as are a great number of other potential
covariates. Furthermore, it was argued by (Grimes, Young et al. 2011), who found similar
R2 results in their modelling of energy efficiency, that such model outcomes reflected the
success of the matching process, noting that in the absence of a treatment effect any
variation should be random if houses are successfully matched, leading to an R2 of 0, i.e. a
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model with no explanatory power. The authors note that they would expect the “signal” of
treatment to be dominated by the “white noise” of random variation, thus leading to very
low R2 scores(Grimes, Young et al. 2011).
5.2.8. Stratification by Community Services Card status
Stratification by Community Services Card status of the treated household in each
treatment/control pairing is straight forward: treatment status is interacted with CSC
status, where the CSC status of the treatment household in a given treatment/control
pairing is captured by the variable CSCi which either equals 1 or 0.
Hospitalisation Cost Diff it = αi + β1insulationit* CSCi + β2insulationit*(1-CSCi) + β3heatingit* CSCi
+ β4heatingit* (1-CSCi) + β5heating_and_insulationit* CSCi +
β6heating_and_insulationit*(1-CSCi) + β7occupant_diffit +
β8age_diffit + εit
Table 45 presents the results of this stratification of treatment dummy variables.
Table 45: Hospitalisation cost models with treatment stratified by Community Services Card
status, treatment/control pairings with values below 1st and above 99th percentiles excluded
Dependent
variable
modelled

Difference in allcause
hospitalisation
costs

Difference in
circulatory
hospitalisation
costs

Difference in
respiratory
hospitalisation
costs

CSC status of
treatment
household

Variable
name

CSC

Insulation
Heating
Insulation
and heating

-4.408
8.370

Robust
Standard
error

95% Confidence
intervals

Z

P<|Z|

3.044
10.856

-1.45
0.77

0.148
0.441

(-10.375
(12.908

1.559)
29.649)

1.432

6.580

0.22

0.828

(-11.465

14.329)

Insulation
Heating
Insulation
and heating

-2.010
-1.689

2.618
8.455

-0.77
-0.2

0.443
0.842

(-7.141
(-18.261

3.121)
14.884)

-7.429

6.466

-1.15

0.251

(-20.103

5.245)

Insulation
Heating
Insulation
and heating

-1.564
1.663

0.844
2.995

-1.85
0.56

0.064*
0.579

(-3.217
(-4.207

0.090)
7.533)

-4.178

1.811

-2.31

0.021**

(-7.728

-0.628)

Non-CSC

Insulation
Heating
Insulation
and heating

-1.199
-6.313

0.686
1.983

-1.75
-3.18

0.081*
0.001***

(-2.545
(-10.199

0.146)
-2.427)

-2.203

1.945

-1.13

0.257

(-6.016

1.610)

CSC

Insulation
Heating
Insulation
and heating

-0.547
-0.175

0.443
1.545

-1.23
-0.11

0.217
0.91

(-1.416
(-3.203

0.322)
2.853)

-0.803

0.880

-0.91

0.361

(-2.527

0.921)

Insulation
Heating
Insulation
and heating

-0.436
-0.073

0.330
1.130

-1.32
-0.06

0.186
0.948

(-1.083
(-2.287

0.210)
2.141)

-0.002

0.839

0

0.998

(-1.646

1.642)

Non-CSC

CSC

Non-CSC

Coefficient

* p<0.1, ** p<0.05, *** p<0.01

Models control for occupant_diff and age_diff

Wald tests for the equality of CSC and non-CSC treatment coefficients within each of the
three models consistently found no evidence to reject the null hypothesis that the
coefficients were equal, and thus no evidence that CSC status has a mediating effect on the
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impact of insulation. It is possible that this result reflects limited statistical power to reject
the null hypothesis.
The one exception was the comparison of the coefficients for heating in the circulatory
hospitalisation cost model. In this case, unexpectedly, heating is associated with a highly
statistically significant reduction in costs of $6.31 for non-CSC households (p=0.001), but a
non-statistically significant increase in costs for CSC households of $1.66. A Wald test for
the equality of the coefficients found that the probability of such a difference resulting
from chance was (p =0.0263). This result is inconsistent with the other findings in this table
and in the previous chapter showing no evidence of an effect of CSC status. The result is
also inconsistent with previous research indicating that colder households will take a
greater proportion of energy efficiency gains as higher temperatures (Milne and Boardman
2000); as lower-income households are more likely to experience cold indoor temperatures
prior to treatment we would predict that they would experience greater temperature
improvements and thus gain greater health benefits from a heating retrofit. It is unclear
what to make of this apparent anomaly. Speculatively it may reflect the possibility that
higher income households are more able to change their heating behaviour in response to
receiving their heating retrofit and thus gain great health benefits than CSC households,
however this pattern is not found in the comparison of heating coefficients by CSC status
in the all-cause and respiratory cost difference models. It is also likely that inability to
match on CSC status when selecting matched control households biased results towards a
null finding as discussed in Subsection 4.2.6.4.
Comparison of insulation and ‘insulation and heating’ variable coefficients by treatment
type and CSC status found no evidence the reject the null hypothesis of equality,
suggesting that it would be legitimate to aggregate these two groups.
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5.2.9. Summary
Analysis of household level differences in hospitalisation costs using the original
difference-in-difference model suggests that receiving insulation, heating or insulation and
heating under WUNZ:HS does not have a statistically significant impact on all-cause
hospitalisation costs. However when insulation and heating are combined into a single
dummy variable, the variable has a coefficient of -$3.15 (p=0.098) which is statistically
significant at the (p<0.1) level. There are small, but statistically significant reductions in
circulatory hospitalisation costs of $1.40 per month as a result of receiving insulation
(p=0.013) and $3.38 for both insulation and heating (p=0.011). There is a small reduction in
monthly respiratory hospitalisation costs of $0.50 as a result of receiving insulation which
is significant at the (p<0.1) level. It is plausible that the causal mechanisms underlying
these cost reductions included increased indoor temperatures and reduced dampness and
mould leading to fewer or less severe (costly) respiratory or circulatory hospitalisations.
These connections between insulation, heating and health were summarised in Subsection
2.1.4.
Model results consistently showed a beneficial impact of insulation and typically no
impact of heating. When the coefficients of insulation and ‘insulation and heating’
variables were compared no evidence was found to reject the hypothesis that coefficients
were equal, suggesting that there is a protective effect of insulation, which is gained by
households that received insulation or both insulation and heating. It is unclear why
heating alone would not show a protective effect given that presumed primary causal
mechanisms by which insulation effects health: increased indoor temperatures and
reduced dampness, are also expected outcomes of improved heating. In Subsection 4.2.6.5
I speculated that because households that received heating had to have pre-existing
insulation that met WUNZ:HS standards, a greater proportion of energy efficiency gains
from improved heating might be taken as energy savings rather than increased warmth
due to higher baseline temperatures. Similarly the health gains from placing insulation in
an uninsulated home are likely to be greater than those for heating because an uninsulated
home will on average have lower pre-treatment indoor temperatures than a home that
received heating only (and thus had adequate pre-existing insulation), and an increase in
temperature from a lower baseline will have greater health benefit.
Stratification of models did not produce much evidence to reject the hypothesis that CSC
status does not influence the impact of receiving a WUNZ:HS retrofit, although in one case
(heating in the circulatory hospitalisation cost difference model) an impact of CSC status
was found. While this general finding is not consistent with predictions based on previous
research it may in part simply reflect limited statistical power.
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5.3. Household level analysis: Extended model
One of the limitations of the original model analysed above is that it does not allow us to
assess the impact of changes in average temperature over the course of the study. It is
likely that any effect of treatment will be greater during colder months given the evidence
linking colder indoor temperatures with negative health outcomes described in Subsection
2.1.4. It is thus plausible that the inclusion of temperature or time based variables may
result in better fitting models of hospitalisation cost difference. In addition, the extended
model allows us to more accurately characterise treatment status by month; where
previous analyses have necessarily simplified the timing of treatments, where in reality
there were sometimes multiple month gaps between the initial insulation retrofit and a
subsequent heating retrofit.
The extended model uses the same dataset as the original model, but does not aggregate
monthly cost difference records by before and after period. Initial assessment of the
available data showed that circulatory and respiratory hospitalisation cost data were too
sparse when analysed at a monthly level for the removal of extreme values used in the
original model to be possible (the value of both the 99th and 95th percentiles of the
circulatory and respiratory monthly records was 0). For reasons of comparability with the
original model the extended model thus focuses on total hospitalisation costs only.
5.3.1. Model specification
The extended model is a difference-in-difference model. The model compares the
difference between each treatment group household’s average monthly hospitalisation
costs and the mean of its matched control group households’ monthly hospitalisation
costs. The model is a fixed effects OLS estimator with robust standard errors clustered by
treatment/control household pairing.
Hospitalisation Cost Diff it = αi + β1insulationit + β2heatingit + β3heating_and_insulationit + β4x4it…+
βpxpit + εit
Hospitalisation Cost Diffit represents the difference between the average monthly
hospitalisation costs of treatment housei and its control group houses for a given yearmonth t (there are 48 sequential monthly records covering the period Jan 2008 – Dec 2011).
The other model covariates are defined as per the original model (see Subsection 5.2.1).
.
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5.3.2. Model construction
Model construction follows the process described in Subsection 5.2.2, excluding the final
stage which is the aggregation of monthly difference-in-cost data into before and after
periods. Rather than exclude all records for treatment/control pairings that have a record
that is below the 1st or above the 99th percentiles (necessary when there are only two
records for each pairing: before and after), individual months that were below the 1st or
above the 99th percentile were excluded, following the approach taken in Grimes, Young et
al. (2011). Where there were pairings which had values below the 1st or above the 99th
percentiles for either all of the before period or all of the after period these pairings were
excluded entirely.
Figure 12: Dataset construction, extended hospitalisation costs model
Step 1: Hospitalisation costs for remaining treatment and matched control group individuals
summed by dwelling and month (Jan 2008 – Dec 2011).
Average hospitalisation costs per control household with valid occupants calculated for all control
households matched to a given treatment household.
Difference between treatment and mean control group hospitalisation costs calculated for each
treatment/controls pairing.
Treatment/control pairings = 29,607, observations = 1,421,136
Step 2: Identified months for a given treatment dwelling in which there were either no legitimate
treatment group occupants or no matched control group occupants (all having been removed due
to age issues or death). These were removed because a cost comparison would be meaningless. 3221
months in which this occurred were removed from the data set.
Treatment/control pairings = 29,607, observations = 1,417,915
Step 3: Removed monthly hospitalisation cost difference records below 1st percentile and above
99th percentile. If all records in either before or after period for a given treatment/control pairing
were extreme then all records for that paring removed.
Treatment/control pairings = 29,001, observations = 1,387,960

5.3.3. Confounding
The extended model is an opportunity to consider both the time-variant occupant
characteristics analysed in Subsection 5.2.3.1 and climate -based covariates.
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5.3.3.1. Occupant characteristics
The covariates described in Subsection 5.2.3.1, occupant_diff and age_diff are again plausible
candidates for inclusion in the extended model. Table 46 presents simple regression
analyses for these confounders. The equations for these simple regressions are
1) Hospitalisation Cost Diff it = αi + β1occupant_diffit + εit
2) Hospitalisation Cost Diff it = αi + β1age_diffit + εit
Table 46: Simple regression analyses, occupant-diff and age_diff variables, extended model,
months with values below 1st and above 99th percentiles excluded
Covariate

Coefficient

Robust
standard
error

t

P >|t|

Occupant_diff

33.255

1.720

19.34

0.000**

(29.883

36.626)

Age_diff

-0.381

.0947

-4.03

0.000**

(-0.567

-0.196)

Confidence intervals

As with the original model these covariates are highly statistically significant.
5.3.3.2. Season and location
The primary measures of season and location available for inclusion in the extended
hospitalisation costs difference model are monthly average temperature by region
(measured in ° C) and a winter vs. non-winter dichotomous variable. The logic behind the
consideration of these covariates is that there may be a systematic difference in the relative
hospitalisation costs of treatment and matched control households over time that is driven
by changes in external temperature, irrespective of treatment status in a given month. If
such a relationship existed and was not accounted for by the inclusion of suitable
covariates then trends in temperature over the course of the study, or the proportion of
study time that took place during winter prior to treatment and post-treatment could
confound the estimation of effects associated with the exposures of interest. Table 47
presents simple regression analyses for the two most plausible confounders: monthly
temperature (measured at the region level and described in Subsection 3.3.7) and a winter
vs. non-winter dichotomous variable.
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Table 47: Simple regression analyses: winter and monthly average temperature, extended model,
months with values below 1st and above 99th percentiles excluded
Covariate

Coefficient

Robust
standard
error

t

P >|t|

Monthly
average
temperature

0.389

0.076

5.13

0.000**

(0.240

0.538)

Winter

-2.449

.545

-4.49

0.000**

(-3.519

-1.379)

Confidence intervals

The monthly average temperature and winter covariates are both highly statistically
significant although the interpretation of the coefficients is difficult. It appears that as
temperature increases by one degree there is a greater difference between treatment
household costs and matched control household costs. Consistent with this, the difference
in costs is lower in winter than in the non-winter period. These results may reflect some
systematic difference in the characteristics of treatment individuals and their households
relative to matched controls or they may reflect the effect of treatment in the after period
of the Study (if there are differences in the proportion of winter and non-winter time in the
before and after periods), in which case these effects may be negligible in the multiple
regression model.
In addition to the inclusion of winter and monthly mean temperature variables it was also
be useful to consider interactions between treatment dummies and winter, as it is
predicted that the benefit of such variables will be gained primarily in winter. These
interaction terms can only be considered in the context of the multiple regression model.
5.3.4. Multiple regression model
The initial multiple regression model can be considered the final model, given the
concerns about variable transformation expressed in the Subsection 5.2.5, which apply
equally here, and the absence of any plausible interaction terms to consider. Table 48
presents the results of the model, where monthly_tempit represent the mean monthly
temperature for the region that household i occupies during month t:
Hospitalisation Cost Diff it = αi + β1insulationit + β2heatingit + β3heating_and_insulationit + β4
occupant_diffit + β5age_diffit + β6wintert + β7mean_monthly_tempit
εit
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Table 48: Multiple regression model, extended model, months with values below 1st and
above 99th percentiles excluded
Dependent
variable
modelled
Difference in
all-cause
hospitalisation
costs

Coefficient

Robust
Standard
error

-3.186

0.694

Heating
only

-0.186

2.236

Insulation
and heating

-2.963

1.511

Variable
name
Insulation
only

95% Confidence
intervals

t

P<|t|

4.59

0.000***

(-4.545

-1.826)

0.08

0.934

(-4.569

4.197)

1.96

0.050*

(-5.926

-0.001)

R2 within and
R2 overall

F-statistic

R-sq: within
= 0.0006
R-sq: between
= 0.0165
R-sq: overall =
0.0012

F(7,29000)
= 60.61
Prob > F
= 0.0000

* p<0.1, ** p<0.05, *** p<0.01

Model controls for occupant_diff, age_diff, winter and monthly average temperature

The multiple regression model suggest that there is a highly statistically significant
reduction in average all-cause hospitalisation costs as a result of having a WUNZ:HS
insulation retrofit in a given month of $3.19 per month. There is no statistically significant
impact of receiving heating alone under the programme but there is a statistically
significant (p=0.050) reduction in all-cause hospitalisation costs of $2.96 as a result of
having both insulation and heating in a given month. Here it seems natural to consider a
Wald test for the equality of the insulation and ‘insulation and heating’ coefficients. The
test produced an F score of 0.02 (F(1,29000)), Prob>F= 0.8269 indicating that there is no
evidence to reject the null hypothesis that the two coefficients are equal. This result
suggests that there is an impact of insulation retrofits, but no evidence of an impact of
heating on hospitalisation costs, whether installed separately or combined with an
insulation retrofit. The greater statistical significance of the coefficient of the insulation
only treatment dummy variable likely reflects the greater number of treatment/control
household pairings where the treatment household received insulation only.
Consideration of interaction terms is the next task. Here the following equation is
evaluated:
Hospitalisation Cost Diff it = αi + β1insulationit + β2heatingit + β3heating_and_insulationit + β4
occupant_diffit + β5age_diffit + β6wintert + β7mean_monthly_tempit +
+ β8insulationit*wintert + β9heatingit*wintert + β10heatingit*wintert
βεit
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Table 49: Multiple regression model, extended model, months with values below 1st and above
99th percentiles excluded, winter interaction terms added
Dependent
variable
modelled

Difference
in all-cause
hospitalisa
tion costs

Variable name

Coefficient

Robust
Standar
d error

t

P<|t|

Insulation only

-3.502

0.791

-4.43

0.000***

(-5.053

-1.953)

Heating only

-0.018

2.461

-0.01

0.994

(-4.841

4.805)

-3.739

1.651

-2.26

0.024**

(-6.974

-0.503)

0.943

1.186

0.79

0.427

(-1.381

3.263)

-0.473

3.095

-0.15

0.879

(-6.540

5.594)

2.275

2.067

1.10

0.271

(-1.776

6.327)

Insulation and
heating
Insulation
only*winter
Heating
only*winter
Insulation and
heating*winter

95% Confidence
intervals

R2 within and
R2 overall

F-statistic

R-sq: within
= 0.0006
R-sq: between
= 0.0165
R-sq: overall =
0.0012

F(7,29000)
= 42.52
Prob > F
= 0.0000

* p<0.1, ** p<0.05, *** p<0.01

Model controls for occupant_diff, age_diff, winter,monthly average temperature, interaction terms for treatment and winter

Table 49 suggests that there is not a strong case for the inclusion of interaction terms, with
none of the reported p-values for the interaction terms close to statistical significance, and
a lower F-statistic for the model reported (40.52 vs. 60.56). Alternate specifications,
including models that excluded the mean average temperature variable similarly did not
reveal any statistically significant interaction between treatment status and winter. Given
these concerns, my preference here is to retain the model presented in Table 48, which has
the additional advantage of ease of interpretation.
More generally, it is concerning that the interaction terms reported here do not appear to
indicate a season based variation in the effect of the insulation and insulation and heating
variables. This is problematic from a modelling perspective and is an important caveat to
note when assessing the success of the modelling process, perhaps pointing towards
selection bias. Concerns about selection bias are explored further in Section 9.1.4.
The full regression output of the models presented in Table 48 and Table 49 are presented
in Appendix Two in Table 87 and Table 88 respectively.
5.3.5. Assessing the impact of extreme value removal
Here I follow the process carried out in Subsection 5.2.5, looking at the impact of the
approach to extreme values. Table 50 presents the results of running the multiple
regression model described above with no removal of extreme values. It was not possible
to run the model with values below the 5th and above the 95th percentiles excluded as both
the 95th and 90th percentile values of all-cause hospitalisation cost difference were 0,
meaning it was not possible to differentiate records in the 90th and 95th percentiles.
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Table 50: All-cause hospitalisation cost difference, extended model, no exclusions
Dependent
variable
modelled

Variable
name

Difference in
all-cause
hospitalisation
costs

Insulation
only
Heating
only
Insulation
and heating

Coefficient

Robust
Standard
error

t

P<|t|

2.601

4.349

0.60

0.550

(-5.923

11.126)

-6.277

13.561

-0.46

0.643

(-32.858

20.304)

24.503

10.179

2.41

0.016
**

(4.550

44.456)

95% Confidence
intervals

R2 within and
R2 overall
R-sq: within =
0.0008
R-sq: between
= 0.0032
R-sq: overall =
0.0002

F-statistic

F(7,29606)
= 60.55
Prob > F
= 0.0000

* p<0.1, ** p<0.05, *** p<0.01

Model controls for occupant_diff, age_diff, winter and monthly average temperature

As with the original model, Table 50 demonstrates the importance of exclusion strategy in
the extended model. Insulation and heating do not have a statistically significant impact in
the no-exclusion model while ‘insulation and heating’ has a highly statistically significant
adverse impact on cost difference (the model results suggest that receiving an insulation
and heating retrofit under WUNZ:HS increases monthly all-cause hospitalisation costs at
the household level!). These results are clearly inconsistent with the model with
exclusions, and seem unlikely to reflect a real effect of treatment.
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5.3.6. Model specification and global goodness-of-fit measures
As with the original model presented in Section 5.2 it is useful to consider an alternative
approach to the calculation of confidence intervals using bootstrapped standard errors to
provide more robust inference in the face of possible model misspecification. Table 51
presents the original multiple regression model with robust standard errors clustered at
the treatment/control pairing level and the model with bootstrapped standard errors.
Table 51: All-cause hospitalisation cost difference extended model with robust clustered
standard errors and bootstrapped standard errors, months with values below 1st and above 99th
percentiles excluded
Model

Model with
robust clustered
standard errors

Model with
bootstrapped
standard errors

Variable
name

Coefficient

Robust
Standard
error

Z

P<|Z|

Insulation
only

-3.186

0.694

-4.59

0.000***

(-4.545

-1.826)

Heating only

-0.186

2.236

-0.08

0.934

(-4.569

4.197)

-2.964

1.511

-1.96

0.050*

(-5.926

-0.001)

-3.186

0.717

-4.44

0.000***

(-4.592

-1.780)

-0.186

2.244

-0.08

0.934

(-4.584

4.213)

-2.964

1.498

-1.98

0.048**

(-5.900

-0.027)

Insulation
and heating
Insulation
only
Heating only
Insulation
and heating

95% Confidence
intervals

* p<0.1, ** p<0.05, *** p<0.01

Models control for occupant_diff, age_diff, winter and monthly average temperature

The high degree of similarity between the standard errors and confidence intervals in
Table 51 gives additional reassurance that misspecification of the model is not producing
unreliable estimates of model -based standard errors in this case.
Turning to measures of global goodness-of-fit, the extended model has a low overall R2
score of 0.0012, as with the original model. This suggests that the extended model can only
explain a small proportion of the variation in the dependent variable, which, following the
argument in Subsection 5.2.7 may reflect the success of the matching process, or may
simply reflect the weakness of the effect. Finally, it is of interest to stratify results by the
Community Services Card status of the treatment households.
5.3.7. Stratification by Community Services Card Status
The equation for the stratified model is:
Hospitalisation Cost Diff it = αi + β1insulationit* CSCi + β2insulationit*(1-CSCi) + β3heatingit* CSCi
+ β4heatingit* (1-CSCi) + β5heating_and_insulationit* CSCi +
β6heating_and_insulationit*(1-CSCi) + β7occupant_diffit +
β8age_diffit +
β9average_monthly_temperatureit + β10wintert + εit
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The results of stratification of the extended model by the Community Services Card status
of the treatment household in each treatment/control pairing are presented in Table 52.
Table 52: All-cause hospitalisation cost difference, extended model, treatment stratified by
Community Services Card status, months with values below 1st and above 99th percentiles
excluded
Dependent
variable
modelled

Difference in allcause
hospitalisation
costs

CSC status of
treatment
household

Variable
name

CSC

Insulation
Heating
Insulation
and heating

-3.747
-2.250

Insulation
Heating
Insulation
and heating

Non-CSC

Coefficient

Robust
Standard
error

95% Confidence
intervals

Z

P<|Z|

1.015
3.365

-3.69
-0.67

0.000***
0.504

-(5.737
-(8.846

-1.758)
4.346)

-2.224

2.102

-1.06

0.29

-(6.344

1.896)

-2.503
1.881

0.912
2.936

-2.75
0.64

0.006***
0.522

-(4.290
-(3.874

-0.716)
7.636)

-4.090

2.072

-1.97

0.048**

-(8.152

-0.029)

* p<0.1, ** p<0.05, *** p<0.01

Model controls for occupant_diff, age_diff, winter and monthly average temperature

Wald test results showed that there was no evidence to reject the hypotheses that the
coefficients of CSC and equivalent non-CSC variables were identical: insulation
(F(1,29,000)=0.83, prob > F = 0.3609), heating (F(1,29,000)=0.86, prob > F=0.3551) and
‘insulation and heating’ (F(1,29,000)=0.40, prob > F = 5267).
There was also no evidence to reject the hypotheses that the coefficients of ‘insulation’ and
‘insulation and heating’ were equal for either CSC (F(1,29,000)= 0.43, prob > F = 0.5116) or
non-CSC (F(1,29,000)= 0.50, prob > F = 0.4810) treatment/control pairings. The limitations
of the CSC variable have been discussed previously, and limit the strength of this
conclusion.
5.3.8. Summary
The extend model of all-cause hospitalisation cost differences found that there were
statistically significant savings as a result of receiving insulation and ‘insulation and
heating’. Wald test results showed there was no evidence to reject the null hypothesis that
the two coefficients were equal. There was no evidence of any impact of the CSC status of
treatment group households on this outcome.
Comparing the original all-cause hospitalisation model and the extended model, results
are very consistent, with a monthly saving as a result of insulation in the original model of
$3.33 (p=0.107) and of $3.19 in the extended model (p<0.001). Given the greater statistical
power of the extended model the difference in p-values is easily explained. The extended
model can be interpreted as confirming that the result found in the original model was not
the result of unmeasured confounding by temperature or season and in general
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strengthens the conclusion that there is a real effect of insulation on all-cause
hospitalisation costs.
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5.4. Chapter summary
Analysis of hospitalisation costs in this chapter has been limited by a fundamental
problem, the problematic nature of hospitalisation cost data, which frustrated attempts to
model costs at an individual level. Modelling at the treatment/control household pairing
level was more suitable in this context.
Taking all-cause hospitalisation costs to be the primary dependent variable of interest (the
assumption made in the original WUNZ:HS evaluations), the original model found no
statistically significant effect of treatment (p<0.1) for either insulation, heating or insulation
and heating. When insulation was combined with ‘insulation and heating’ into a single
dummy variable the result was a saving of $3.15 per month (p=0.098). The extended
model, which accounted for changes in temperature and season found a highly
statistically significant (p<0.001) reduction in all-cause hospitalisation costs of $3.18 per
household per month, a similar effect size but highly statistically significant, reflecting the
greater power of the extended model.
Modelling of differences in circulatory hospitalisation costs found that there was a small
statistically significant reduction in circulatory hospitalisation costs of $1.40 per month per
treated household as a result of receiving insulation, and $3.38 as a result of receiving both
insulation and heating. Modelling of the difference in respiratory hospitalisation costs
found a reduction in costs of $0.50 per insulated household per month that was
statistically significant at the (p<0.1) level. These results can be interpreted as suggesting
that reduction in all-cause hospitalisation cost differences are driven by changes in these
two plausible cost difference categories.
All household level cost difference models were sensitive to the strategy used to exclude
extreme values, meaning that it was important to make the impact of these choices
explicit. The exclusion of records below the 1st or above the 99th percentiles appeared
reasonable a priori. Having assessed hospitalisation costs it is now time to turn the final
health cost category analysed in this thesis, pharmaceutical costs.
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CHAPTER 6. MODELLING CHANGES IN PHARMACEUTICAL
USE COSTS
As with hospitalisation cost data, analysis of individual level pharmaceutical cost data
using the WUNZ:HS evaluation dataset is problematic given issues of extreme kurtosis,
skew etc. and so meaningful individual level analysis is considered impractical. Instead,
Chapter Six follows the approach presented in Chapter Five, first presenting a slightly
modified variation of the original household level pharmaceutical use cost model used in
Telfar Barnard, Preval et al. (2011) and then an extended version of the model, which can
better categorise the exposures of interest and account for changing season and
temperatures.
It is important to note that the pharmaceutical cost data available from the Pharms dataset
do not include hospital-dispensed pharmaceuticals, as these are not claimed for using the
process that generates the Pharms dataset. Hospital-dispensed pharmaceutical costs are
captured by the cost weight code for a hospitalisation event described in Subsection
3.2.2.2.
Section 6.1 presents the modified original model. The model is described and the model
building process is carried out. Section 6.2 presents the extended version of the model. In
each case the model is described, the model building process is carried out and results
presented.
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6.1. Original model
The original model used to evaluate pharmaceutical use costs at the household level is
essentially identical to the original hospitalisation costs model described in Section 5.2.
One difference of interest between the two datasets is that there is only pharmaceutical use
data available for the period Jan 2008 – Dec 2010 as an additional year of pharmaceutical
data was not sought for the MED funded extension (Preval 2012). This decision was made
because the results reported in the original WUNZ:HS health evaluation (Telfar Barnard,
Preval et al. 2011) were judged to be of limited policy significance. The pharmaceutical use
data is further limited due to concerns noted in the original report about NHI data quality
for the period October 2010- Dec 2010, which demonstrated an implausible reduction in
hospitalisations for both treatment and control group individuals and was thought to
reflect a reporting lag due to the recent nature of the data, thus these months are excluded
from analysis (Telfar Barnard, Preval et al. 2011).
6.1.1. Model specification
The original model is a difference-in-difference model essentially identical to the
hospitalisation cost difference model. The model compares the difference between each
treatment group household’s average monthly pharmaceutical use costs and the mean of
its matched control group households’ monthly pharmaceutical use costs before and after
the intervention. The model is a fixed effects OLS estimator with robust standard errors
clustered by treatment/control household pairing.
Pharms Cost Diff it = αi + β1insulationit + β2heatingit + β3heating_and_insulationit + β4x4it…+ βpxpit +
εit
Pharms Cost Diffit represents the difference between the average monthly pharmaceutical
use costs of treatment housei and its control group houses over time t (t is either before or
after). The three pharmaceutical use cost categories considered are all cause
pharmaceuticals, circulatory illness-related pharmaceuticals and respiratory illness-related
pharmaceuticals. Further information about the products that make up these categories is
available in Subsection 3.3.3.2.
The covariates αi, insulationit, heatingit, heating_and_insulationit, β4x4it…+ βpxpit , and the
residual term εit are defined identically to those in the original hospitalisation cost
difference model (see Subsection 5.2.1).
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6.1.2. Model construction and approach to extreme values
The model construction process for the pharmaceutical cost difference models was largely
similar to the model construction process for the hospitalisation cost difference models
and it is not necessary to present a detailed description of the process here. Having
constructed the dataset the approach to the removal of extreme values was the same as in
the hospitalisation cost difference model: for each model, all records for treatment/control
pairings that had before or after period cost difference records that were below the 1st or
above the 99th percentiles were dropped. The results of this removal on measures of skew
and kurtosis are set out in Table 53.
Table 53: Summary statistics, dependent pharmaceutical use cost difference variables, with and
without exclusions
Dependent variable

Inclusion rule

Mean

Std. deviation

Skewness

Kurtosis

10.589

167.594

10.630

255.868

All cause
pharmaceutical use
cost difference

All pairings
Exclude
pairings with
records
below1st or
above 99th
percentiles

3.871

79.711

1.687

8.701

2.950

29.809

6.590

234.472

Circulatory illnessrelated
pharmaceutical use
cost difference

All pairings
Exclude
pairings with
records
below1st or
above 99th
percentiles

1.826

20.968

1.944

8.028

1.080

18.523

4.181

39.550

Respiratory illnessrelated
pharmaceutical use
cost difference

All pairings
Exclude
pairings with
records
below1st or
above 99th
percentiles

0.131

11.913

3.209

17.779

Table 53 suggests that, as with the hospitalisation cost difference dependent variables,
exclusions reduce the standard deviation, skew and kurtosis of all three dependent
variables, although the degree of reduction is much greater for the all-cause
pharmaceuticals than for the other two variables. The pattern of reduced mean values is
also repeated here, likely reflecting the averaging process whereby the dependent
variables were created.
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In Subsection 6.2.5 the impact of removal is explored in depth with models being rerun
both without exclusions and with removal of treatment/control pairings that had before or
after period cost difference records that were below the 5th or above the 95th percentiles.
The dataset construction and cleaning process is set out in Figure 13.
Figure 13: Dataset construction, original pharmaceutical cost difference models
Step 1: Pharmaceutical use costs for remaining treatment and matched control group individuals
summed by dwelling and month (Jan 2008 – Sept 2010).
Average pharmaceutical use costs per control household with valid occupants calculated for all
control households matched to a given treatment household.
Difference between treatment and mean control group pharmaceutical use costs calculated for each
treatment/controls pairing.
Treatment/control pairings = 29,607, observations = 977,031
Step 2: Identified months for a given treatment dwelling in which there were either no legitimate
treatment group occupants or no matched control group occupants (all having been removed due
to age issues or death). These were removed because a cost comparison would be meaningless. 1265
months in which this occurred were removed from the data set.
Treatment/control pairings = 29,606, observations = 975,766
Step 3: Further aggregated (averaged) cost difference and data for before and after period, having
dropped the relevant month in which the intervention occurred for each dwelling cluster. Dropped
both before and after records if either period entirely missing due to previous removals).
Treatment/control pairings = 29,517, observations = 59,304
Step 4: For each hospitalisation cost difference category (all-cause, circulatory and respiratory)
separately identified records below the 1st percentile or above the 99th percentile. Both before and
after records for a given treatment/control pairing were labelled extreme and excluded from
analysis if one of the records was identified as extreme.
Treatment/control pairings, all cause pharmaceutical use cost model
= 28,630, observations = 57,260
Treatment/control pairings, circulatory illness-related pharmaceutical use cost model
= 28,699, observations = 57,398
Treatment/control pairings, respiratory illness-related pharmaceutical use model
= 28,697, observations = 57,394
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6.1.3. Confounding
Here the approach to modelling pharmaceutical cost differences follows the approach
used in the hospitalisation cost difference models. As with those models two variables are
considered occupant_diff and age_diff.
6.1.3.1. Occupant characteristics
The justification for considering the age-diff and occupant_diff covariates is the same as in
the hospitalisation cost difference model: these variables can change over the course of the
study as people are born and die and could explain a great deal of variation in
pharmaceutical cost differences for a given treatment/control pairing over time.
Table 54 presents separate simple regression analyses for these confounders.
Table 54: Simple regression analyses, occupant_diff and age_diff variables, treatment/control
pairings with values below 1st and above 99th percentiles excluded
Covariate

Occupant_diff

Dependent variable
All-cause
pharmaceutical cost
diff
Circulatory
pharmaceutical cost
diff
Respiratory
pharmaceutical cost
diff

Age_diff

All-cause
pharmaceutical cost
diff
Circulatory
pharmaceutical cost
diff
Respiratory
pharmaceutical cost
diff

Coefficient

Robust
standard
error

t

26.111

1.553

16.75

0.000***

(23.057

29.167)

3.717

0.315

11.80

0.000***

(3.099

4.334)

1.073

0.184

5.83

0.000***

(0.712

1.435)

1.171

0.194

6.05

0.000***

(0.791

1.550)

0.313

0.036

8.68

0.000***

0.242

0.384

0.123

0.026

4.80

0.000***

0.073

0.173

P >|t|

Confidence intervals

* p<0.1, ** p<0.05, *** p<0.01

6.1.4. Initial multiple regression model
The initial multiple regression model specification is:
Pharmaceutical Cost Diff it = αi + β1insulationit + β2heatingit + β3heating_and_insulationit + β4
occupant_diffit + β5age_diffit + εit
The results of the multiple regression models are presented in Table 55 for each
pharmaceutical use type. F-statistics and R2 model fit measures are presented.
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Table 55: Initial multiple regression models, original pharmaceutical cost difference models, ,
treatment/control pairings with values below 1st and above 99th percentiles excluded
Dependent
variable
modelled
Difference in
all
pharmaceutical
use costs

Difference in
circulatory
pharmaceutical
use costs

Difference in
respiratory
pharmaceutical
use costs

Variable
name

Coefficient

Robust
Standard
error

t

P<|t|

Insulation
only

-1.879

0.349

5.38

0.000***

(-2.564

-1.195)

1.054

3.94

0.000***

(-6.222

-2.090)

0.253

(-2.385

0.627)

(-0.650

-0.355)

Heating
only

-4.156

95% Confidence
intervals

Insulation
and heating

-0.878

0.768

1.14

Insulation
only

-0.502

0.075

6.67

0.000***
0.001***

(-1.183

-0.291)

Heating
only

-0.736

0.227

3.24

Insulation
and heating

-0.594

0.159

3.72

0.000***

(-0.908

-0.281)

Insulation
only

0.031

.0485087

0.64

0.520

(-0.064

0.126)

Heating
only

0.039

.1405254

0.28

0.778

(-0.236

0.315)

Insulation
and heating

0.056

.1027661

0.55

0.584

(-0.145

0.258)

R2 within and
R2 overall
R-sq: within
= 0.0427
R-sq: between
= 0.0589
R-sq: overall =
0.0546

F-statistic

F(5,28629)
= 75.59
Prob > F
= 0.0000

R-sq: within
= 0.0292
R-sq: between
= 0.0907
R-sq: overall =
0.0858

F(5,28698)
= 45.42
Prob > F
= 0.0000

R-sq: within
= 0.0072
R-sq: between
= 0.0103
R-sq: overall
= 0.0096

F(5,28696)
= 13.93
Prob > F
= 0.0000

* p<0.1, ** p<0.05, *** p<0.01

Models control for occupant_diff and age_diff

Table 55 shows that there are highly statistically significant reductions in all
pharmaceutical use costs per month as a result of receiving insulation ($1.88, p<0.000) and
heating only ($4.16, p<0.000). These results are plausible, although it is surprising that the
effect of receiving both insulation and heating appears negligible, which would not have
been predicted given the other results. Wald tests for the equality of the insulation and the
‘insulation and heating’ coefficients suggested that there was not enough evidence to reject
the null hypothesis of equality (F(1,28629)=1.45, prob > F= 0.2280) but that there is evidence
to reject the null hypothesis when comparing the coefficients for heating and ‘heating and
insulation’ (F(1,28,629)=6.41, prob > F= 0.0114). It is difficult to reconcile these results,
unless we conclude that there are differences in the treatment/control pairings that make
up the three groups which mediate the impact of treatment. These results are not
consistent with the majority of previous results, which found a consistent effect of
insulation for the insulation and ‘insulation and heating’ pairings and no detectable effect
of heating. It is possible that these results may reflect different causal pathways by which
heating affects pharmaceutical use costs.
Interestingly, the inclusion of the occupant_diff and age_diff terms appears to have greatly
modified results presented in Telfar Barnard, Preval et al. (2011), suggesting that there was
confounding present in the model used in that report. In Telfar Barnard, Preval et al.
(2011) insulation was found to reduce all-cause pharmaceutical use costs by $0.92 while
heating did not have a statistically significant impact.
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There are highly statistically significant (p<0.01) but small reductions in monthly
circulatory illness-related pharmaceutical use as a result of all three treatments. The cost
reductions were $0.50 (insulation), $0.74 (heating only) and $0.59(insulation and heating)
per month. Wald tests do not provide evidence to reject the null hypothesis of equality
when comparing any of these coefficients.
There are no statistically significant changes in monthly respiratory illness-related
pharmaceutical use cost differences as a result of receiving any treatment under
WUNZ:HS.
It is interesting to speculate about what might be driving the much larger savings
observed in the all-cause pharmaceutical use model given that the savings are greater than
the sum of circulatory-illness and respiratory illness-related pharmaceutical use cost
savings. It is possible that the circulatory and respiratory illness-related variables are
misspecified and do not contain some important pharmaceutical category on which
treatment has an impact, or that some other non-circulatory and non-respiratory health
benefit is occurring. This possibility was not further explored at this time.
6.1.5. Transformation of continuous variables and interaction terms
Informed by the experience of exploring the transformation of continuous variables using
factional polynomials in the hospitalisation cost difference models, transformation was not
considered here. There were also no interaction terms of interest to consider.
6.1.6. Assessing the impact of extreme value removal
In this subsection the impact of potential outliers is considered. In Table 56 I run models
both without any exclusions and then with the removal of all values that are below the 5th
or above the 95th percentiles.
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Table 56: Cost difference models, no exclusions and , treatment/control pairings with values
below the 5th or above the 95th percentiles excluded
Dependent
variable
modelled

Difference in all
pharmaceutical
use costs

Difference in all
pharmaceutical
use costs
(records below
5th or above 95th
percentiles
removed)
Difference in
circulatory
illness-related
pharmaceutical
use costs
Difference in
circulatory
illness-related
pharmaceutical
use costs
(records below
5th or above 95th
percentiles
removed)
Difference in
respiratory
illness-related
pharmaceutical
use costs
Difference in
respiratory
illness-related
pharmaceutical
use costs
(records below
5th or above 95th
percentiles
removed)

Variable
name
Insulation
only
Heating
only
Insulation
and heating
Insulation
only
Heating
only
Insulation
and heating
Insulation
only
Heating
only
Insulation
and heating
Insulation
only
Heating
only
Insulation
and heating

Insulation
only
Heating
only
Insulation
and heating
Insulation
only
Heating
only
Insulation
and heating

Coefficient

Robust
Standar
d error

t

P<|t|

-1.121

0.962

-1.17

0.244

-(3.007

0.764)
-2.653)

95% Confidence
intervals

-6.899

2.166

-3.18

0.001***

(11.145

-0.437

1.790

-0.24

0.807

-(3.946

3.072)

-1.646

0.230

-7.14

0.000***

-(2.097

-1.194)

-1.564

0.717

-2.18

0.029**

-(2.969

-0.159)

-1.566

0.519

-3.02

0.003***

-(2.583

-0.549)

-0.369

0.128

-2.88

0.004***

-(0.619

-0.118)

-1.060

0.362

-2.93

0.003***

-(1.769

-0.352)

-0.215

0.211

-1.02

0.309

-(0.628

0.199)

-0.621

0.058

-10.78

0.000***

-(0.734

-0.508)

-0.599

0.182

-3.3

0.001***

-(0.955

-0.243)

-0.702

0.126

-5.57

0.000***

-(0.949

-0.455)

0.185

0.068

2.71

0.007***

(0.051

0.319)

0.215

0.197

1.09

0.274

-(0.171

0.601)

0.165

0.134

1.23

0.218

-(0.098

0.427)

-0.194

0.028

-7.02

0.000***

-(0.249

-0.140)

-0.342

0.080

-4.3

0.000***

-(0.498

-0.186)

-0.247

0.060

-4.11

0.000***

-(0.364

-0.129)

R2 within and
R2 overall
R-sq: within =
0.0091
R-sq: between
= 0.0182
R-sq: overall =
0.0157

F-statistic

F(5,29516)
= 24.72
Prob > F
= 0.0000

R-sq: within =
0.0445
R-sq: between
= 0.0688
R-sq: overall =
0.0634

F(5,25429)
= 97.43
Prob > F
= 0.0000

R-sq: within =
0.0166
R-sq: between
= 0.0732
R-sq: overall =
0.0675

F(5,29516)
= 35.46
Prob > F
= 0.0000

R-sq: within =
0.0312
R-sq: between
= 0.0815
R-sq: overall =
0.0760

F(5,25635)
= 58.58
Prob > F
= 0.0000

R-sq: within =
0.0090
R-sq: between
= 0.0141
R-sq: overall =
0.0134

F(5,29516)
= 20.23
Prob > F
= 0.0000

R-sq: within =
0.0069
R-sq: between
= 0.0092
R-sq: overall =
0.0084

F(5,25690)
= 26.20
Prob > F
= 0.0000

* p<0.1, ** p<0.05, *** p<0.01

All models control for occupant_diff and age_diff

It is difficult to draw any conclusions about the optimal exclusion strategy based on these
results. It is worth noting that all three models show statistically significant cost reductions
for all three treatment types when values below the 5th or above the 95th percentiles of the
cost difference variables are removed. This contributes to the conclusion that there is a real
effect of treatment that is revealed as extreme values distorting analysis are removed.
Interestingly, the respiratory cost difference model shows an increase in costs of $0.18
(p=0.007) in the model with no exclusions, in contrast to the $0.19 savings per month when
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exclusions are based on the 5th and 95th percentiles. This highlights the impact of removal
strategy and the need to make this impact explicit and transparent.
6.1.7. Model specification and global goodness-of-fit measures
The concern that the pharmaceutical cost difference models are misspecified was
addressed by recalculating confidence intervals using a bootstrap approach with 500
repetitions. The resulting confidence intervals and p-values were consistent with those
calculated using robust standard errors clustered at the treatment/control pairing level,
consistent with an appropriately specified model. Table 57 presents a comparison of pvalues and confidence intervals for the all-cause pharmaceutical use cost difference model,
demonstrating this consistency.
Table 57 All-cause pharmaceutical use cost difference model with robust clustered standard
errors and bootstrapped standard errors, treatment/control pairings with values below 1st and
above 99th percentiles excluded
Model standard
errors

Robust clustered
standard errors

Variable
name

Coefficient

Robust
Standard
error

t

P<|t|

Insulation
only

-1.879

0.349

-5.38

0.000***

(-2.564

-1.195)

-4.156

1.054

-3.94

0.000***

(-6.222

-2.090)

-0.878

0.768

-1.14

0.253

(-2.385

0.627)

-1.880

0.352

-5.34

0.000***

-(2.569

-1.190)

Heating only

-4.157

1.018

-4.08

0.000***

-(6.152

-2.161)

Insulation
and heating

-0.879

0.794

-1.11

0.268

-(2.436

0.678)

Heating only
Insulation
and heating
Insulation
only

Bootstrapped
standard errors

95% Confidence
intervals

* p<0.1, ** p<0.05, *** p<0.01

Models control for occupant_diff and age_diff

Turning to global goodness-of-fit, the original pharmaceutical cost difference models have
low measures of goodness-of-fit in terms of R2 overall. As argued previously, this may
reflect the success of the matching strategy.
6.1.8. Stratification by Community Services Card status
Stratification by Community Services Card status is useful from a policy analysis
perspective. Table 58 presents the results of this stratification.
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Table 58: Hospitalisation cost models stratified by Community Services Card status,
treatment/control pairings with values below 1st and above 99th percentiles excluded
Dependent
variable
modelled

Difference in all
cause
pharmaceutical
use costs

CSC status of
treatment
household

Variable
name

CSC

Insulation
only
Heating only
Insulation
and heating

Non-CSC

Difference in
circulatory
pharmaceutical
use costs

CSC

Non-CSC

CSC
Difference in
respiratory
pharmaceutical
use costs
Non-CSC

Insulation
only
Heating only
Insulation
and heating
Insulation
only
Heating only
Insulation
and heating
Insulation
only
Heating only
Insulation
and heating
Insulation
only
Heating only
Insulation
and heating
Insulation
only
Heating only
Insulation
and heating

Coefficient

Robust
Standard
error

Z

P<|Z|

95% Confidence
intervals

-2.132

0.497

-4.29

0.000***

-(3.107

-1.158)

-4.094

1.535

-2.67

0.008***

-(7.102

-1.086)

-1.461

1.023

-1.43

0.153

-(3.465

0.543)

-1.569

0.454

-3.45

0.001***

-(2.459

-0.678)

-4.221

1.434

-2.94

0.003***

-(7.032

-1.410)

0.002

1.140

0

0.999

-(2.232

2.236)

-0.744

0.112

-6.65

0.000***

-(0.963

-0.524)

-0.808

0.372

-2.17

0.03**

-(1.538

-0.078)

-0.803

0.223

-3.6

0.000

-(1.240

-0.365)

-0.210

0.090

-2.33

0.020**

-(0.387

-0.033)

-0.666

0.258

-2.58

0.010**

-(1.172

-0.159)

-0.286

0.216

-1.33

0.185

-(0.708

0.137)

0.115

0.070

1.64

0.100

-(0.022

0.252)

0.241

0.216

1.12

0.264

-(0.182

0.664)

0.082

0.143

0.58

0.564

-(0.198

0.362)

-0.070

0.062

-1.13

0.259

-(0.192

0.052)

-0.163

0.179

-0.91

0.362

-(0.514

0.188)

0.018

0.139

0.13

0.899

-(0.254

0.290)

* p<0.1, ** p<0.05, *** p<0.01
Models control for occupant_diff and age_diff

Wald test comparisons of CSC and non-CSC coefficients within each model generally find
no evidence to reject the null hypotheses that the coefficients are equal. A notable
exception is the comparison of the coefficients of insulation in the circulatory illnessrelated pharmaceutical use cost difference model by CSC status (F(1,28,698)=14.45, prob >
F = 0.0001), where the larger coefficient for the CSC treatment/control pairings appears
consistent with the hypothesis discussed in previous chapters that lower income
individuals would be predicted to gain greater health benefits from improved insulation
or heating.. In general, there is limited evidence of CSC status modifying outcomes, and
certainly no clear pattern of effect in the two examples where there is some evidence of an
impact. The limitations of the CSC variable have been discussed previously, and limit the
strength of any conclusion drawn.
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6.1.9. Summary
Analysis of household level differences in pharmaceutical use costs using the original
difference-in-difference model suggests that receiving insulation or heating result in small
but statistically significant cost savings in the all cost difference model. These savings are
not greatly affected by the Community Services Card status of treatment households.
There are small but statistically significant cost savings as a result of receiving all
treatment types on circulatory illness-related pharmaceutical use cost differences. Here
there is evidence CSC status does have an impact on the influence of insulation.
Finally, there is little evidence of a beneficial impact of any treatment type on respiratory
illness-related pharmaceutical use cost differences. This result is somewhat surprising
given the evidence that improved temperatures lead to reductions in respiratory
symptoms (Howden-Chapman, Matheson et al. 2007, Howden-Chapman, Pierse et al.
2008), which might be hypothesised to also reduce pharmaceutical use costs.
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6.2. Household level analysis: Extended model
6.2.1. Model specification
The extended model is a difference-in-difference model, identical to the extended model of
hospitalisation cost differences presented in Section 5.3. The model compares the
difference between each treatment group household’s average monthly pharmaceutical
use costs and the mean of its matched control group households’ monthly pharmaceutical
use costs. The model is a fixed effects OLS estimator with robust standard errors clustered
by treatment/control household pairing.
Pharm Cost Diff it = αi + β1insulationit + β2heatingit + β3heating_and_insulationit + β4x4it…+ βpxpit + εit
Pharma Cost Diffit represents the difference between the average monthly pharmaceutical
use costs (either all or circulatory illness-related only) of treatment housei and its control
group houses for a given month t (there are 33 Study months). The other model covariates
are defined identically to those presented in Subsection 5.3.1
6.2.2. Model construction
Model construction follows the process described in Subsection 5.3.2, and is set out in
Figure 12:
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Figure 9: Dataset construction, extended pharmaceutical use cost difference models
Step 1: Pharmaceutical use costs for remaining treatment and matched control group individuals
summed by dwelling and month (Jan 2008 – Sept 2010).
Average pharmaceutical use costs per control household with valid occupants calculated for all
control households matched to a given treatment household.
Difference between treatment and mean control group pharmaceutical use costs calculated for each
treatment/controls pairing.
Treatment/control pairings = 29,607, observations = 977,031
Step 2: Identified months for a given treatment dwelling in which there were either no legitimate
treatment group occupants or no matched control group occupants (all having been removed due
to age issues or death). These were removed because a cost comparison would be meaningless.
1,265 months in which this occurred were removed from the data set.
Treatment/control pairings = 29,606, observations = 975,766
Step 3: For each pharmaceutical use cost difference category (all and circulatory) separately
identified records below the 1st percentile or above the 99th percentile. If all records in either before
or after period for a given treatment/control pairing are extreme then all records for that paring
excluded from relevant model.
Treatment/control pairings, all-cause illness-related pharmaceutical use cost model
= 28,969, observations = 943,235
Treatment/control pairings, respiratory illness-related pharmaceutical use model
= 29,055, observations = 944,018
Treatment/control pairings, respiratory illness-related pharmaceutical use model
= 28,947, 942,260

6.2.3. Confounding
The extended model is an opportunity to consider both the time-variant occupant
characteristics analysed in Subsection 6.2.3.1 and climate based covariates.
6.2.3.1. Occupant characteristics
The covariates described in Subsection 6.2.3.1, occupant_diff and age_diff are plausible
candidates for inclusion in the extended model. Table 59 presents simple regression
analyses for these confounders.

172

Table 59: Simple regression analyses, occupant-diff and age_diff variables, extended model,
months with values below 1st and above 99th percentiles excluded
Dependent
variable
modelled
All
pharmaceutical
use cost
difference

Circulatory
illness-related
pharmaceutical
use cost
difference

Covariate

Coefficient

Robust
standard
error

t

P >|t|

Occupant_diff

23.124

0.789

29.31

0.000***

(21.579

24.671)

Age_diff

1.225

0.105

11.61

0.000***

(1.0181

1.432)

Occupant_diff

3.614

0.204

17.69

0.000***

(3.214

4.015)

Age_diff

0.371

0.029

12.60

0.000***

(0.313

0.429)

Confidence intervals

As with the original pharmaceutical use cost difference models these covariates are highly
statistically significant.
6.2.3.2. Climate and location
The primary measures of climate and location available for inclusion in the extended
pharmaceutical use costs difference models are monthly average temperatures by region
and a winter vs. non-winter dichotomous variable. Table 60 presents simple regression
analyses for the two most plausible confounders: monthly temperature and a winter vs.
non-winter dichotomous variable.
Table 60: Simple regression analyses: winter and monthly average temperature, extended mode,
months with values below 1st and above 99th percentiles excluded l
Dependent
variable
modelled

Covariate

Coefficient

Robust
standard
error

t

P >|t|

Monthly average
temperature

0.020

0.016

1.29

0.196

(-0.011

0.051)

Winter

-0.182

0.123

-1.48

0.140

(-0.424

0.060)

Circulatory
illness-related
pharmaceutical
use cost
difference

Monthly average
temperature

0.007

0.004

1.80

0.072*

(-0.001

0.016)

Winter

-0.069

0.037

-1.84

0.066*

(-0.142

0.005)

Respiratory
illness-related
pharmaceutical
use cost
difference

Monthly average
temperature

-0.0005

0.003

0.17

0.867

(-0.005

0.006)

Winter

-0.018

0.021

-0.85

0.397

(-0.060

0.024)

All
pharmaceutical
use cost
difference

* p<0.1, ** p<0.05, *** p<0.01
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Confidence intervals

The monthly average temperature and winter covariates are not associated with the
pharmaceutical use cost difference dependent variable and it seems unlikely that they will
prove to be important confounders in the multiple regression model. Both variables have a
statistically significant association with the circulatory illness-related pharmaceutical use
cost dependent variable at the (p<0.1) level but have very small coefficients, suggesting
that any confounding effect that these covariates in the multiple regression model might
have may be small in size. Both variables have no statistically significant association with
the respiratory illness-related pharmaceutical use cost difference dependent variable.
6.2.4. Multiple regression model
The initial multiple regression model can be considered the final model, given the
concerns about variable transformation expressed in Chapter Five and in Subsection 5.2.5,.
Table 61 presents the results of the model. Winter based-interaction terms are considered
seperately.
Table 61: Multiple regression model, extended model, months with values below 1st and above
99th percentiles excluded
Dependent
variable
modelled
All cause
pharmaceutical
use cost
difference

Circulatory
illness-related
pharmaceutical
use cost
difference

Respiratory
illness-related
pharmaceutical
use cost
difference

Variable
name

Coefficien
t

Robust
Standar
d error

t

P<|t|

Insulation
only

-2.008

0.249

-8.03

0.000**
*

(-2.498

-1.518)

Heating
only

-3.008

0.807

-3.73

0.000**
*

(-4.589

-1.426)

Insulation
and heating

-1.195

0.568

-2.10

0.036**

(-2.309

-0.081)

Insulation
only

-0.389

0.068

-5.75

0.000**
*

(-0.523

-0.257)

(-1.009

-0.147)

95% Confidence
intervals

Heating
only

-0.578

0.220

-2.63

0.009**
*

Insulation
and heating

-0.234

0.154

-1.52

0.129

(-0.536

0.068)

Insulation
only

-0.034

0.038

-0.88

0.379

(-0.109

0.041)

Heating
only

-0.042

0.124

-0.34

0.732

(-0.286

0.201)

Insulation
and heating

-0.016

0.090

-0.18

0.857

(-0.194

0.161)

R2 within and
R2 overall

Fstatistic

R-sq: within
= 0.0113
R- sq:
between =
0.0674
R-sq: overall
= 0.0403

F(7,2896
8)
=
164.55
Prob > F
=
0.0000

R-sq: within
= 0.0037
R-sq: between
= 0.1007
R-sq: overall
= 0.0472
R-sq: within
= 0.0012
R-sq: between
= 0.0124
R-sq: overall
= 0.0061

F(7,2905
4)
=
67.00
Prob > F
= 0.0000
F(7,2894
6)
=
19.52
Prob > F
=
0.0000

* p<0.1, ** p<0.05, *** p<0.01

Models control for occupant_diff, age_diff, winter and monthly average temperature

The all pharmaceutical use cost difference model shows statistically significant cost
savings per month of $2.01 for insulation (p<0.01), $3.01 for heating only (p<0.01) and $1.20
for ‘insulation and heating’ (p<0.05). These results suggest a protective effect of all three
treatment types which results in reduced pharmaceutical usage. Wald test results for the
equality of the insulation and ‘insulation and heating’ coefficients suggest that there is no
evidence to reject the null hypothesis of equality, (F(1, 28,968)=1.76, prob > F = 0.1847).
174

Wald test results for the comparison of the ‘heating’ and ‘insulation and heating’
coefficients show some evidence to reject the null hypothesis (F(1, 28,968)=3.41, prob>F =
0.0647). This result is surprising given that the coefficient of heating is larger than the
coefficient of ‘insulation and heating’ (-3.008 vs. 1.195) and given that insulation and
heating have real and separate effects we would predict that ‘insulation and heating’
would have a larger combined effect. We can speculate that this result reflects differences
in the characteristics of treatment households that received the different treatment types,
or it may simply be a statistical anomaly driven by random variation and the small
number of treatment/control pairings.
A similar pattern is repeated in the circulatory illness-related pharmaceutical use cost
difference model where there are highly statistically significant coefficients for insulation $0.39 and -$0.58 for heating and a non-statistically significant cost reduction of -$0.23 for
‘insulation and heating that is smaller than the other two coefficients. Here, however,
Wald tests for the equality of the ‘insulation’ and ‘insulation and heating’ coefficients (F(1,
29,054), prob > 0.3482) and the ‘heating’ and ‘heating and insulation’ coefficients (F(1,
29,054), prob > 0.1977) do not provide evidence to reject the null hypotheses that
coefficients are equal.
Finally, as with the original model, the extended model of respiratory illness-related
pharmaceutical use cost differences does not demonstrate any statistically significant
impact of any treatment type at the (p<0.1) level.
Given that the coefficients for each treatment type in the all-cause model are larger than
comparable coefficients in the circulatory illness-related model and the respiratory illnessrelated model combined we can speculate that either the circulatory and respiratory
categories have been misspecified or that there is another effect being captured by the allcause model, perhaps reductions in infectious disease or psychological illness-related
pharmaceutical use. Alternatively, the inconsistency may be evidence of model
inadequacy.
Finally, it is interesting to note that the climate-related covariates, monthly average
temperature and winter vs. non winter, did not have statistically significant coefficients in
any of the three multiple regression models, suggesting that there was no confounding
that the inclusion of these covariates addressed (see Table 89 and Table 90 Appendix Two
for full regression output). However, the extended model may still be of value given its
greater statistical power and accurate recording of the treatment status of each treatment
household in a given month, which was not possible in the original model given the
necessary simplifications required for a before and after model.
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Although it is unlikely that any statistically interaction effects may be found given these
initial results, it is still useful to explore any effect of including interaction terms between
treatment dummies and winter. The output of evaluate the following regression is
presented in Table 62:
Pharmaceutical Use Cost Diff it = αi + β1insulationit + β2heatingit + β3heating_and_insulationit + β4
occupant_diffit + β5age_diffit + β6wintert + β7mean_monthly_tempit +
+ β8insulationit*wintert + β9heatingit*wintert + β10heatingit*wintert
βεit
Table 62: Multiple regression model, extended model, months with values below 1st and above
99th percentiles excluded, winter interaction terms added
Dependent
variable
modelled

All cause
pharmaceu
tical use
cost
difference
difference

Circulatory
illness-related
pharmaceu
tical use
cost
difference

Respirator
y illnessrelated
pharmaceu
tical use
cost
difference

Variable name

Coefficient

Robust
Standar
d error

t

P<|t|

Insulation only

-1.962

0.278

-7.06

0.000***

(-2.507

-1.418)

Heating only

-2.855

0.878

-3.25

0.001***

(-4.576

-1.133)

-0.951

0.639

-1.49

0.137

(-2.203

0.301)

-0.113

0.307

-0.37

0.712

(-0.715

0.489)

-0.356

0.877

-0.41

0.685

(-2.076

1.363)

-0.511

0.623

-0.82

0.413

(-1.732

0.711)

Insulation only

-0.397

0.077

-5.16

0.000***

(-0.547

-0.246)

Heating only

-0.579

0.233

-2.48

0.013**

(-1.035

-0.122)

-0.201

0.174

-1.16

0.247

(-0.542

0.139)

0.014

0.084

0.17

0.868

(-0.151

0.179)

0.002

0.221

0.01

0.994

(-0.432

0.435)

Insulation and
heating
Insulation
only*winter
Heating
only*winter
Insulation and
heating*winter

Insulation and
heating
Insulation
only*winter
Heating
only*winter
Insulation and
heating*winter

95% Confidence
intervals

-0.065

0.179

-0.36

0.716

(-0.417

0.286)

Insulation only

-0.012

0.045

-0.26

0.795

(-0.099

0.076)

Heating only

0.143

0.145

0.98

0.326

(-0.142

0.428)

-0.017

0.104

-0.16

0.874

(-0.221

0.187)

-0.053

0.054

-0.97

0.332

(-0.159

0.054)

-0.419

0.154

-2.72

0.007***

(-0.721

-0.117)

-0.006

0.111

-0.06

0.954

(-0.224

0.211)

Insulation and
heating
Insulation
only*winter
Heating
only*winter
Insulation and
heating*winter

R2 within and
R2 overall

F-statistic

R-sq: within
= 0.0113
R- sq: between
= 0.0674
R-sq: overall =
0.0403

F(10,
28968) =
115.26
Prob > F =
0.0000

R-sq: within
= 0.0037
R- sq: between
= 0.1007
R-sq: overall =
0.0472

R-sq: within
= 0.012
R- sq: between
= 0.0124
R-sq: overall =
0.0061

F(10,
29054)
Prob > F
= 0.0000

F(10,
28946)
=14.35,
Prob > F =
0.0000

* p<0.1, ** p<0.05, *** p<0.01

Model controls for occupant_diff, age_diff, winter,monthly average temperature, interaction terms for treatment and winter

Table 62 demonstrates very little evidence of statistically significant interactions between
treatment status and winter. Models that include treatment*winter interaction terms also
consistently have lower F statistics. A similar finding was reported in Section 5.3.4 and
was interpreted as indication some evidence of selection bias or perhaps unmeasured
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confounding, given that benefits of treatment under WUNZ:HS are hypothesised to be
greater in winter. The single exception to this finding is the interaction term for heating
only and winter in the respiratory illness related pharmaceutical use cost difference
model. The direction of this interaction suggests an effect of heating in winter that is
greater than that observed for heating in summer (which is not statistically significant in
this model). This finding is plausible. Given the limited policy significance of this finding,
due to the small size of the savings involved, the result is not further explored in this
thesis.
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6.2.5. Assessing the impact of extreme value removal
Here I follow the process carried out for previous cost difference models in order to assess
the impact of the approach to extreme value removal. Table 63 presents the results of
running the multiple regression extended regression models described above with no
removal of extreme values and with values below the 5th or above the 95th percentiles
removed.
Table 63: All-cause pharmaceutical use cost difference, extended model, no exclusions and
months above 5th or below 95th percentiles excluded
Dependent
variable
modelled

Difference in all
pharmaceutical
use costs

Difference in all
pharmaceutical
use costs (values
below 5th or
above 95th
percentiles
removed)
Difference in
circulatory
illness-related
pharmaceutical
use costs
Difference in
circulatory
illness-related
pharmaceutical
use costs (values
below 5th or
above 95th
percentiles
removed)
Difference in
respiratory
illness-related
pharmaceutical
use costs
Difference in
respiratory
illness-related
pharmaceutical
use costs (values
below 5th or
above 95th
percentiles
removed)

Coefficient

Robust
Standar
d error

t

P<|t|

-1.320

0.897

-1.47

0.141

(-3.079

0.439)

-6.980

2.222

-3.14

0.002***

(11.334

-2.626)

-0.726

1.821

-0.4

0.690

(-4.296

2.844)

-0.785

0.160

-4.91

0.000***

(-1.098

-0.472)

-1.464

0.521

-2.81

0.005***

(-2.485

-0.444)

-0.714

0.371

-1.93

0.054*

(-1.442

0.013)

-0.383

0.125

-3.08

0.002***

(-0.628

-0.139)

-0.959

0.314

-3.05

0.002***

(-1.575

-0.343)

-0.048

0.219

-0.22

0.825

(-0.477

0.380)

0.232

0.047

4.96

0.000***

(0.140

0.324)

0.167

0.157

1.06

0.287

-(0.140

0.474)

Insulation
and heating

0.263

0.100

2.63

0.009***

(0.067

0.459)

Insulation
only

0.169

0.064

2.62

0.009***

(0.043

0.295)

Heating
only

0.284

0.199

1.43

0.153

(-0.105

0.673)

0.110

0.136

0.81

0.416

(-0.156

0.376)

-0.211

0.018

-11.97

0.000***

-(0.246

-0.177)

-0.238

0.057

-4.19

0.000***

-(0.350

-0.127)

-0.277

0.041

-6.69

0.000***

-(0.358

-0.196)

Variable
name
Insulation
only
Heating
only
Insulation
and heating
Insulation
only
Heating
only
Insulation
and heating
Insulation
only
Heating
only
Insulation
and heating
Insulation
only
Heating
only

Insulation
and heating
Insulation
only
Heating
only
Insulation
and heating

* p<0.1, ** p<0.05, *** p<0.01

Models control for occupant_diff, age_diff, winter and monthly average temperature
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95% Confidence
intervals

R2 within and R2
overall

F-statistic

R-sq: within =
0.0036
R-sq: between =
0.0213
R-sq: overall =
0.0099

F(7,29605)
= 46.11
Prob > F
= 0.0000

R-sq: within =
0.0071
R-sq: between =
0.0778
R-sq: overall =
0.0374
R-sq: within =
0.0027
R-sq: between =
0.0758
R-sq: overall =
0.0347
R-sq: within =
0.0031
R-sq: between =
0.0983
R-sq: overall =
0.0406

F(7,26445)
= 178.16
Prob > F
= 0.0000

F(7,29605)
= 57.13
Prob > F
= 0.0000

F(7,28017)
= 78.05
Prob > F
= 0.0000

R-sq: within =
0.0017
R-sq: between =
0.0137
R-sq: overall =
0.0083

F(7,29605)
= 24.33
Prob > F
= 0.0000

R-sq: within =
0.0012
R-sq: between =
0.0099
R-sq: overall =
0.0032

F(7,28935)
= 76.58
Prob > F
= 0.0000

Removal strategy has a meaningful impact on the results of the extended all
pharmaceutical use cost difference model. The model with no exclusions only shows a
statistically significant saving as a result of receiving heating: this saving is larger than that
found in the model with exclusion of the 1st and 99th percentiles ($6.98 vs. $3.01). The
model with exclusions at the 5th and 95th percentiles shows highly statistically significant
(p<0.01) savings as a result of receiving insulation ($0.78) and heating ($1.46). There are
also savings as a result of receiving ‘insulation and heating’ ($0.71) that are statistically
significant at the (p<0.1) level.
The circulatory illness-related pharmaceutical cost difference model finds statistically
significant savings as a result of receiving insulation or heating with no exclusions but
finds statistically significant (p<0.01) increases in cost differences as a result of receiving
insulation or ‘insulation and heating’ when records containing dependant variables below
the 5th or above the 95th percentiles are excluded.
The circulatory illness-related pharmaceutical cost difference model find a statistically
significant (p<0.01) increase in costs as a result of receiving insulation with no exclusions,
but finds statistically significant (p<0.01) decreases in cost differences as a result of
receiving all three treatment categories when records containing dependant variable
below the 5th or above the 95th percentiles are excluded.
There is no obvious pattern in the impact of different exclusion strategies on the size and
sign of the coefficients of treatment variables. There is a general trend toward results with
greater statistical significance as the exclusion strategy becomes broader. As with the
discussion of exclusions strategies elsewhere in this chapter and in the previous chapter,
the importance of the discussion here is to make the impact of a priori model building
choices apparent.
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6.2.6. Model specification and global goodness-of-fit measures
Here I follow the approach to previous models and test for misspecification by
recalculation model standard errors. Table 64 presents the original multiple regression
model for all pharmaceutical use cost differences with robust standard errors clustered at
the treatment/control pairing level and the model with bootstrapped standard errors.
Table 64: Extended model with robust clustered standard errors and bootstrapped standard
errors, months with values below 1st and above 99th percentiles excluded
Dependent
variable

All
pharmaceutical
use cost
difference

Standard error
method

Robust clustered
standard errors

Bootstrapped
standard errors

Variable
name

Coefficient

Robust
standard
error

t

P<|t|

Insulation

-2.008

0.249

-8.03

0.000***

(-2.498

-1.518)

Heating

-3.008

0.807

-3.73

0.000***

(-4.589

-1.426)

Insulation
and heating

-1.195

0.568

-2.10

0.036**

(-2.309

-0.081)

Insulation

-2.008

0.239

-8.4

0.000***

(-2.477

-1.540)

Heating

-3.008

0.844

-3.56

0.000***

(-4.662

-1.354)

Insulation
and heating

-1.195

0.567

-2.11

0.035**

(-2.306

-0.083)

95% Confidence
intervals

* p<0.1, ** p<0.05, *** p<0.01

Model controls for occupant_diff, age_diff, winter and monthly average temperature

The high degree of similarity between the standard errors and confidence intervals in
Table 64 gives additional reassurance that misspecification of the model is not producing
unreliable estimates of standard errors for these this model. Finally, it is useful to stratify
results by the Community Services Card status of the treatment households.
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6.2.7. Stratification by Community Services Card Status
The results of stratification of the extended models by the Community Services Card
status of the treatment household in each treatment/control pairing are presented in Table
65.
Table 65: All-cause hospitalisation cost difference, extended model, stratified by Community
Services Card status, months with values below 1st and above 99th percentiles excluded
Dependent
variable
modelled

Difference in all
cause
pharmaceutical
use costs

CSC status of
treatment
household

Variable
name

CSC

Insulation
Heating
Insulation
and heating

-2.268
-3.148

Non-CSC

Difference in
circulatory
pharmaceutical
use costs

CSC

Non-CSC

Difference in
respiratory
pharmaceutical
use costs

CSC

Non-CSC

Coefficient

Robust
standard
error

95% Confidence
intervals

Z

P<|Z|

0.353
1.218

-6.42
-2.58

0.000*
0.01**

(-2.961
(-5.535

-1.575)
-0.760)

-0.510

0.786

-0.65

0.517

(-2.051

1.031)

Insulation
Heating
Insulation
and heating

-1.662
-2.867

0.335
1.052

-4.97
-2.72

0.000***
0.006***

(-2.318
(-4.930

-1.007)
-0.804)

-2.238

0.783

-2.86

0.004***

(-3.773

-0.702)

Insulation
Heating
Insulation
and heating

-0.475
-0.515

0.099
0.366

-4.8
-1.4

0.000***
0.16

(-0.669
(-1.233

-0.281)
0.203)

-0.314

0.219

-1.44

0.151

(-0.742

0.114)

Insulation
Heating
Insulation
and heating

-0.278
-0.641

0.084
0.241

-3.29
-2.66

0.001***
0.008***

(-0.443
(-1.113

-0.112)
-0.169)

-0.114

0.201

-0.57

0.571

(-0.507

0.280)

Insulation
Heating
Insulation
and heating

0.032
0.138

0.055
0.187

0.59
0.74

0.557
0.46

(-0.075
(-0.228

0.140)
0.504)

0.058

0.126

0.46

0.643

(-0.188

0.304)

Insulation
Heating
Insulation
and heating

-0.120
-0.225

0.050
0.163

-2.43
-1.38

0.015**
0.167

(-0.217
(-0.544

-0.023)
0.094)

-0.128

0.124

-1.03

0.302

(-0.371

0.115)

* p<0.1, ** p<0.05, *** p<0.01
Models control for occupant_diff and age_diff

Wald test comparisons of CSC and non-CSC coefficients within each model generally find
no evidence to reject the null hypotheses that the coefficients are equal. The single
exception to this rule is the comparison of insulation coefficients in the respiratory
pharmaceutical use cost difference model (F(1, 28,946)=4.35, prob> F = 0.0370). Comparison
of the two coefficients shows that there is a non-statistically significant increase in cost
difference of $0.03 for CSC households that received insulation and a statistically
significant (p<0.05) decrease in cost difference for non-CSC households of $0.12. This result
seems difficult to reconcile with predictions of greater health benefits for lower-income
individuals/households. However, the Pharms dataset record prescriptions which often
cost individuals money, even when individuals receive greater levels of subsidy due to
income status. This means that the ability to respond to illness by obtaining prescriptions
is strongly mediated by income level. We may speculate that statistically significant
(although small) savings for the non-CSC treatment group are the result of reductions in
non-essential prescription costs. Such prescriptions might be less frequently obtained by
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CSC-individuals and households due to income constraints, meaning that improved
temperatures would have less impact on these costs. It is import to note, however, the
limitations of CSC stratification, discussed previously, which will bias results towards the
null due to misclassification.
6.2.8. Summary
Analysis of household level differences in all-cause pharmaceutical use costs using the
extended model suggests that receiving insulation, heating and ‘insulation and heating’
result in small, but statistically significant cost savings in all three cost difference models.
These results are not greatly affected by the CSC status of treatment households. There are
small but statistically significant cost savings as a result of receiving insulation or heating
on circulatory illness-related pharmaceutical use cost differences, which are also not
influenced by CSC-status. Finally, there is limited evidence of a beneficial impact of any
treatment type on respiratory illness-related pharmaceutical use cost differences.
As with the previous model these results are sensitive to the exclusion strategy used.
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6.3. Chapter summary
The exploration of pharmaceuticals use cost differences in this chapter proved surprisingly
fruitful given initial expectations that any benefits found would be very small in size
based on the results calculated in Telfar Barnard, Preval et al. (2011). Inclusion of the
occupant_diff and age_diff variables produced models that found a greater impact of
treatment than the previous models presented, in some cases similar in size to that found
in the hospitalisation cost difference models presented in the previous chapter. It is
difficult to draw strong conclusions about underlying causal mechanisms given that
changes in costs may be driven by both rates of prescriptions, length of prescriptions and
types of drugs prescribed.
Comparison of results for the original and extended pharmaceutical use cost difference
models show fairly similar results in terms of size direction and statistical significance of
coefficients, although results for ‘insulation and heating’ varied in statistical significance
between the original and extended models, which may reflect smaller numbers (relative to
the number of households that received insulation only) and thus greater sensitivity to
subtle differences in exclusion strategy, or more accurate modelling of treatment timing.
Having completed a thorough examination of mortality-related costs, hospitalisation costs
and pharmaceutical use costs it is now possible to compare these results, to aggregate
results that meet inclusion criteria (p<0.05 or p<0.1) at an annual household level, and to
examine the impact of these combined results on the outcomes of the original cost-benefit
analysis presented in Grimes, Denne et al. (2011). This is the topic of Chapter Seven.
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CHAPTER 7. COMBINING HEALTH BENEFITS
This chapter presents the results of Chapters Four, Five and Six together in order to
consider to what extent they contradict or corroborate each other. In the second section
results are combined in order to produce annual estimates of benefit per household
suitable for inclusion in a cost-benefit analysis such as that carried out by Grimes, Denne
et al. (2011). Finally, different estimates of annual health benefit per household are
substituted into the original cost-benefit analysis in order to explore the impact of different
modelling decisions and exclusion strategies on the benefit:cost ratios calculated.
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7.1. Comparison of health benefits
Table 66 presents the coefficients of the insulation, heating and ‘insulation and heating’ for
mortality, hospitalisation cost and pharmaceutical use cost models. Where both the
extended and original models are available the extended results are presented.
Table 66 Summary table of model coefficients ordered by treatment type
Variable
name

Insulation

Heating

Insulation
and
heating

Model

Units

HR or
Coefficient

SE

P-value

All-cause hospitalisation costs
(extended model)

Dollars

-3.186

0.694

0.000**

(-4.545

-1.826)

Y

All-cause pharmaceutical use costs
(extended model)

Dollars

-2.008

0.249

0.000***

(-2.498

-1.518)

Y

Circulatory hospitalisation costs

Dollars

-1.4

0.563

0.013**

(-2.504

-0.297)

Y

Circulatory illness-related
mortality

Hazard
Ratio

0.673

0.079

0.001**

(0.535

0.847)

Y

Circulatory illness-related
pharmaceutical use costs
(extended model)

Dollars

-0.389

0.068

0.000***

(-0.523

-0.257)

Y

Respiratory hospitalisation costs

Dollars

-0.5

0.286

0.083*

(-1.058

0.065)

Y

Respiratory illness-related
mortality

Hazard
Ratio

0.83

0.1

0.122

(0.655

1.051)

Y

Respiratory illness-related
pharmaceutical use costs
(extended model)

Dollars

-0.034

0.038

0.379

(-0.109

0.041)

Y

All-cause hospitalisation costs
(extended model)

Dollars

-0.186

2.236

0.934

(-4.569

4.197)

Y

All-cause pharmaceutical use costs
(extended model)

Dollars

-3.008

0.807

0.000***

(-4.589

-1.426)

Y

Circulatory hospitalisation costs

Dollars

-2.33

1.797

0.194

(-5.854

1.189)

Y

Circulatory illness-related
mortality

Hazard
Ratio

1.348

0.293

0.169

(0.881

2.064)

N

Circulatory illness-related
pharmaceutical use costs
(extended model)

Dollars

-0.578

0.22

0.009***

(-1.009

-0.147)

Y

Respiratory hospitalisation costs

Dollars

-0.12

0.958

0.897

(-2.001

1.754)

Y

Respiratory illness-related
mortality

Hazard
Ratio

1.129

0.313

0.662

(0.656

1.944)

N

Respiratory illness-related
pharmaceutical use costs
(extended model)

Dollars

-0.042

0.124

0.732

(-0.286

0.201)

Y

Dollars

-2.963

1.511

0.050*

(-5.926

-0.001)

Y

Dollars

-1.195

0.568

0.036**

(-2.309

-0.081)

Y

Dollars
Hazard
Ratio

-3.38

1.335

0.011**

(-5.993

-0.758)

Y

0.581

0.15

0.035**

(0.350

0.964)

Y

Dollars

-0.234

0.154

0.129

(-0.536

0.068)

Y

Dollars
Hazard
Ratio

-0.47

0.624

0.447

(-1.697

0.748)

Y

0.624

0.208

0.158

(0.324

1.200)

Y

Dollars

-0.016

0.09

0.857

(-0.194

0.161)

Y

All-cause hospitalisation costs
(extended model)
All-cause pharmaceutical use costs
(extended model)
Circulatory hospitalisation costs
Circulatory illness-related
mortality
Circulatory illness-related
pharmaceutical use costs
(extended model)
Respiratory hospitalisation costs
Respiratory illness-related
mortality
Respiratory illness-related
pharmaceutical use costs
(extended model)

* p<0.1, ** p<0.05, *** p<0.01 HR = Hazard Ratio
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95% CI

Beneficial

When Table 66 is considered, a strong pattern suggesting a beneficial effect of treatment
emerges. There are only two instances in the above table where model coefficients did not
indicate a beneficial effect of receiving treatment under WUNZ:HS: the HRs for the
heating treatment variable in the analysis of circulatory illness-related mortality and in the
analysis of respiratory illness-related mortality. These HRs were not statistically
significant. Of the twenty two covariates/HRs indicating a protective effect of treatment,
four were significant at the (p<0.01) level, ten were statistically significant at the (p<0.05)
level and twelve were significant at the (p<0.1) level.
These results appear to strengthen the case for a real protective impact of receiving
treatment under WUNZ:HS, particularly for insulation, where six of eight results
indicated a protective effect significant at the (p<0.1) level. Although the coefficients of
‘insulation and heating’ were generally less statistically significant, Wald tests carried out
in the previous chapters generally found that there was no evidence to distinguish the
coefficients of ‘insulation’ and ‘insulation and heating’ in models, which can be interpreted
as suggesting that there is a beneficial effect of ‘insulation and heating’ driven by
insulation, which was not statistically significant due to the lower numbers of households
who received this treatment combination. Therefore models had limited power to detect
this benefit.
Turning to heating, model coefficients for heating did not indicate statistically significant
beneficial effects for the most part, which may reflect limited statistical power due to
relatively small numbers of households who received heating only. A number of theories
as to why heating model coefficients might not be statistically significant were discussed
in previous chapters, including the possibility that receiving a heating retrofit only implied
that pre-existing insulation was present and thus that baseline temperatures were already
relatively high. This would limit the health impact of further improvements. The exception
to this general finding was the analysis of pharmaceutical use cost data, where heating
was found to have a highly statistically significant beneficial effect. It is unclear why this
should be the case, but we can speculate that improved temperatures due to heating may
have an impact on all-cause pharmaceutical use costs and circulatory illness-related
pharmaceutical use costs via different causal pathways than those for hospitalisation costs
and mortality. It may also be the case that the denser pharmaceutical cost difference data
had greater power to detect health effects of heating due to the greater number of non-zero
cost difference records in the dataset relative to the hospitalisation dataset, reflecting the
higher frequency of subsidised prescriptions relative to hospitalisations.
The key result of the previous three chapters, from a cost-benefit and thus policy
perspective, was the confirmation of the original finding in the WUNZ:HS evaluations
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(Telfar Barnard, Preval et al. 2011) that receiving insulation led to a reduction in the risk of
mortality for individuals aged 65 and over who had a baseline period circulatory
hospitalisation. While it is difficult to draw strong conclusions about the causal processes
underlying this result given the absence of cause-of-death data, the consistent household
level reductions in circulatory hospitalisation costs and circulatory illness-related
pharmaceutical use costs for households that received insulation only, relative to their
matched control households, are consistent with this outcome. The small hospitalisation
and pharmaceutical use cost savings involved may reflect the fact that elderly people
make up a small proportion of the individuals in each study household.
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7.2. Annual household health benefits
Having presented a summary of the key results of the three previous chapters it is now
possible to aggregate benefits in order to estimate the annual benefits per household of
receiving insulation or heating. For the most part previous results did not find an effect of
treatment for ‘insulation and heating’ that could be distinguished from the effect of
insulation alone and so it is not particularly valuable to separately sum benefits for
households that received both ‘insulation and heating’. Limiting the summing of benefits
to insulation and heating only is consistent with the approach in the original health
evaluations and has the additional benefit of allowing me to produce results compatible
with the original CBA, thus making it straightforward to assess the impact of different
assumptions on the original benefit:cost ratio calculated.
Table 67 sums all-cause hospitalisation-related cost reductions, all-cause pharmaceutical
use cost reductions, mortality-related benefits and the imputed GP visit and reduced time
of work and school benefits described in Subsection 3.3.8 in order to produce estimates of
annual benefit per household for insulation and heating.
Annual household benefits are calculated by summing all benefits that are statistically
significant at either the (p<0.1) or (p<0.05) levels in order to assess the impact of different
inclusion thresholds. The decision to focus on all-cause hospitalisation and pharmaceutical
use cost results and to ignore circulatory and respiratory model results is pragmatic,
reflecting the small differences in the size of benefits calculated, relative to mortalityrelated benefits.
Mortality benefits are presented using the favoured assumptions underlined in Table 34
and Table 38, calculated using the current New Zealand transport sector VSL assuming a
4% discount rate and that individuals who avoided mortality gained, on average, 5.5
additional years of life.
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Table 67 Annual health-related benefit per household of WUNZ:HS insulation and heating
retrofits for all households
Retrofit type

Insulation

Heating

Benefit type

Annual saving

All-cause hospitalisation costs (extended model)

$38.23***

All-cause pharmaceutical use costs (extended model)

$24.10***

Imputed benefits

$47.75**

Annual benefit of reduced mortality per household as a result of receiving
insulation - circulatory cohort (assumes 4% discount rate)
Annual benefit of reduced mortality per household as a result of receiving
insulation - respiratory cohort (assumes 4% discount rate)

$749.51***
$314.01*

Sum annual benefit per household (p<0.05)

$859.19

Sum annual benefit per household (p<0.1)

$1,173.20

All-cause hospitalisation costs (extended model)

$2.23

All-cause pharmaceutical use costs (extended model)

$36.10***

Imputed benefits

$4.64 **

Sum annual benefit per household (p<0.05)

$40.74

Sum annual benefit per household (p<0.1)

$40.74

* p<0.1, ** p<0.05, *** p<0.01

The results of Table 67 show a large annual health-related benefit per household as a result
of receiving a WUNZ:HS insulation retrofit, regardless of whether the criterion used is a pvalue of (p<0.05) or (p<0.01). These results are clearly driven by the mortality-related
benefits calculated in Subsection 4.3. Heating is shown to have a much smaller annual
benefit, driven by a reduction in pharmaceutical use costs.
Table 68 presents annual household benefits stratified by CSC status. The difference in
annual benefits is almost entirely driven by differences in the mortality-related benefits
calculated for CSC and non-CSC households which reflect differences in the average
proportion of vulnerable individuals per household. There are also differences in the
imputed benefits by CSC status, based on the calculations reported in Subsection 3.3.8,
which limit imputation of benefits to CSC households due to the targeted nature of the
RCTs that inform these calculations. There is no statistical justification for stratification
based on the results reported in Chapters Four, Five and Six.
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Table 68: Annual health-related benefit per household of WUNZ:HS insulation and heating
retrofits for CSC households and non-CSC households
CSC households
Retrofit type

Insulation

Heating

Benefit type

Annual saving

All-cause hospitalisation costs (extended model)

$38.23***

All-cause pharmaceutical use costs (extended model)

$24.10***

Imputed benefits

$95.49 **

Annual benefit of reduced mortality per household as a result of
receiving insulation - circulatory cohort (assumes 4% discount rate)
Annual benefit of reduced mortality per household as a result of
receiving insulation - respiratory cohort (assumes 4% discount rate)

$972.92 ***
$399.49*

Sum annual benefit per household (p<0.05)

$1,130.74

Sum annual benefit per household (p<0.1)

$1,530.23

All-cause hospitalisation costs (extended model)

$2.23

All-cause pharmaceutical use costs (extended model)

$36.10***

Imputed benefits

$9.27 **

Sum annual benefit per household (p<0.05)

$45.37

Sum annual benefit per household (p<0.1)

$45.37

Benefit type

Annual saving

All-cause hospitalisation costs (extended model)

$38.23***

All-cause pharmaceutical use costs (extended model)

$24.10***

Imputed benefits

$0.00

Non-CSC households
Retrofit type

Insulation

Heating

Annual benefit of reduced mortality per household as a result of
receiving insulation - circulatory cohort (assumes 4% discount rate)
Annual benefit of reduced mortality per household as a result of
receiving insulation - respiratory cohort (assumes 4% discount rate)

$410.02***
$137.85*

Sum annual benefit per household (p<0.05)

$472.35

Sum annual benefit per household (p<0.1)

$610.20

All-cause hospitalisation costs (extended model)

$2.23

All-cause pharmaceutical use costs (extended model)

$36.10***

Imputed benefits

$0.00

Sum annual benefit per household (p<0.05)

$36.10

Sum annual benefit per household (p<0.1)

$36.10

* p<0.1, ** p<0.05, *** p<0.01

Because mortality benefits are such an important component of annual household healthrelated benefits it is useful to explore how different modelling assumptions influence the
calculation of the annual household level health benefit associated with insulation. A
variety of mortality-related benefit model outcomes are combined with the hospitalisation
cost savings, pharmaceutical use cost savings and imputed benefits presented in Table 67
in order to demonstrate the impact of mortality model assumptions.
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Table 69: Combined annual health benefits of insulation, all households, for a variety of
mortality cost modelling assumptions

P-value
threshold

Total years
gained per
person who
avoided
mortality

5.5

P<0.05

2.75

8.25

5.5

P<0.1

2.75

8.25

Discount rate

Transport 1991 -based
VSL

Transport 1998 -based
VSL

Fire 2007 based VSL

2.50%

$730.80

$1,161.16

$519.76

4.00%

$859.19

$1,378.55

$604.49

8.00%

$1,207.48

$1,968.32

$834.37

2.50%

$452.59

$690.06

$336.14

4.00%

$532.52

$825.40

$388.89

8.00%

$763.82

$1,217.06

$541.55

2.50%

$1,029.65

$1,667.21

$717.00

4.00%

$1,197.86

$1,952.03

$828.02

8.00%

$1,626.44

$2,677.75

$1,110.88

2.50%

$1,119.38

$1,299.78

$1,030.92

4.00%

$1,173.20

$1,390.91

$1,066.44

8.00%

$1,319.20

$1,638.13

$1,162.80

2.50%

$986.30

$1,074.43

$943.09

4.00%

$1,015.97

$1,124.66

$962.66

8.00%

$1,101.81

$1,270.02

$1,019.32

2.50%

$1,221.89

$1,473.35

$1,098.57

4.00%

$1,288.23

$1,585.69

$1,142.36

8.00%

$1,457.27

$1,871.93

$1,253.92

* p<0.1, ** p<0.05, *** p<0.01

Table 69 demonstrates the large range of annual health benefit estimates that can be
calculated using different modelling assumptions, from $2,677.75 to $336.14. Of course the
range of values would be greater still if statistical uncertainty was considered, but I have
chosen to avoid presentation of confidence intervals here for reasons of concision. I have
underlined my preferred value of $859.19, which is calculated using the (p<0.05) threshold
and thus conservatively excludes benefits derived from reduced mortality in the
respiratory cohort, which were not statistically significant at the (p<0.05) level.
7.2.1. Cost-benefit analysis
The cost-benefit analysis of the WUNZ:HS programme presented in Grimes, Denne et al.
(2011) combined health results with estimates of the impact of insulation and heating on
energy use (Grimes, Young et al. 2011) and a sophisticated analysis of industry impacts
(Denne and Bond-Smith 2011), and programme cost data provided by EECA. Annual
benefits were modelled to accrue over the lifetime of insulation and heating retrofits and
future benefits were discounted appropriately. The model produced an estimate of the
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total benefits and costs of the WUNZ:HS programme which required predictions
regarding numbers of retrofits that would occur beyond the period of the evaluation.
It is possible to crudely substitute the results produced in this chapter for the health results
used in the original cost-benefit analysis. Table 70 presents the results of such an approach,
which is limited by a lack of access to the full calculations used by Grimes, Denne et al.
(2011). Total health benefit estimates are derived for 18 different combinations of model
assumptions and are used to substitute for one of the total health benefit figures used to
calculate the primary benefit cost ratio in the original analysis. The health benefit figure in
the original analysis was $1,561 million (Grimes, Denne et al. 2011), which was calculated
assuming a 4% discount rate, using all-cause hospitalisation and pharmaceutical use cost
model results (which was a conservative approach in the original context) and a central
assumption regarding additionality22. Substitution is limited to total health benefit figures
estimated in this thesis using mortality benefit estimates calculated using a 4% discount
rate.
The purpose of this exercise is to illustrate the impact of different modelling choices on the
benefit:cost ratios calculated rather than to contrast these results with the original
benefit:cost ratio calculated (3.9:1) (Grimes, Denne et al. 2011); these differences, which
reflect differences in mortality calculations and pharmaceutical use cost results, are of
limited interest here. All benefit:cost ratios indicate strong evidence for the continuation of
the WUNZ:HS programme, although in an ideal policy environment these results would
need to be contrasted with benefit:cost ratios for alternative courses of action.
Table 70 WUNZ:HS evaluation benefit:cost ratios for a variety of modelling assumptions

P-value
threshold

P<0.05

P<0.1

Total years gained
per person who
avoided circ or
respiratory
mortality

Transport 1991 -based
VSL

Transport 1998 -based
VSL

Fire 2007 based
VSL

5.5

6.4:1

10.2:1

4.6:1

2.75

4.1:1

6.2:1

3.0:1

8.25

8.9:1

14.4:1

6.2:1

5.5

8.6:1

10.1:1

7.9:1

2.75

7.7:1

8.5:1

7.2:1

8.25

9.6:1

11.7:1

8.5:1

7.2.2. Summary

Additionality, in this context, refers to the proportion of retrofits carried out under WUNZ:HS
that were not predicted to occur in the absence of the programme (Grimes, Denne et al. 2011)
22
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The results presented in the first section of this chapter, derived from different modelling
approaches, appear to be largely consistent with each other and thus strengthen the case
that that there was a real health benefit of receiving treatment under WUNZ:HS,
particularly for insulation. The second section explored different approaches to
aggregating benefits derived from mortality, hospitalisation cost difference and
pharmaceutical use cost difference models. This demonstrated that the results are sensitive
to the approach taken to estimating mortality-related benefits and the p-value threshold
chosen for inclusion in this context. This can be inferred from the wide range of benefit
cost ratios presented in Table 70. Nevertheless, even the most conservative set of
assumptions leads to a benefit: cost ratio of 3.0: 1 in Table 70; i.e. benefits are three times
greater than costs.
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CHAPTER 8. POLICY COMPARISON OF WUNZ:HS AND
AUSTRALIA’S HIP
Chapter Eight presents a policy-based comparison of the WUNZ:HS programme and
Australia’s ceiling insulation -based Home Insulation Programme (HIP). The two
programmes represent a natural experiment; similar policies carried out by similar
countries at almost the same time, but with very different outcomes. WUNZ:HS was
considered a success story, having achieved its targets earlier than hoped, while the HIP
ended early and in disarray with work carried out under the programme requiring costly
assessment and remediation (Hawke 2010, Kortt and Dollery 2012).
At first glance, the subject of this chapter represents a change of focus for this thesis, given
previous chapters’ focus on the evaluation of the health benefits of the WUNZ:HS
programme. However, the policy comparison of the two programmes enriches the
previous chapters in two key ways.
Firstly, by identifying key differences between the two programmes that appear to have
contributed to their relative success, it is possible to more accurately characterise
WUNZ:HS, which is important if other nations or future New Zealand governments wish
to operate similar programmes. In understanding the ways in which the two programmes
differed we can identify key policy design and implementation issues, which are relevant
to the success of programmes of this type. This is extremely relevant to the generalisation
of the results presented in Chapters Four - Seven: it is clear that a programme similar to
WUNZ:HS could fail to achieve any of the health outcomes presented, and indeed the
evident energy savings (Grimes, Young et al. 2011), if its design or implementation more
closely resembled the HIP.
Secondly, by comparing the two programmes the value and influence of policy
evaluations such as the WUNZ:HS evaluation and high quality research more generally
can be explored.
The evaluation of health cost data presented in the earlier chapters of this thesis and as
part of the WUNZ:HS evaluation (Telfar Barnard, Preval et al. 2011, Preval 2012) can be
understood as part of the rational public policy cycle, contributing to the policy evaluation
of a programme which can then either be continued, modified or discontinued. The
rational public policy cycle, although frequently criticised as being too conceptually linear,
can be summarised in the following way:
1. Agenda-setting: how problems come to the attention of policy makers.
2. Policy formation: how problem solving options are formulated by policy makers.
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3. Decision-making: the choice and enactment of a policy or policies (potentially
including inaction).
4. Policy implementation: how policies are put into effect.
5. Policy evaluation: evaluation of effectiveness of policy by policy makers (may
include many types of evaluation including economic evaluation), cycle returns to
agenda setting as policy is continued, modified or discontinued.
Adapted from Howlett, Ramesh et al. (1995, p11).
Howlett, Ramesh et al. (1995) acknowledge that presenting the policy cycle as a single
iterative loop is misleading, minimising the complex reality of the policy process.
However, they argue that dividing the policy process into discrete parts facilitates
understanding and allows comparative studies of different stages of the process to be
carried out in a well-defined manner. This is particularly relevant to this chapter, given its
focus on the comparison of the WUNZ:HS programme and the HIP. Taking the insight of
Howlett and Ramesh et al (1995) as a starting point, I first describe the HIP in some detail,
placing both it and WUNZ:HS in the international economic context of the time. Key
programme characteristics are then summarised for ease of reference. The substance of
Chapter Eight, informed by review of key Australian government grey literature, three
published papers, New Zealand grey literature and a key informant interview with EECA
official Jenny Lackey23 is a policy-based comparison of the two programmes in the light of
relevant theory, highlighting the problems faced by HIP and the ways in which these
problems were avoided or negotiated by the WUNZ:HS programme. This process
illuminates key differences that contributed to the outcomes of the two programmes.

Jenny Lackey was a Project Manager for the WUNZ:HS programme for the entire period of its
operation. She participated in a key informant interview in 2010, provided grey literature and also
reviewed this chapter in 2014 in order to check it for accuracy with regard to her comments.
23
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8.1. HIP: Context and overview
Both the WUNZ:HS programme and the HIP were developed in the context of the “Great
Recession” of the late 2000s. The recession is widely thought to have originated in the
United States, precipitated by a dramatic collapse in value of residential mortgage-backed
securities and related collateralised debt obligations, as the U.S. housing bubble burst in
2007. The resulting international recession was characterised by reduced financial
liquidity, dramatic rises in unemployment and reduced international trade.
New Zealand and Australian-owned banks were not heavily exposed to residential
mortgage–backed securities and collateralised debt obligations (CDOs), however the loss
of liquidity that characterised the crisis had a direct effect on the banks of both nations as
credit dried up internationally. A number of non-bank financial institutions collapsed in
both countries, driven by the shrinking of the two nation’s respective property bubbles,
loss of liquidity and “runs-on-the bank” caused by loss of investor confidence; both
introduced depositor guarantee schemes in order to avoid further catastrophic runs. More
generally the global recession had an impact on both nations by reducing demand for
exports and increasing unemployment. New Zealand’s economy was in recession from
December 2007 to March 2009, while Australia was in recession for a single quarter
(January 2009 – March 2009). Both countries fared well relative to many other OECD
nations, due to relatively sound financial institutions and steady Chinese growth
increasing demand for exports. New Zealand also benefited from Australian demand for
exports.
Although New Zealand and Australia avoided the worst of the recession, it was not
always clear that this would be the case, and faced with rising unemployment, particularly
in their respective building/construction sectors, New Zealand and Australia followed the
United States and the United Kingdom in adopting Keynesian economic policies intended
to stimulate growth and reduce unemployment. Australia’s then Prime Minister Kevin
Rudd announced the $42 billion dollar Nation Building and Jobs Plan on February the 3rd
2009, a mixture of initiatives intended to immediately stimulate the economy and create
jobs while investing in capital that would provide longer term benefits. The Nation
Building and Jobs Plan was the largest of several stimulus measures undertaken by the
Government between October 2008 and May 2009 with an estimated combined value of
approximately $AUS 90 billion dollars (Senate 2010). New Zealand’s stimulus initiatives
during the recession were smaller in scale but similar in intent, comprising measures
valued at approximately $NZ 7 billion dollars (NZPA 2008).
At $NZ 347 million the WUNZ:HS programme was a small, but significant part of the total
stimulus initiatives undertaken by successive New Zealand governments. At $AUS 2.7
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billion the HIP represented a smaller, but still significant proportion of total Australian
stimulus measures. The programmes differed from other stimulus measures such as
school and home building in Australia and road building in New Zealand in that they
attempted to increase consumer demand for a product which was perceived to have
positive externalities (Senate 2010). 900,000 homes were estimated not to meet current
minimum standards for ceiling and floor insulation in New Zealand before the start of the
WUNZ:HS programme and 2.7 million Australian homes were estimated to lack suitable
ceiling insulation before the start of the HIP (Senate 2010).
The HIP programme began on the 3rd of February 2009, following unsuccessful proposals
for similar schemes in 2007 and 2008. The basis of the HIP was a $1600 rebate for
consumers for ceiling insulation. Insulation was to be installed by private installers. The
stated goals of the HIP were to generate an economic stimulus, while creating jobs and
supporting small businesses, as well as improving the energy efficiency of homes with the
intention of reducing heating and cooling bills by $200 per year per home and reducing
Australia’s greenhouse gas emissions by around 4.56 million tonnes per year by 2020
(Hawke 2010, Senate 2010).
The Australian goal of improved energy efficiency was likely to be driven largely by
reductions in air conditioning costs/improved cooling efficiency, rather than reduced
heating costs/ improved heating efficiency. Australia is in general much warmer than New
Zealand with the majority of its major cities experiencing 500- 1000 heating degree days24
or less (base of 18°C) annually (Bureau of Meteorology 2013) while major New Zealand
cities have heating degree days ranging between 1150 (Auckland), 2400 (Christchurch) and
2600 (Dunedin) (base of 18°C) (Lloyd 2006). Australia, in turn, experiences a much greater
number of cooling degree days in the majority of its population centres (Bureau of
Meteorology 2013).
The goal of improving energy efficiency was consistent with Australia’s commitments
under the Kyoto Protocol during the 2008-2012 period, which were to limit carbon dioxide
emissions to 108% of 1990 levels, or to offset any excess emissions. New Zealand likewise
had a commitment to reduce its emissions to 1990 levels. Emissions reductions were
explicitly part of the rationale behind the HIP (Senate, 2010) but less clearly part of the

Heating degree days are a measure of the heating (all sources including insulation and space
heating) required to achieve a given base temperature. At a city level they may simply be calculated
as the difference between daily average temperature and a given base temperature (Carbon Trust
2012). Degree days may then be summed over a period of time that is of interest (such as a year).
More complex calculations may be made at an individual building level if more detailed data is
available.
24
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rationale behind WUNZ:HS, perhaps reflecting some political ambivalence regarding this
issue on the part of the ruling National Party-led coalition government.
The goal of improving comfort is listed in the Senate Committee report (Senate 2010), but
other health benefits are not explicitly discussed in the grey literature.
The HIP was intended to operate for two and a half years and to retrofit 2.2 million homes
with ceiling insulation, while providing 9,800 jobs during the duration of the
programme(ANAO 2010). The HIP was administered by the then Department of Energy,
Water, Heritage and the Arts (DEWHA), a federal government department, via a Project
Control Group which included a Deputy Secretary from DEWHA, who reported directly
to the Environment Minister and representatives from the Office of the Coordinator
Genera, which is part of the Department of the Prime Minister and Cabinet (Senate 2010).
Phase 1 of the HIP lasted from the 3rd of February 2009, until July 1st 2009 during which
time approximately 53,000 retrofits were carried out with numbers increasing
exponentially from month to month (Senate 2010). During this phase installers did not
have to register with the programme and consumers only needed to obtain two quotes in
order to qualify for a rebate. Consumers claimed rebates directly from DEWHA, which
processed and handled all claims. Phase 1 operated smoothly, only slightly hampered by
DEWHA’s limited capacity and experience in processing high volumes of claims (Lewis
2010). Of some concern was the announcement in June 2009 that the Australian
Competition and Consumer Commission was investigating claims that some installers
were circumventing the requirement that consumers obtain two quotes (Lewis 2010).
During Phase 1 a consultation process was carried out, which shaped the design of the
main programme, Phase 2. Key participants in the consultation process included installers,
insulation manufacturers, industry bodies, state officials and training organisations
(ANAO 2010, p 66). A comprehensive risk assessment was carried out in April 2009 by
consultants Minter Ellison which informed programme design and implementation. Key
decisions regarding appropriate qualifications for installers, the means of delivering the
rebate and products and installation methods suitable for inclusion in the programme
were made following the consultation and risk assessment processes. The Australian
National Audit Office reported that “the design of Phase 2 was strongly influenced by the clear
riding instruction of the Commonwealth Coordinator General to reduce red tape and commence
work on projects as soon as possible” (ANAO 2010, p 28).
Phase 2 was significantly different from Phase 1. Key differences included: installer
registration online with the registration criteria “prior industry experience; a trade
qualification in an approved trade; or insulation specific training” (ANAO 2010, p 104);
198

householders only needing to obtain a single quote; and payment being made directly by
DEWHA to installers. Medicare Australia processed installer registrations and payments
in conjunction with DEWHA, which addressed concerns about DEWHA’s capacity and
experience in this area.
Phase 2 continued the exponential increase in the number of monthly installations (from
78,375 in July 2009 – 209,267 in November 2009 at the peak of the programme).As Phase 2
progressed the programme began to face problems, which were difficult to address in a
timely manner, because of the high numbers of installations being carried out (Hawke
2010) and because of the overriding stimulus goal (ANAO 2010). A spate of house fires,
believed to have resulted from inappropriate installation of insulation above down-lights
came to national attention (Senate 2010), as did on-going allegations of installer fraud and
poor quality workmanship (ANAO 2010). Four workers died during installation, three of
electrocution related to aluminium foil insulation and the fourth from overheating (Senate
2010). Audits confirmed poor quality work and fire/ electrocution hazards. In addition, the
pace of demand meant that Australian production of insulation materials could not meet
demand and that it was necessary to import insulation, primarily from Asia, somewhat
limiting the stimulus effect of the programme (much of the Chinese-made insulation was
later found not to meet advertised specifications) (Lewis 2010).
Although DEWHA responded to these problems by altering incentives, products, rules
and requirements, the conflicting goal of achieving stimulus objectives appeared to limit
and slow its responses (ANAO 2010). Following numerous changes to the programme, on
the 19th of February 2010 the HIP was suspended in disarray, having insulated only 1
million of the 2.2 million homes originally intended. The HIP was formally discontinued
on the 22nd of April 2010 following a highly critical report by Dr Allan Hawke (Lewis,
2010).
The failures of the programme meant that significant auditing and remediation was
required which necessitated the creation of a Foil Insulation Safety Programme, a Home
Insulation Safety Programme which involve investigating and correcting safety hazards
resulting from the installation of foil and non-foil insulation respectively and finally an
Insulation Industry Assistance Programme that attempted the minimise the harm caused
by the premature end of the HIP on installers (ANAO 2010, Kortt and Dollery 2012). All
foil installations were ultimately required to be physically checked and a proportion of
non-foil installations. The Department of Climate Change and Energy Efficiency (DCCEE)
took responsibility from DEWHA for the closure of the programme and remediation
activities. Environment Minister Peter Garrett eventually lost responsibility for all
remaining energy efficiency programs (Hall 2010). In late 2013 the Liberal Government led
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by Prime Minister Tony Abbot announced a comprehensive Royal Commission enquiry
into the HIP. The terms of reference of the enquiry include a focus on the assessment of
risk by politicians and senior officials with regard to health and safety, and on consultation
and risk assessment procedures used (Royal Commission into the Home Insulation
Programme 2013). The Commission will report back to the government by the 30th of June
2014.
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8.2. Comparison of WUNZ:HS and HIP
The many challenges the HIP faced have been thoroughly described in three
comprehensive reports: the government commissioned Hawke Report (Hawke 2010), an
Australian National Audit Office report (ANAO 2010) and a Senate Committee Report
(Senate 2010) as well as three papers (Dollery and Hovey 2010, Lewis 2010, Kortt and
Dollery 2012). The three reports provide excellent and detailed evidence about the
operation of HIP and the problems that lead to its demise. Lewis (2010) compares the
operation of the HIP programme with two standard Australian public policy texts, the
Australian Policy Handbook (Althaus, Bridgman et al. 2007) and Beyond the Policy Cycle
(Colebatch 2006). Dollery and Hovey (2010) and Kortt and Dollery (2012) approach the
HIP by placing it in the context of government-failure typologies derived from public
choice literature. From this body of grey and academic literature, there is little
disagreement about the key problems and characteristics that led to the premature end of
the HIP, although there is some dispute on factual matters, for example the degree to
which HIP retrofits actually increased the rate of residential fires.
Although the challenges faced by the HIP have been described in depth, previous research
has not taken advantage of the natural policy experiment made possible by considering
how New Zealand’s concurrent WUNZ:HS programme negotiated the design and
implementation issues that the HIP faced. In order to do this I have selected key failings of
the Australian HIP from the available literature and described the extent to which they do
or do not apply to WUNZ:HS, using the idealised policy cycle as a framing device. The
comparison of the two programmes focuses on Phase Two of the HIP as Phase One of the
programme was clearly a “learning while doing” process (Hawke, 2010, p 25), intended to
inform the design and risk assessment of the main phase of the programme, Phase Two.
It is useful to summarise key features of the two programmes for ease of reference prior to
detailed discussion of the differences between the two programmes that may explain their
different outcomes. This summary is presented in Table 71 below.
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Table 71: WUNZ:HS and HIP key features
HIP
Start date – intended
completion date
Actual dates
Programme funding
Primary programme
implementation

WUNZ:HS

3 Feb 2009 – 31 Dec 2011

1 July 2009 – 30 June 2013

Phase 1 (3 Feb 2009 – 30th Jun 2009)
Phase 2 (1st Jul 2009 – 19th Feb 2010)
Phase 3 (19th Feb 2010 – remediation only)
$AUS 2.7 billion (reduced to $AUS 2.45, 2nd Nov 2009)

1 July 2009 – 30 June 2014
$NZ 347 million

DEWHA

EECA

Intended outcome

Improved ceiling insulation for 2.2 million homes

$NZ 347 million spent towards improving insulation and space heating in
homes

Predicted co-benefits

Economic stimulus
Reductions in energy use and energy efficiency improvements
Reduced CO2 emissions
Improved comfort

Retrofits available
under scheme

Ceiling insulation

Funding available to
participants/consum
ers

Health savings
Economic stimulus
Reductions in energy use and energy efficiency improvements
Reduced CO2 emissions
Improved comfort
Ceiling and floor insulation (mandatory to have both if possible), vapour
barriers, draught excluders, hot water pipe lagging, cylinder wraps,
Clean heating (either a heat pump, wood burner, pellet burner or a
reticulated gas heater)
33% central government funding for ceiling and floor insulation, draught
proofing, moisture barriers and remediation (maximum $NZ 1300), (60%*
funding for low income households or landlords of low-income households
– no maximum)
$500 central government funding towards clean heater ($1200* if low-income
household)

$AUS 1600 per home for ceiling insulation
(reduced to $AUS 1200, 2nd Nov 2009), paid by central
government.

*Additional funding /more complex funding arrangements available from
charities, local government or lines companies

Service delivery
model

Number of
installers/service
providers:

Criteria for inclusion
of installers/service
providers in
programme

Participants/consumers contracted directly with installer.
Phase 1 (3 Feb 2009 – 30th Jun 2009):
Claim required two quotes and a site inspection (Senate 2010).
Money was paid upfront by participants /consumers who then
claimed a rebate processed and paid by DEWHA.
Phase 2 (1st Jul – 19th Feb 2010):
Installers were paid rebate amount directly following claim
via Medicare Australia. Consumers often did not pay any
money at all.
Phase 3 (19th Feb 2010 - 30th Sept 2012)(DCCCE 2012):
Foil Insulation Safety Programme inspected all foil
installations and either remove or install safety switch
Home Insulation Safety Programme – inspected 15% of nonfoil insulations
Insulation Industry Assistance Programme – provided
employment assistance to “reputable” installers affected by
end of HIP (DCCCE 2012)

Contract between consumers and service providers.
Consumers paid service providers directly (less rebate), service providers
obtain rebate from EECA via claim. Consumers were able to pay via
mortgage extension, interest free loan or via rates.
Consumers in some cases had access to additional funding from third parties
such as local government and charity organisations.

10,834 registered, 7451 made one or more claim under
programme (ANAO 2010)

60 companies/community trusts (some of which sub-contracted)

Phase 1 (3 Feb – 30th Jun):
Installers did not need to register to be included in the
programme
Phase 2 (1st Jul – 19th Feb 2019):
Installers registered online, were required to have either:
“prior industry experience; a trade qualification in an
approved trade; or insulation specific training.” From 1st July
2009 to 17th Dec 2009 this applied to supervisors only, then all
installers (ANAO 2010)

Energy Efficiency and Conservation Authority (EECA) held tendering
process prior to start of programme with an additional request for proposals
in September 2011. Contracts were subject to annual review. Criteria to be
considered for inclusion included the capacity to deliver retrofits to agreed
quality and safety standards. Industry experience was a key criteria (J.
Lackey, personal communication 2010)

Service providers required to complete detailed audit following completion
of retrofit.

Performance
auditing

Data analytics
Inspect dwellings (roof inspection)
Obtain information from installer (desktop audit)
(ANAO 2010)

Sanctions

“Deregistration would apply to those installers who
were fraudulent or intentionally breached the program’s terms and
conditions” .(ANAO 2010, p 132)

Related programmes

Energy Efficient Homes Package also included:
Low Emission Assistance Plan for Renters (LEAPR) (“folded”
into HIP 1st Sept 2009)
Solar Hot Water Rebate
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EECA carried out separate auditing and inspection procedures (J. Lackey,
personal communication 2010)
Variety of sanctions available under contract with service providers
including withholding of payments and expulsion from the programme (J.
Lackey, personal communication 2010)
WUNZ:HS was predated by the smaller and more narrowly targeted
EnergyWise Home Grants Programme (2003-2009).
WUNZ:HS replaced by Warm Up New Zealand: Healthy Homes (2013- )
Other related programmes such as Clean Heat ended in 2012 (J. Lackey,
personal communication 2014).

8.2.1. Agenda-setting, policy formation and decision making
The Global Financial Crisis provided the context for setting the agenda for both the
Australian and New Zealand programmes, with economic stimulus a common goal.
Improved energy efficiency, reductions in energy use and thus reductions in CO2
emissions were also goals of both programmes. However, while the HIP programmes had
a stated goal of improving “comfort”, my review of the grey literature does not suggest
that expected health benefits were a major driver of the HIP, while these were an explicit
part of the rationale for the New Zealand programme (Brownlee 2009).
Review of the HIP literature suggests that one of the fundamental explanations of the
flawed decisions around the design and implementation of the HIP was the prioritising of
the economic stimulus goal over other considerations such energy savings, or possible
health outcomes as well as the safety of installers. The design and implementation of
WUNZ:HS demonstrated a difference in priorities, with high barriers to programme entry
and thorough auditing requirements which naturally compromised the speed of the
economic stimulus. Following specific examples of differences in programme design,
which may explain the different outcomes of the two programmes, I turn to the more
general question of what might explain the differences in the programme design choices
made.
8.2.1.1. Entry to programmes and installer characteristics
The differences in the ease of entry and resulting characteristics of installer organisations
under the two programmes is useful starting point for specific design comparisons.
Registration as an installer organisation under the HIP at the start of Phase Two required a
business to have a valid ABN (Australian Business Number) and to agree to the Terms and
Conditions of Registration. Over 10,000 organisations registered although only 7,841
completed at least one installation (Senate 2010). The high take-up of the HIP limited the
ability of Medicare to confirm that registered installers met programme entry
requirements in a timely manner. By contrast, there were only about 60 service provider
under the WUNZ:HS programme, 13 of whom had operated as service providers under
previous programmes(J. Lackey, personal communication 2010) . Being a service provider
under the programme required completing an annual review as a condition for contract
extension, and acceptance of stringent auditing requirements (EECA 2009b).
The relative ease of entry to the HIP meant that a number of dishonest operators were able
to enter the HIP, and operate unchecked, either billing for work not completed, or
otherwise deliberately circumventing programme regulations. Hawke (2010, p viii) cites,
“disturbing claims about the high level of fraud perpetrated by unscrupulous operators. Despite
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some safeguards against fraud, no one foresaw the possible extent of potential malfeasance which
was simply alarming [.]” Such small operators would not have been likely to have gained
entry to the WUNZ:HS programme, given the extensive tendering process, and any
service provider that did gain entry to the programme would have more to lose if found to
be engaging in fraudulent practices.
A much greater concern for the HIP was the installing of insulation by unqualified and/or
inexperienced installers, which was linked to the poor quality workmanship, dangerously
installed insulation and the deaths of four installers which ultimately led to the end of the
HIP. The HIP Terms and Conditions of Registration initially included requirements that all
installers have generic occupational health and safety training and receive an installer
pocket book with key safety and best practice information (from August 2009 onwards)
and either have or be supervised by somebody with: “prior industry experience; a trade
qualification in an approved trade; or insulation specific training” (ANAO 2010, p 104).
The decision to require only supervisors to meet minimum competency standards was
made by DEWHA in consultation with a range of stakeholders, and the trade-off between
requiring minimum standards for all workers and just supervisors was explicitly
considered, however; “ it would not be possible to implement, given the short period of time
available and the need for low barriers to entry to the program” (ANAO 2010, p 107). It was later
reported that supervision was often minimal, meaning that unqualified and inexperienced
installers were placed in very difficult situations (Lewis 2010). On February 12, 2010, just
before the suspension of the programme, training was tardily made mandatory for all
installers.
The request for proposals for WUNZ:HS did not explicitly set minimum installer
competencies, but stated that when considering proposals 35% weight would be given to
“capability” which included “proven personnel and experience or capability in installing EECA
approved products” and “evidence of ability to complete work to the Standards outlined in EECA’s
Audit and Quality Manual” (EECA 2009b, p 12).
The fact that neither programme required minimum competencies for installers can be
linked to the fact that the insulation industries in Australia (Senate 2010) and New Zealand
(J. Lackey, personal communication 2010) were not highly regulated, beyond standard
workplace and occupational health and safety rules, prior to the start of the two
programmes and that home-owners could install their own insulation without any
experience or qualification at all . Industry bodies in Australia opposed the imposition of
formal training for all installers citing a culture of learning on the job (ANAO 2010).
Turning to New Zealand, Lackey stated that historically, in New Zealand, insulation has
been low-paid, unpleasant and prone to high turn-over (personal communication, 2010).
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Non-mandatory installer qualifications were considered under WUNZ:HS (J. Lackey,
personal communication 2010); however, ultimately the WUNZ:HS policy was based on
demanding high quality retrofits but allowing service providers to make decisions about
how best to achieve these standards. This approach also entailed a vigorous auditing
process to ensure quality and also health and safety outcomes were met. Interestingly,
poor quality workmanship was a concern early in the WUNZ:HS programme, even for
service providers that had experience operating under previous EECA-administered
programmes (J. Lackey, personal communication, 2010), meaning that installers working
for organisations with a vested interest in continued programme participation were
carrying out substandard work. This points to a fundamental issue with the insulation
retrofit industry: the information asymmetries that mean that it is difficult for consumers
to adequately assess the work carried out. It is difficult to visually assess the thickness of
installed insulation or to assess coverage in inaccessible areas of ceilings and floors. This,
in turn, encourages opportunistic sub-optimal retrofits. The solution EECA adopted was
more rigorous auditing.
Initially service providers carried out a post installation audit and in addition EECA
audited 5% of retrofit sites. This figure was lifted to 10% during the period when concerns
about quality were being raised both internally within EECA (J. Lackey, personal
communication, 2010) and by the media (Gibson 2010). Lackey also described more
extensive actions taken when early audits revealed “safety relevant failures”; these
included requiring service providers to check all previous work. It is unclear what
proportion of installations were physically inspected during the operation of the HIP,
although the programme design included site inspections and roof inspections intended to
ensure that programme guidelines were being met and that installations met quality
standards (ANAO 2010).
The difference in the outcomes of the two programmes cannot be explained by the
programme entry requirements alone, but must also be linked to the rebate structures of
the two programmes, which drove high uptake for the HIP and created perverse
incentives and limited consumer vigilance in Australia
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8.2.1.2. Rebate structure
Although the rebate structures of the two programmes changed over time the core
difference between the rebate structures of the two programmes appears to be the fact that
Phase Two of the HIP did not require a household contribution unless the total cost of an
insulation retrofit exceeded a pre-set limit (initially $AUS 1,600, later reduced to $AUS
1,200), while WUNZ:HS only paid for a fixed proportion of insulation retrofit costs (in
some cases with a maximum rebate size), and made a relatively small contribution to total
heating retrofit costs (up to $NZ 500 or $NZ 1200 depending on Community Services Card
status of occupants)25. In Australia, Phase Two of the HIP did not require any financial
interaction between households and central government if the total cost of the retrofit was
within the current limit, while Phase One required households to pay installers and then
obtain a rebate (Senate, 2010). There was a massive increase in the rate of retrofits in the
first month of Phase Two of the programme when installer companies were paid directly
by Medicare (Senate 2010), suggesting that the rebate structure was highly influential on
the speed of the uptake of the programme.
The vast majority of HIP retrofits during Phase Two were below the threshold for
household contribution, meaning that households had little motivation to make informed
decisions about which installation company to choose, which materials were appropriate
or even to check to see that the contracted work was being carried out adequately (which
is difficult even when householders are motivated, as noted above) (Senate 2010).
Suggestively, when the maximum rebate was reduced from $AUS 1,600 to $AUS 1,200, the
average total amount charged for each retrofit dropped, suggesting that installer
companies were well aware of these incentives and either were willing to use cheaper (and
presumably suboptimal) materials, or otherwise lower costs so that their customers did
not need to contribute to the costs, had initially been favouring unnecessarily costly
materials or installation choices, or most worryingly were simply overcharging for
retrofits prior to the change in rebate size and thus able to reduce charges without
changing the nature of the services provided.
By contrast the WUNZ:HS rebate structure can be assumed to have encouraged a
relatively high degree of consumer vigilance. As with many of the other problematic
aspects of the Australian HIP design, there was awareness of these issues amongst senior
officials during the design phase, including explicit mention of these issues in the Minter
Ellison risk register published in April 2009.
The rebate structure not only contributed to misaligned incentives, but also drove the
A certain proportion of retrofits for properties occupied by CSC holders received additional third
party funding meaning the occupants/landlords were not required to contribute financially.
25
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rapid uptake of the HIP as noted above. While both the WUNZ:HS and the HIP
programmes experienced higher initial demand levels than predicted, the number of
retrofits carried out under the HIP rose greatly in each subsequent month peaking in
November 2009, while demand levels in the WUNZ:HS programme began to fluctuate,
requiring careful management by EECA (J. Lackey, personal communication, 2010). The
rapid uptake of the HIP can be linked to many of the problems faced by the programme.
8.2.1.3. Product inclusion and installation methods
Although the two programmes had different scopes, the common element of both
programmes was insulation. There are two insulation-related products that are
particularly interesting as a basis of comparison, foil insulation and down-light covers.
Foil Insulation
In Australia, foil ceiling insulation was linked to many of the problems which troubled the
HIP. Electrocution killed three installers of foil insulation, who inadvertently pierced live
wiring with metal staples during installation (Senate, 2010), and poorly installed foil
retrofits meant that many ceilings were potential fire or electrocution hazards later
requiring checking, modification or removal under the FISP programme (ANAO, 2010).
Prior to Phase Two industry consultation raised awareness of the risks of foil insulation
but, as with installer qualifications, some members of the established insulation industry
opposed changes to current practice which included the use of metal staples, citing the
lack of previous issues with these products (Hawke 2010). The Senate Committee report
concluded that it was the combination of inexperienced installers and products requiring
skilled installation that led to the foil-related safety issues. Metal staples were removed
from the programme in November 2009 by Minister Peter Garrett and foil insulation was
entirely removed from the programme in February 2010 shortly before the end of the
programme (Senate 2010).
In New Zealand, foil insulation was not available under the WUNZ:HS programme,
although foil floor insulation had been available under the previous Energy Wise Home
Grants programme until mid-2008 (J. Lackey, personal communication, 2010). In 2007, in
New Zealand, several installers died of electrocution while installing foil insulation, (not
installers operating under EECA administrated programmes), and Lackey stated that both
safety and other issues such as a lack of durability led to the eventual exclusion of foil
from EECA-funded programmes including WUNZ:HS. Interestingly, during a stakeholder
meeting early in Phase One of the HIP the New Zealand deaths were discussed but this
and other evidence did not dissuade officials from including foil in the programme (Senate
2010).
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Downlights
Downlights26 are the second insulation-related product of interest. In Australia, downlight
covers were not mandatory under the HIP programme until November 2009, and prior to
this a stringent building standard (AS/NZ 3000:2007) was adopted by the programme that
mandated that downlight clearance be 200 mm. In mid-September 2009 a warning was
issued to householders about the risks of insulation and downlights by the New South
Wales Fire Brigades and the Office of Fair Trading (Hawke, 2010). A targeted inspection of
15,000 homes under the HISP revealed that 7.6% were fire-risks (Senate, 2010).
Interestingly, the Australian Government contended that this rate of risk was not higher
than in the general industry (particularly given the fact that inspections targeted poor
quality installers), and the link between fire risk and the HIP has been contested (Senate,
2010). The Senate Committee report also presents several examples of industry warnings
about downlight safety issues that failed to impact the initial design of Phase Two (Senate,
2010).
In New Zealand, downlight covers were also not mandatory under the WUNZ:HS
programme and the clearance standard under the programme was lower than the HIP at
150mm (EECA 2009c). However, downlights were a concern under the WUNZ:HS
programme; early audits revealed safety issues related to clearance (J. Lackey, personal
communication, 2010). EECA was able to successfully address these issues with higher
audit rates and sanctions for these “safety relevant failures” (J. Lackey, personal
communication, 2010).

Downlights are light fixtures that are recessed into ceilings. When insulation is installed above or
adjacent to a downlight without a suitable downlight cover this creates a fire-risk via overheating.
Not insulating above and adjacent to downlights reduces the effectiveness of ceiling insulation
greatly thus downlight covers, which allow insulation to be installed over downlights, are an
important consideration.
26
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8.2.1.4. Differences in policy context
Having considered specific differences in the design of the two programmes, one of the
key themes is the prioritisation of the stimulus goal under the HIP relative to the
WUNZ:HS programme. WUNZ:HS was expected to produce both economic stimulus and
a variety of co-benefits including health benefits (Howden-Chapman and Preval 2014).
The HIP was primarily designed as a stimulus measure, with predicted energy co-benefits.
In order to better understand the differences in priorities, it is useful to consider the wider
context of official and public perception of the benefits of insulation and other retrofits in
the two countries.
EECA is a good starting point for discussing differences in the policy context. Prior to the
WUNZ:HS programme, EECA had been promoting and part-funding insulation retrofits
for fourteen years. During this time EECA developed a productive long-term relationship
with He Kainga Oranga, the Housing and Health Programme of the Department Public
Health Department, University of Otago, Wellington and had co-funded the retrofitted
insulation package, designed by EECA, used in the Housing, Insulation and Health Study,
which began in 2001. This was consistent with EECA’s core goal of improving energy
efficiency (broadly defined to include any policy which changes energy use and increases
net benefits). EECA’s retrofit programmes and promotion of insulation, as well as research
carried out by He Kainga Oranga in conjunction with EECA and many other agencies are
likely to partially explain why at the time that WUNZ:HS was being considered (20082009) the connection between insulation and health was accepted across most political
parties in New Zealand and by the general public. This assertion can be supported by two
pieces of evidence.
Firstly, as discussed in Section 2.2., WUNZ:HS was implemented following a change in
government. The previous Labour-led coalition government had proposed a $1 billion
dollar insulation package that was intended to be rolled out over 15 years. While the
programmes differed in certain key ways, this does indicate cross-party acceptance of a
both a proven link between housing and health and also of the economic rationality of
improving housing. Further evidence is provided by the fact that, in 2005, the Green
Party’s election campaign included insulation retrofits in its health platform rather than in
its energy platform, a difference in approach from that taken by other parties at that time
(Carroll, Blewden et al. 2008).
Secondly, two attempts have been made to monitor and measure the impact of He Kainga
Oranga’s research on policy makers and public perception and both suggest that it has
been highly influential. The results of an unpublished review of New Zealand news
articles and parliamentary speeches demonstrate that over the period 1996 -2010 there was
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a steady rise, peaking in 2008, in the number of articles and speeches discussing both
housing and health, and a rise in the proportion of such articles and speeches that used
keywords associated with research (Fougere, Bennett, Howden-Chapman, unpublished).
This rise coincides with the informal dissemination and then formal publication of key
results from randomised controlled trials carried out by He Kainga Oranga. A report titled
The Social Sciences and Policy-Research Use (Carroll, Blewden et al. 2008) produced by the
Centre for Social and Health Outcomes Research and Evaluation, Massey University,
North Shore also documented the influence of He Kainga Oranga’s research on policy
makers and the public, stating that as research findings were disseminated, “[o]ver time this
flow brought about conceptual changes, altering the policy focus on household energy efficiency
from a ‘supply side’ to a ‘demand side’ approach, and shifting the discourse around energy-efficient
homes from one primarily of cost savings to an emphasis on health benefits” (Carroll, Blewden et
al. 2008, p 48).
The influence of this research may be explained by the close relationship between He
Kainga Oranga and central government including its ongoing relationships with
organisations such as EECA and the Ministry of Health (Carroll, Blewden et al. 2008).
Many efforts were made disseminate research finding to policy makers (including early
drafts of a paper which found a favourable ratio of benefits to costs for insulation and was
ultimately published as (Chapman, Howden-Chapman et al. 2009)) and indeed research
was structured to answer questions with policy relevance (Carroll, Blewden et al. 2008). In
terms of the “national conversation”, the common-place notion that cold and damp
housing caused poor health has also been increasingly replaced by the idea that there is a
research proven link between poor housing quality and health (Carroll, Blewden et al.
2008), as demonstrated by the rise in news articles linking research with housing and
health.
Having argued that there was strong political and public acceptance of the health benefits
of insulation retrofits in New Zealand when the WUNZ:HS programme was developed, it
is necessary to ask if there was a different perception in Australia. I did not find research
directly addressing this very specialised question but, based on keyword searches of the
HIP-related literature that this chapter is based on, I conclude that health was not part of
the HIP agenda, beyond some mentions of improved comfort, and that this likely reflects
the lack of widespread acceptance by Australian politicians/policy officials and,
presumably, the general public, of the connection between insulation and health. A case
could certainly have been made for the health benefits of insulation in Australia, as many
parts of Australia experience low winter temperatures and Australia does experience
excess winter mortality (de Looper 2002), as well as potentially harmful extremely high
temperatures which insulation might mitigate.
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Ultimately, the reason for highlighting these differences in policy context is to suggest
that, when decisions that might compromise quality of work were made when the HIP
was designed, there may have been less “push-back” by politicians, officials and even the
community who valued the co-benefits of insulation than there might have been in the
New Zealand context. Beyond this difference in policy context, there are several key
differences in government structure and organisational structure that may also potentially
explain differences in the outcomes of the two programmes.
8.2.1.5. Government structure
Australia is a much larger country than New Zealand (22.7 million vs. 4.4 million
population) and has three layers of government (federal, state and local) rather than New
Zealand’s two (central and local). Both the HIP and WUNZ:HS were funded and
administered by central government. Review of the two programmes suggests that central
government administration was not ideal, in the case of the HIP, but perhaps more
appropriate in the case of WUNZ:HS.
Kortt and Dollery (2012) cite literature on fiscal federalism to argue that, because the HIP
was intended to have benefits at both the local or regional level (power savings,
employment) and at the national level (carbon dioxide emission reductions), there is not
an a priori case for which level of government should fund and/or administer the
programme. However, they note that central government has an advantage in terms of
revenue gathering (via taxation) while state government may have a comparative
advantage in the administering of programmes that require local knowledge and local
experience. This suggests that the HIP would have functioned better as a centrally funded
but state-administered programme, particularly given that many states had previous
experience administering similar programmes, such as water conservation and clean heat
programmes (Kortt and Dollery 2012), and a highly regulated programme operated by the
State of Victoria, which provided a number of different retrofits and achieved relatively
high quality outcomes based on audit results (Hawke, 2010). This argument is supported
by the many complaints and concerns that State governments voiced during the design
and implementation stages of the HIP, including concerns about costs resulting from the
HIP such as contractual dispute resolution and fires (allegedly) which were incurred by
the States, rather than the Federal Government (Lewis 2010, Senate 2010).
By contrast, New Zealand is effectively the size of a single Australian state, and relatively
homogeneous, particularly with regard to factors such as climate. EECA, the
implementing agency for WUNZ:HS, had considerable previous national experience
administering similar programmes and thus, using the criteria presented in (Kortt and
Dollery 2012), New Zealand’s centralised approach to both revenue gathering and
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programme administration may be considered optimal.
8.2.1.6. Differences in programme formation and organisational structure

At first glance the two programmes appear to have been formed in quite a similar
manner, by a central government agency with strong direction from politicians and
senior officials. However, the HIP operated with what is consistently described as a topdown model, Lewis (2010, p 86) states,”[t]he Rudd government’s approach to the HIP was very
much top-down; DEWHA and other levels of government were expected to fall in line”. The Rudd
government gave a great deal of input to the formation and ongoing operations of the HIP.
The Federal Government consistently prioritised speed of stimulus over concerns from
officials within DEWHA, who favoured a slower roll out over five years and from parties
outside DEWHA, such as state governments and various industry bodies (Lewis 2010).
DEWHA itself had limited experience in the design or administration of programmes of
this type, which may explain some of its lack of success in moderating the stimulus
imperative.
By contrast, WUNZ:HS appears to have been formed using a more collaborative approach;
(J. Lackey, personal communication 2010) provided some insights in this regard.
According to Lackey, the WUNZ:HS programme was developed following a request for
proposals from “major government departments” by Prime Minister John Key after the
“Job Summit”, an event designed to tackle unemployment during the recession (J. Lackey,
personal communication 2010). Following an initial proposal by EECA and its monitoring
agency, the then Ministry of Economic Development, a more detailed proposal was
requested. Strategic high level planning was driven by the Ministry of Economic
Development and Cabinet officials, while EECA was able to provide detailed advice on
programme specifics, using its previous experience administering similar previous
programmes. The WUNZ:HS programme was developed iteratively, with some key
decisions driven by the then Minister of Energy and Resources Gerry Brownlee, such as
the expansion of the proposed programme to non-low-income households and making
floor insulation mandatory where possible (J. Lackey, personal communication 2010). In
addition, many of the foundations of WUNZ:HS were laid by the previous government
who planned a scheme similar in many respects.
This iterative approach involving greater effective input from experienced policy officials
seems to have produced a programme that was better designed and more closely
monitored.
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8.2.1.7. Consultation, risk assessment and independent policy advice
Consultation occurred prior to Phase Two of Australia’s HIP, but it appeared to have little
impact on the key elements of programme design described earlier. The comprehensive
risk assessment carried out by consultants Minter Ellison in April 2009 similarly seems to
have had little impact of programme design; many of the concerns highlighted in the
register appear to have been ignored, with Minister Peter Garrett later accused of not
having seen the register (Lewis, 2010).
Turning to New Zealand’s WUNZ:HS, there was a long history of interaction between
EECA and established service providers prior to the creation of WUNZ:HS. Lackey stated
that both formal and informal consultation was standard practice (J. Lackey, personal
communication 2010). For example, during the design of the WUNZ:HS evaluation the
Group avoided research that would require interaction with customers and service
providers based on EECA’s consultation with service providers who did not wish to be
further encumbered with time-consuming paper-work.
In order for consultation, or policy formation more generally, to function optimally it is
necessary that independent sources of research and advice are available. In the case of
Australia, noting the impact of the lack of an organisation which could provide these
services, the Senate Committee suggested that the government “should establish a dedicated
and industry-independent program to research insulation systems and help develop efficient and
effective insulation policy” (Senate, 2010). By contrast, in New Zealand there are at least two
organisations that fill this role.
Firstly, New Zealand has He Kainga Oranga, a publicly funded university-based research
organisation much discussed throughout this thesis which has provided a great deal of
independent, policy-relevant research on the value of insulation and heating retrofits.
Secondly, New Zealand has the Building Research Association of New Zealand
Incorporated (BRANZ). BRANZ Ltd is an independent organisation funded by a levy on
consented building projects with a value of over $NZ 20,000. This funding must be used to
“promote and conduct building-related science and research” (BRANZ, 2010, p3) and is
distributed to a number of research providers which are independent of government
although not industry independent. BRANZ has contributed to the work of He Kainga
Oranga and according to its own 2010 Annual Review, “[t]he EECA-managed Warm Up New
Zealand insulation programme, for example, owes a debt to BRANZ research on household energy
use from the Household Energy End-use project (HEEP), as well as to BRANZ testing and
assurance for insulation products, and technical knowledge about how to correctly specify and
install insulation and the consequences of poor installation” (BRANZ 2010, p 15).
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EECA has ongoing relationships with both organisations, which has ensured that both the
research findings and technical output of these organisations is readily accessed by policy
officials and also that the research that these organisation produce has policy relevance.
However, while it is tempting to agree with the Senate Committee that Australia would
benefit from such organisations, it might take many years before the research findings of
such an organisation were widely accepted by senior officials and politicians, and the
policy landscape was therefore changed. As stated previously, the unwillingness of the
Rudd Government and senior officials to consider modifications that might compromise
the stimulus effect of the HIP (many of which might also have been suggested by an
independent organisation of the type described), led them to give little weight to the
results of consultation and external risk assessment. The difference between the outcomes
of the two programmes cannot be explained by differences in the levels of consultation,
risk assessment or indeed an absence of independent expert advice alone, but also by the
degree to which consultation, risk assessment and independent advice were heeded.

8.2.2. Policy implementation
Many of the difficulties faced during the implementation of Australia’s HIP resulted from
choices made during the design phase of the programme. For example, the
implementation of the HIP was made challenging because of the massive increases in
monthly retrofits during the period July 2009 – Nov 2009 which resulted from specific
design choices such as the rebate structure and low barriers to entry into the programme
for installers. Systems such as the Medicare-operated rebate and registration systems did
not function optimally, in part due to high levels of demand. This in turn meant that
reports of poor workmanship and fraud could not be addressed in a timely manner as
backlogs of complaints, and issues to be addressed quickly accumulated, thus making the
HIP’s monitoring and auditing programme, which included desk-based audits and
physical inspections, relatively ineffective (ANAO 2010).
In New Zealand, EECA also experienced many difficulties in the early stages of
WUNZ:HS, including capacity issues, but these difficulties did not overwhelm its systems
(J. Lackey, personal communication 2010). One of the early challenges faced by the
WUNZ:HS programme was poor quality workmanship, as described in Subsection 8.2.1.2.
However, EECA was able to improve performance by raising external audit rates and in
some cases demanding that offenders check all previous work. Such an approach would
be much harder to implement with many small providers and greater uptake rates.
While the two programmes did have different rates of uptake, differences in programme
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implementation were also influenced by differences in organisational experience. EECA’s
long history of administering similar programmes to WUNZ:HS gave it an advantage
relative to DEWHA, who, as a policy-development -based agency, had not implemented a
programme of this kind. The Senate Committee report notes that DEWHA did not have
staff with experience in the insulation industry and that the management structure was
not suitable for a programme of the size of the HIP. The Committee report also states that
until November 2009 the HIP was managed from within a division with many other
diverse areas of responsibility (Senate, 2010). By contrast, EECA has a much more limited
remit than DEWHA, which meant that staff were already familiar with issues around
insulation and heating retrofits and better equipped to deal with difficulties as they arose.
In Australia, in addition to capacity issues, there appears to have been reluctance by
politicians and senior officials to take effective action to address problems during the
implementation phase if this might compromise the speed of the roll-out, again reflecting
the over-riding stimulus goal (Lewis 2010). Although numerous modifications to the
programme did occur, many changes, such as the requirement that all installers have
training, which was implemented two days before the suspension of the programme,
clearly happened too late.
8.2.3. Policy evaluation
There does not appear to have been a formal evaluation process built into Phase Two of
the Australian HIP prior to the start of the programme, although Phase One of the
programme did serve as a design and process evaluation tool, as did the various
consultation processes, stakeholder meetings and the creation of the Minter Ellison Risk
Register, many of which were informed by the operation of Phase One. Ultimately the
quickly commissioned independent Hawke Review served as a design and process
evaluation for Phase Two, helping to finalise the suspension of the programme, however
as noted in the Senate Committee report, “[t]he government’s move to commission an
independent review of the HIP (the Hawke Review) was too little, too late and should have been
undertaken earlier so that the findings could be used to improve the HIP”. Naturally, ad hoc
evaluation occurred throughout Phase Two of the programme leading to changes to
registration, product availability and training requirements.
By contrast, the WUNZ:HS evaluation, which was outcome -based, had funding allocated
from the start of the programme, and was timed so that results could lead to programme
modification or even end the programme.
Unlike design and process evaluations such as the Hawke Report, outcome evaluations
such as the WUNZ:HS evaluation, which is the primary focus of this thesis, assess whether
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the implementation of the programme achieved its stated goals. In the Australian case, it
seems likely that the absence of a formal outcome evaluation process reflects the haste
with which the HIP and other stimulus programmes were rolled-out. In addition, it may
have seemed less necessary to formally analyse the outcomes of a programme such as HIP
because the primary goals of the programme, economic stimulus and job creation for the
construction industry during a time of recession might seem to be able to be quantified
relatively easily. The Australian National Audit Office report states that, “ [i]n terms of
outcomes, it has been estimated that between 6000 to 10 000 jobs have been created. While, clearly,
the creation of these jobs was an important outcome in the face of the downturn in the economy,
these jobs were shorter‐lived than intended due to the early closure of the program….”. However,
the comprehensive report produced by Denne and Bond-Smith (2011), which attempted to
capture the industry impact of the WUNZ:HS programme, makes clear that precisely
evaluating such impacts is far from straight forward.
8.2.4. Conclusion and recommendations
The comparison of the HIP and the WUNZ:HS programme has the potential to inform
future insulation retrofit subsidy -based programmes, both in New Zealand and Australia,
and also internationally. This chapter has identified several key differences between the
programmes that contributed to their differing outcomes. These differences could be
useful levers for policy makers when designing future programmes, as the highly
favourable benefit:cost ratios calculated in Grimes et al. (2011) may not have been
achieved had the design or implementation of the programme been closer to that of the
HIP.
One of the repeated themes of this chapter was the HIP’s consistent prioritising of the
desired economic stimulus over safety and quality. Political and senior official buy-in to
the value of high quality work is vital if health and energy outcomes are to be achieved,
because there is so much potential in programmes of this kind for rort, or low quality
workmanship if programme design and implementation choices do not account for the
nature of the insulation industry or create an unmanageably quick up-take. In the absence
of such an extreme focus on stimulus, some of the following recommendations might
appear self-evident.
Key recommendations:


A substantial timeframe for policy design, with strong input by non-government
stakeholders and meaningful engagement with international and local research.



Development of ongoing relationships with major insulation installation
organisations.
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Rebate designs which encourage consumer vigilance and engagement: the
consumer should contribute directly financially if this is possible. This is also likely
to limit uptake speed which is potentially beneficial. This imperative should be
balanced against the need to target low-income families who may be unable to
contribute financially but who are more likely to gain health benefits from an
insulation retrofit.



Training should be pragmatically addressed: ultimately the programme must be
designed to ensure that all installers are trained/experienced or properly monitored
by trained/experienced supervisors. This may or may not entail mandatory
training.



Limit programme participation to larger organisations and impose entry
requirements based on quality, safety and capacity, thus reducing the likelihood of
“cowboys” etc.



Rigorous auditing procedures and meaningful sanctions imposed in a timely
manner.



Incorporate timely process and outcome evaluations, such as the economic
evaluation of the WUNZ:HS programme.



Need some ability and willingness to control programme rollout speed.



Account for local/regional knowledge and differences in conditions. This suggests
that central government implementation may not be optimal in larger countries.
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CHAPTER 9. DISCUSSION AND CONCLUSION
The primary aim of this thesis was to examine methodological issues around the analysis
of administrative data in large-scale public health interventions, using data available from
the WUNZ:HS evaluation as the basis of a case study and exploring a subset of plausible
approaches. The secondary aim of this thesis was the exploration of issues of programme
design and evaluation generalisability using a policy-based comparison of the WUNZ:HS
and HIP programmes as a case study. Beyond the exploration of specific methods of
statistical and econometric analysis, and retrofit programme specific recommendations, it
is interesting to consider the broader implications of this work.
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9.1. Discussion
The discussion section first summarises the key results of this thesis and what it adds to
the body of literature that explores the impact of insulation and heating retrofits on health.
Secondly, it places this thesis in the broader context of the literature on large-scale public
health interventions. Thirdly it explores the strengths and limitations of the WUNZ:HS
evaluation design and dataset and addresses the lessons learnt from the WUNZ:HS HIP
comparison. Finally it notes future research directions suggested by this thesis.
9.1.1. Key results in the context of housing, heating and health literature
The most prominent and important result of this thesis was the finding of a highly
statistically significant reduction in mortality hazard for individuals aged 65 and over with
a baseline circulatory hospitalisation who received insulation, relative to control group
individuals (HR of 0.673; 95% CI 0.535 - 0.847; p<0.001). A similar effect of insulation,
although less statistically significant, was observed for individuals aged 65 and over with
baseline respiratory hospitalisations relative to the control group (HR 0.8; 95% CI 0.635 –
1.008; p=0.058). A review of two meta-analyses of the relevant literature did not find any
research on the impact of insulation or heating retrofits on mortality (Thomson, Thomas et
al. 2009, Thomson, Thomas et al. 2013).
These results have some plausibility given New Zealand’s pattern of excess winter
mortality and morbidity (Davie, Baker et al. 2007, Telfar-Barnard 2010). In the case of
individuals with pre-existing cardio-vascular illness plausible mechanisms underlying
these findings may include reductions in the number of cardiovascular events occurring
due to thrombosis due to haemoconcentration or other cardiovascular reflexes induced by
low temperature (Keatinge, Donaldson et al. 1997) in the treatment group, based on the
reasonable assumption that insulation retrofits led to increased indoor temperatures. In
the case of individuals with pre-existing respiratory illness, plausible causal mechanisms
driving the observed difference in mortality include reductions in the frequency of severe
respiratory illness in the treatment group driven by warmer indoor temperatures as cold
temperatures impact immune resistance and are associated with longer bacterial survival
time in droplets (Keatinge, Donaldson et al. 1997). The limitations of these findings are
discussed in Section 9.1.4: essentially the absence of cause-of-death data and the
limitations of a quasi-randomised study of this type limit the strength of the conclusions
that can be drawn.
The other key findings were statistically significant reductions in all-cause monthly
hospitalisation costs at the household level of $3.18 per month (95% CI 1.83 - 4.54; p<0.001)
as a result of receiving an insulation retrofit. A review of the literature suggests that this is
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the first example of research involving a control group which has found statistically
significant changes in hospitalisation costs as a result of an insulation retrofit based
intervention. A previous English intervention study did not find any statistically
significant impact of improved housing (including insulation and central heating retrofits)
on hospitalisation costs (Barton, Basham et al. 2007), but this finding may be explained by
a much smaller sample size. The statistically significant reductions in all-cause
hospitalisation costs as a result of receiving an insulation retrofit observed are consistent
with New Zealand research which found statistically significant reductions in all-cause
acute hospitalisation risk following participation in the Healthy Housing Programme
(which included a suite of advice and home modifications including insulation retrofits)
for individuals aged 5-34 (Jackson, Thornley et al. 2011), and non-statistically significant
but suggestive reductions in hospitalisation rates for individuals who occupied homes that
received insulation as part of the Housing, Insulation and Health RCT (HowdenChapman, Matheson et al. 2007). Although the underlying mechanisms are difficult to
ascertain when data is analysed at the household level, the separate analyses of circulatory
illness and respiratory illness-related hospitalisation cost differences strengthens the
conclusions drawn, as the original model -based analysis found statistically significant
reductions in circulatory illness-related costs ($1.40, p=0.013) and respiratory illnessrelated hospitalisation costs ($0.50, p=0.083). Results also seem consistent with the
reductions in respiratory symptoms and GP visits (self-reported) seen in previous RCTs
(Howden-Chapman, Matheson et al. 2007, Howden-Chapman, Pierse et al. 2008), and with
the health results reported in meta-analyses of housing retrofit studies (Thomson, Thomas
et al. 2009, Thomson, Thomas et al. 2013).
The findings of reduced all-cause pharmaceutical use costs at the household level for both
insulation retrofits ($2.01; 95% CI 1.52 – 2.50; p<0.001) and heating retrofits ($3.01; 95% CI
1.43 – 4.59; p<0.001) also appears to be a novel result. The only directly comparable study
revealed by a literature review, the Watcombe Housing Study, did not find any
statistically significant change in individual level pharmaceutical use costs as a result of
participation in an intervention which involved a suite of housing upgrade including
heating and insulation (Barton, Basham et al. 2007). The difference in outcomes might,
again, reflect the much greater size of the WUNZ:HS evaluation cohort. The reductions in
pharmaceutical use costs seem consistent with previous He Kainga Oranga research
finding reductions in respiratory symptoms following an insulation retrofit (HowdenChapman, Matheson et al. 2007) and a heating retrofit (Howden-Chapman, Pierse et al.
2008). The Housing, Heating and Health RCT also reported statistically significant (at
p<0.1 level) reductions in asthma reliever puffs and frequency of night-time use (HowdenChapman, Pierse et al. 2008) following a clean heating retrofit.
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Having placed the key health-related results found in this study in the broader context of
the published literature it is now useful to attempt to place the results of this thesis in the
broader context of the large-scale public health intervention research.
9.1.2. Thesis in broader context of large-scale public health intervention evaluation
research
The body of large-scale public health intervention evaluation literature is vast. A literature
review suggests that the specific health-related results reported in this thesis are novel and
contribute to the body of knowledge on the impact of housing retrofit interventions. The
analysis of health cost data using a household level difference-in-difference fixed effectsbased model also appears to be novel, and proved a useful method for addressing some of
the problematic characteristics of health cost data. This approach may prove useful for
future researchers dealing with similar datasets; however, it is only appropriate when a
dataset is created using a matched design and where the intervention is delivered at the
level of the household/home.
The natural policy experiment that was the HIP WUNZ: HS comparison was an
opportunity to consider the ways in which policy design decisions and implementation
challenges can influence the outcomes of large-scale public health interventions. Although
it is difficult to state this conclusively given the large body of grey literature in this field,
an initial search suggests that the combination of thorough statistical analysis and
opportunistic policy-based programme comparison that this thesis represents is unique in
the public health intervention evaluation literature, if only because it is rare that such an
ideal natural experiment occurs.
It is now interesting to turn to the specific strengths and weaknesses of the WUNZ:HS
evaluation (and thus the dataset that the statistical analyses in this thesis are based on).
9.1.3. Strengths of the WUNZ:HS evaluation
A useful starting point for the discussion of the strengths and limitations of the WUNZ:HS
evaluation is to briefly review of the circumstances that led to our Group successfully
receiving funding to carry out the WUNZ:HS evaluation. The Group won the contract to
carry out the evaluation by making a successful proposal which was designed with
available funding and specified timeframes in mind. Although funding for an evaluation
was built into the WUNZ:HS programme from the outset, the design of the programme
did not specifically facilitate evaluation, for example by incorporating randomisation.
With this background in mind, it is interesting to consider some of the strengths and
weaknesses of the WUNZ:HS evaluation and dataset, and to what extent lessons can be
drawn from these strengths and weaknesses.
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The greatest strength of the WUNZ:HS evaluation design was the ability to link EECAprovided address data with QV held housing condition data and NHI coded household
occupant health data in order to identify suitable matched controls and to construct a
study cohort with pre-test and post-test data available for nearly one million individuals.
This large dataset was valuable because it enabled the assessment of the impact of
WUNZ:HS retrofits on rare events such as mortality and hospitalisation. From a research
perspective, as noted above, this dataset was a unique opportunity to extend research on
the impact of housing retrofits to evaluate outcomes that previous research did not have
the statistical power to assess.
A related strength of the WUNZ:HS design was its ability to obtain anonymised
hospitalisation, pharmaceutical use and mortality data for study addresses and matched
controls without requiring consent from each anonymised study “participant”. Because
consent processes are time consuming and resource intensive, had the design required
consent to be obtained the evaluation would either have involved a smaller cohort or been
much more costly (and thus unlikely to receive funding). Consent processes would have
likely slowed the speed of the evaluation, reducing its ability to inform decisions about the
ongoing WUNZ:HS programme. Another extremely important benefit of the anonymised
design was the elimination of potential biases that might be introduced by differences in
the characteristics of individuals who did or did not consent to participate in the study: we
can imagine that impoverished or unwell individuals/households might be less likely to
participate leading to results with limited generalisability.
9.1.4. Limitations of the WUNZ:HS evaluation
A number of the limitations of the WUNZ:HS design were discussed in Chapter Three.
These included loss of data at each stage of the matching process, uncertainty about the
validity of NHI derived addresses and the decision not to attempt to obtain cause of death
data.
Data quality is a key concern when using administrative data to evaluate an intervention.
As discussed in Chapter Three, administrative data will almost inevitably be of poorer
quality than the data produced by a well-run RCT, due to the absence of double entry and
other data quality protocols. This reflects the different purposes for which these different
data are collected. In general, we might expect errors in administrative data to introduce
statistical noise to analysis; however, it is also possible that patterns in errors may be
differential and thus introduce a bias into analysis. Issues with matching addresses in the
initial dataset construction process meant that only 79.7% of treatment addresses provided
by EECA were able to be linked with QV data. It is likely that these unlinked addresses
were problematic due to idiosyncratic addresses or data entry errors in either the EECA or
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QV datasets. It is difficult to form a strong hypothesis about the nature of any bias that
these mismatches introduced because no health or housing data was available for
unmatched households and their occupants. More generally, it is difficult to assess the
nature of any bias resulting from inaccurate or missing administrative data; however the
WUNZ:HS evaluation did provide one potential opportunity to assess the impact of
inaccurate or inconsistent data: the comparison of the CAUs (Census Area Units) of NHI
address records from central NHI records with those provided with hospitalisation
records. The NHI address field was the basis for linking EECA provided household
addresses and matched control group addresses with the NHI linked health data of
occupants. The implications of unmatched NHI data were explored in Subsection 3.3.1.6
by comparing hospitalisation record CAUs with NHI CAUs, and while there were clearly
patterns in the rate of mismatches by age and ethnicity, it was reassuring to note a similar
proportion of mismatches for the treatment and control groups (17% vs. 21%) and it is
difficult to form a strong hypothesis about the direction or strength of any bias that
mismatched addresses might produce. Instead, it seems likely that mismatches simply
introduced statistical noise into analysis, reducing the power of the evaluation. It was also
reassuring, given the large contribution of reduced mortality-related benefits for people
aged 65 and over to the calculation of total annual household health benefits, that
individuals aged 60 and over had the lowest rate of mismatches (11.5%).
A more serious data-related concern was the decision not to obtain cause-of-death data,
due to concerns about an anecdotal lag, limitations of the Mortality Collection data, and
then later due to concerns about anonymity (see Subsection 3.3.1.5). The mortality models
constructed in Chapter Four attempted to address this issue by limiting analysis to
vulnerable individuals, aged 65 and over who had a hospitalisation of a plausible type in
the before period of the study; however, some uncertainty about the plausibility of the
results found, and likely causal mechanisms, will always remain in the absence of causeof-death data. Despite the possible limitations of the Mortality Collection data, I would
recommend that future evaluations of this type carried out in New Zealand should
attempt to obtain this data as it would have strengthened mortality-based analyses.
A related limitation, which is, in fact, a limitation of any cost-benefit analysis which relies
on VSLY based calculations, and indeed perhaps any cost-benefit analysis at all, is the
spurious precision of benefit:cost estimates. In my consideration of the valuation of
mortality avoided in this thesis it was necessary to make some informed assumptions
about the life-gained by those individuals who avoided mortality as a result of
participating in WUNZ:HS. While clearly sign-posted as assumptions, the impact of such
assumptions may be difficult to keep track of as part of a complex multi-benefit costbenefit analysis, and render the precision of calculations elsewhere in an analysis somewhat
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irrelevant. More generally, it is a concern that while cost:benefit study authors may
attempt to provide a range of benefit:cost estimates, reflecting uncertainty, policy makers
who interpret such results may lack the capacity to account for the range of plausible
results and focus entirely on the central estimate.
Another limitation of the WUNZ:HS design was that, although it was possible to stratify
analyses based on the CSC status of treatment households (or the CSC status of “matched
treatment household” in the case of control group individuals in the individual level
mortality analyses), we were not able to obtain accurate information about the true CSC
status of control group households and individuals. This biases the results of stratified
analyses towards the null and thus limits the value of the interpretation of stratified
analyses from a policy perspective. We did not explore the possibility of attempting to link
CSC data held by Work and Income with QV’s address data. In retrospect it may have
been possible to obtain this data but, because it was not essential to the primary task of the
evaluation which was the assessment of the WUNZ:HS programme as a whole, it may
have been difficult to justify the expense and time that such matching would likely
involve.
Another unavoidable limitation of the WUNZ:HS evaluation design was the absence of
individual level health relevant data beyond that available through NHI linked datasets.
Potential confounders not captured included smoking behaviour, ongoing health
conditions and BMI. Of course, it would not have been possible to obtain such data
without a multiyear data collection programme involving consent processes, interviews
and costly measurements, which would have been unfeasible given the timeframe and
budget available and/or necessitated a much smaller study cohort, which would have
lacked the power of the current evaluation.
Similarly, the absence of information about the insulation or heating status of control
group households means that these important potential matching variables or
confounders cannot be accounted for. The difference-in-difference based study design
used to analyse hospitalisation and pharmaceutical-use costs may limit the impact of this
issue somewhat because fixed effects terms in these models can account for the
unchanging impact of treatment and matched control housing characteristics (which
includes the insulation and heating characteristics of the control group households).
However, fixed effects terms cannot account for unknown changes in the insulation and
heating status of the control group households within each matched pair over the course
of the study (or indeed any change in the insulation or heating status of the treatment
group households that was not part of WUNZ:HS). In addition, the Cox Proportional
Hazards model used in Chapter Four does not account for baseline/pre-treatment
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mortality rates and thus there is greater potential for misclassification of control group
households to impact on the analysis. In this case, if a proportion of the control group
individuals occupied homes that were recently retrofitted with insulation then the true
health impact of the study would be attenuated; this would bias results towards the null.
Such biases are a serious concern, but more acceptable than biases in the opposite
direction.
Considering the absence of data on potential confounders and/or matching variables leads
naturally to the largest concern about the WUNZ:HS evaluation design, which is the
possibility of selection bias, leading to differences in relevant characteristics of the
treatment and control groups. Assessment of the distribution of potential confounders age,
sex, and ethnicity, in Chapters Three and Four, did not reveal large differences by
treatment group status, suggesting that the quasi-experimental design of the study had
achieved a reasonable match of treatment and control groups. It can be inferred that the
distribution of unmeasured potential confounders might also be equal.
In addition to quasi-randomisation, selection bias was addressed by the inclusion of
potential confounders in multiple regression models. Model choice also addressed
selection bias. The difference-in-difference-based fixed effects OLS estimator models
presented in Chapters Five and Six eliminated confounding by time invariant
characteristics of treatment households and their matched controls. Unfortunately, it was
not possible to address the effect of baseline differences in mortality risk in the mortality
analyses presented in Chapter Four, because the inclusion of mortality data from the before
period would unavoidably lead to biased results, given the inability of people who died to
participate in the WUNZ:HS programme and the reduced likelihood that the families of
such people would participate. In this context, analysis had to rely on post-treatment data,
and thus greater information on possible individual level confounders such as smoking
status or BMI would have been particularly useful.
A greater concern, from a modelling perspective, is that the quasi-experimental WUNZ:HS
evaluation design may be unable to avoid a more subtle selection bias, which could not be
addressed using a difference-in-difference approach or even by the incorporation of very
detailed data on individual-level potential confounders. An example of such a bias is the
possibility that the decision to participate in WUNZ:HS was driven by, or at least
indicates, a particular health status; for example, awareness of the value of insulation
following a recent illness or targeting by third party organisations who encouraged
vulnerable individuals to consider participation in the programme, or even funded their
participation. In such cases, regression to the mean effects (Bland and Altman 1994,
Shephard 2003) might bias analyses toward the calculation of a beneficial effect.
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Addressing this type of selection bias would have required either the incorporation of
some randomisation in the WUNZ:HS programme design which could then have been
taken advantage of in an evaluation, or a full RCT-based evaluation. The former option
would have been preferable, although incorporating some form of randomisation to the
programme might have been impractical, given the complex structure of the WUNZ:HS
programme which involved approximately sixty service providers. A full RCT could be
imagined, incentivising household participation in the trial by funding some or all of the
costs of programme participation and then randomising the timing of entry into the
programme, with some households receiving treatment early (the treatment group) and
others later (the control group). This approach could also avoid some of the weaknesses of
an entirely administrative and commercial dataset-based evaluation, allowing for the
confirmation of occupant identities and the collection of data not linkable to NHI numbers;
however, it would either involve a smaller cohort and thus have limited statistical power
to assess rare events, or it would be much more costly. A further disadvantage of an RCT
is the possibility of limited generalisability (Victora, Habicht et al. 2004), as households
who were willing to participate in the trial might not be representative of the average
household who participated in the programme.
Ultimately, when the difficulties of alternative approaches are considered, it becomes
apparent that many of the weaknesses of the WUNZ:HS programme are inextricably
linked to its main strengths: the construction of a very large cohort using a quasiexperimental design in a timely and cost-effective manner. Given the absence of
programme-based randomisation, and the constraints of funding and timeliness, the
innovative quasi-experimental design of the WUNZ:HS evaluation was likely the best
approach available.
Consideration of the strengths and weaknesses of the WUNZ:HS evaluation and dataset
leads to a related topic, the extent to which design and process-based evaluations can
contribute to the interpretation of the results of an outcome evaluation of this type.
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9.1.5. Lessons of from the WUNZ:HS HIP policy comparison
The WUNZ:HS HIP policy comparison was a fascinating exercise, a natural experiment
that illuminated salient characteristics of the two programmes and the complex
relationship between research, consultation, risk assessment and decision making. It is
interesting to consider the ways in which different programme design and implantation
choices might have influenced the outcome of the WUNZ:HS programme, perhaps even
resulting in widespread dissatisfaction and early programme termination. Identifying key
design choices and implementation strengths of the WUNZ:HS programme was made
easier by comparison with the HIP, for which programme design and implementation
flaws had been well documented. In the absence of this counterfactual it would have been
more difficult to identify programme elements that were key to the WUNZ:HS
programme’s success.
This is relevant when we place ourselves in the position of a policy maker considering
evidence from an outcome evaluation carried out in a different time or place, and
attempting to use this evidence to inform decisions around a possible intervention. Such a
policy maker would be wise to consider any design and/or process evaluations of previous
interventions, documentation of decisions around design and process from such
interventions, or to consult the original policy makers. This would inform key programme
design choices (for example whether middle-income households should contribute
financially to a planned retrofit programme). Beyond noting the general principle that
similar outcomes are more likely for programmes that make similar key design and
implementation choices it is difficult to make general recommendations; the programme
design and implementation elements that were key to success (or failure) must be
identified in each case. In this context it is interesting to note the value of careful
documentation of design and implementation by government organisations, which will
then potentially be available to inform future policy makers considering similar
programmes. Of course, one of the key lessons of the WUNZ:HS HIP comparison was that
previous evidence is only one of the factors weighed by decision makers, and a policy
imperative such as economic stimulus may ultimately override other concerns.
Having briefly considered the generalisation of the lessons of the WUNZ:HS HIP
comparison the final topic of discussion is the future research directions suggested by this
thesis.
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9.1.6. Future research directions
The primary research agenda suggested by this thesis is the further exploration of the key
result, reductions in mortality for vulnerable individuals as a result of receiving insulation.
This could happen by gaining ethics approval to attempt to obtain cause of death data for
the cohort (which might not be possible due to anonymity concerns), or by collecting
cause-of-death data in a similar future evaluation, trial or cohort study. As large-scale
retrofit programmes of this type with funded evaluations are rare, and retrofit-based RCTs
may be unlikely to have sufficient statistical power to analyse mortality data given the
high cost of such trials, opportunities to explore this area may realistically be limited and
ultimately the results presented in this thesis may constitute the best available evidence for
a long time to come. Similarly, because cost-based hospitalisation and pharmaceutical data
proved difficult to analyse at an individual level in this thesis, it would be interesting to
assess whether a future trial or evaluation with a larger cohort and/or more information
about participant characteristics would have sufficient statistical power to reliably model
changes in costs as a result of receiving an insulation or heating retrofit at an individual
level. Individual level analysis might more thoroughly illuminate the causal pathways by
which changes in insulation and heating impact hospitalisation and pharmaceutical use
costs. Similarly, the application of other regression methods such as quantile regression,
which was not explored in this thesis, might better account for the problematic
characteristics of the dataset.
Another important area for future research in the New Zealand context would be to
attempt to verify the accuracy of NHI-based addresses, leading to greater confidence in
the use of this administrative dataset for research purposes. The most likely source of
comparison would be New Zealand Census data, however, as both NHI and Census data
is anonymised and carefully secured it is difficult to imagine this occurring without cooperation between the organisations that own the two datasets, and given that the primary
function of the NHI dataset is administrative, it is unlikely that the impetus to resolve this
question would come from the Ministry of Health, who maintain these data.
Future research quantifying the Value of a Statistical Life (VSL) in New Zealand would
also be particularly valuable. Section 4.3 and Chapter Seven of this thesis demonstrate the
impact that different mortality modelling assumptions can have on benefit:cost
calculations. Any research that further standardised these calculations would be very
useful. Of particular interest would be the derivation of VSL figures for a range of
mortality categories including “death by illness”; comparison of New Zealand transport
VSLs (Miller and Guria 1991, Guria, Jones et al. 2003, Guria, Leung et al. 2005) and firerelated VSL (Sanderson, Goodchild et al. 2007) confirms the likelihood, consistent with the
international literature, that New Zealanders value death by illness differently to death
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from other causes. A unified body of research on VSLs, presenting WTP (and/or WTA)
survey-based VSLs for a range of likely mortality categories would be a very useful
resource for researchers attempting to assign dollar values to changes in mortality, as
would calculation of standardised VSLYs based on explicit assumptions about the average
age of survey participants, their implicit discount rates, and predictions about their
average future lifespans. Such tools would greatly aid cost-benefit researchers,
standardising assumptions so that programmes with mortality co-benefits could be more
easily evaluated and compared with other programmes, thus reducing the risk that
idiosyncratic mortality-benefit evaluation choices might overly influence results and
comparisons. It would also be useful to further explore issues around any variations in
VSL by age and health status in New Zealand, although it might ultimately be more
prudent and politically neutral for researchers to avoid any such value-based adjustments
when calculating benefits and costs.
A further research question noted briefly in Subsection 3.3.5 of this thesis is the potential
to evaluate the impact of draught-proofing under WUNZ:HS on health and also energy
outcomes. Draught-proofing is very cheap and it if a clear benefit could be shown,
however small, it could well be shown to be an effective policy option for future retrofit
programmes. However, the effectiveness of draught-proofing might be difficult to
distinguish from that of insulation, given the high proportion of households that received
both. This is a possible area for future research and one that the WUNZ:HS dataset may
facilitate.
Another future research question suggested by this thesis and my own previous work in
the field of cost-benefit analyses of heating retrofits is an exploration of whether energy
and health gains from retrofits observed immediately after retrofitting continue to accrue
over the working life of retrofit products (as cost-benefit analyses assume in the absence of
strong evidence to the contrary). This would also require field-work to assess what the
real-world working life-time of various retrofits is (typically estimated as 20-30 years for
insulation, 10-15 for space heating), and if there is reduced performance over the course of
the life-time of the retrofit product. Anecdotal evidence from an expert in the field
(personal communication, name withheld) is that heat-pump maintenance by owners is
less frequent than that typically recommended by manufacturers (who recommend yearly
servicing), and insulation is known to “settle” over-time, reducing its effectiveness. One
avenue for such research would be a follow-up evaluation of the WUNZ:HS cohort: such
an evaluation might produce persuasive results if assessing ongoing energy use impacts of
WUNZ:HS retrofits but might be of limited value in the assessment of ongoing health
impacts due to uncertainty about the accuracy of NHI address matching, which was
shown in Subsection 3.3.1.6 to decrease in quality over time.
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A final avenue for future political or sociological research suggested by this thesis would
be a more thorough exploration of the influence of He Kainga Oranga on housing policy in
New Zealand. The success of He Kainga Oranga, culminating in the WUNZ:HS
programme, appears to be a paradigmatic example of high quality research appropriately
contributing to the rational policy cycle. However, the lower level of funding for the
subsequent WUNZ:HS Healthy Homes programme ($100 million vs. $347 million), and
the current absence of any budgeted funding beyond the close of that programme appears
to represent non-rational decision making, given that only 25% of the homes in New
Zealand with inadequate insulation before WUNZ:HS now have adequate insulation
(personal communication, source withheld) and such favourable benefit: cost results have
been calculated previously. Of course, it is only conjecture to describe this as non-rational
policymaking given the absence of information about the decision making process and the
costs and benefits of alternative courses of action.
A complete description of the mechanisms of policy influence would need to consider
both “rational” and “non-rational” explanations for both the success and then the seeming
subsequent loss of influence of He Kainga Oranga’s research. Research would need to trace
in greater detail the progress of ideas and influence, via both rational and “real world”
processes such as media influence, relationships and political strategy. This research
would ideally involve unguarded participation from politicians, senior officials and He
Kainga Oranga researchers. The subject has been documented to a limited extent in an
article (Fougere, Bennett, Howden-Chapman, unpublished) and a report (Carroll, Blewden
et al. 2008), however, it may be the case that a more detailed account may only be possible
many years in the future, when concerns about the political implications for participants in
such research might have receded.
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9.2. Conclusion
This thesis carried out an exploration of methodological issues associated with the analysis
of health cost data using the WUNZ:HS evaluation dataset as the basis of a case study.
Methodological issues regarding the use of administrative data were discussed, suitable
approaches to assigning value to changes in mortality were evaluated and a subset of
suitable models for evaluating problematic hospitalisation and pharmaceutical use cost
data were explored.
Specific conclusions included the finding of statistically significant reductions in all-cause
mortality for individuals aged 65 and over who had a baseline circulatory hospitalisation
and who occupied a household that received a WUNZ:HS insulation retrofit ( HR of 0.673;
95% CI 0.535 - 0.847; p<0.001). There was also a statistically significant reduction in allcause mortality for individuals aged 65 and over who had a baseline respiratory
hospitalisation (HR 0.8; 95% CI 0.635 – 1.008; p=0.058). Households that received
insulation had reductions in monthly all-cause hospitalisation costs relative to their
matched controls of $3.18 per month (95% CI 1.83 - 4.54; p<0.001). Households that
received insulation had reductions in monthly all-cause pharmaceutical use costs relative
to matched control group households of $2.01 (95% CI 1.52 – 2.50; p<0.001). The results
indicating a health-protective effect of insulation are consistent with each other, plausible,
and consistent with previous research (Howden-Chapman, Matheson et al. 2007). The only
statistically significant impact of heating on health detected in the current analysis was
that households that received heating demonstrated reductions in monthly all-cause
pharmaceutical use costs of $3.01 (p<0.001) (95% CI 1.43 – 4.59).
The primary estimate of the annual household-level health benefits of insulation was
approximately $860 using a conservative (p<0.05) threshold and $1,173 using a (p<0.1)
threshold. The annual household-level health benefits of heating were calculated to be
approximately $41 using either threshold. There was a great degree of variation in
estimates of the annual household benefits of insulation and thus considerable variation in
estimated benefit cost ratios for the programme as a whole, driven by different choices in
the valuation of changes in mortality.
Comparison of the WUNZ:HS programme and Australia’s HIP programme suggested that
differences in programme outcomes were driven by a combination of differences in
programme design and implementation. Some of these differences could be traced to a
top-down focus on economic stimulus, which overrode other concerns in the Australian
context. The New Zealand policy context was noteworthy for the widespread acceptance
of the co-benefits of insulation, which can speculatively be linked to differences in the
design and implementation of the WUNZ:HS programme. In addition to informing a
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number of housing retrofit specific recommendations presented in Chapter Eight, this
comparison also reinforced the importance of correctly characterising previous
interventions when using outcome evaluations as a source of evidence for future policies.
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APPENDIX 2. Additional Tables
Table 72: Age structure, circulatory and respiratory cohorts
Circulatory cohort
Age
bracket

65-74

75-84

85+

Total

Test
statistic
(compariso
n
treatment
group and
control)

Respiratory cohort

Treatment type
Insulatio
n only

Heating
only

334

40

Insulat
ion
and
heating
56

42.39%

51.28%

358

Treatment type

Control

Insulatio
n only

Heatin
g only

Insulatio
n and
heating

Contro
l

1,034

186

21

30

530

42.75%

45.15%

46.38%

47.73%

44.12%

50.57%

28

57

950

174

20

27

394

45.43%

35.90%

43.51%

41.48%

43.39%

45.45%

39.71%

37.60%

96

10

18

306

41

3

11

124

12.18%

12.82%

13.74%

13.36%

10.22%

6.82%

16.18%

11.83%

788

78

131

2,290

401

44

68

1,048

100.00%

100.00%

100.00
%

100.00%

100.00%

100.00
%

100.00%

100.00
%

Pearson
chi2(2) =
3.7837
Pr =
0.151

Pearson
chi2(2) =
1.2115 Pr
= 0.546

Pearson
chi2(2) =
4.1735
Pr =
0.124

Pearson
chi2(2) =
1.6685
Pr =
0.434

Pearson
chi2(2) =
0.2948
Pr =
0.863

Pearson
chi2(2) =
1.6019 Pr =
0.449

Table 73: Estimated Hazard Ratios for Time to Death for one year increase in age, circulatory and
respiratory cohorts

Variable

Circulatory cohort
Respiratory cohort

Baseline
age
Baseline
age

Change

Hazard Ratio for
Change (2 dp)

Wald
Test pvalue

1 year

1.08 (95% CI 1.06 – 1.09)

<0.001***

1 year

1.04 (95% CI 1.03 – 1.06)

<0.001***

* p<0.1, ** p<0.05, *** p<0.01
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Table 74: Sex structure, circulatory and respiratory cohorts
Circulatory cohort
Sex
Insulation
only
Male

Female

Total

Test
statistic
(comparison
treatment
group and
control)

Respiratory cohort

Treatment type
Insulation
Heating
and
only
heating

Control

Insulation
only

Treatment type
Insulation
Heating
and
only
heating

Control

433

35

67

1,173

215

25

33

538

54.95%

44.87%

51.15%

51.22%

53.62%

56.82%

48.53%

51.34%

355

43

64

1,117

186

19

35

510

45.05%

55.13%

48.85%

48.78%

46.38%

43.18%

51.47%

48.66%

788

78

131

2,290

401

44

68

1,048

100.00%

100.00%

100.00%

100.00%

100.00%

100.00%

100.00%

100.00%

Pearson
chi2(1) =
3.2628
Pr =
0.071*

Pearson
chi2(1) =
1.2175
Pr =
0.270

Pearson
chi2(1) =
0.0003
Pr = 0.986

Pearson
chi2(1) =
0.6040
Pr = 0.437

Pearson
chi2(1) =
0.5082
Pr =
0.476

Pearson
chi2(1) =
0.2013
Pr =
0.654

Table 75: Estimated Hazard Ratios for Time to Death by sex, circulatory and respiratory cohorts
Variable (deaths,
individuals)
Circulatory cohort
Respiratory cohort

Female (235, 1579)
Male (276, 1708)
Female (152, 750)
Male (227, 811)

Hazard Ratio (female
vs. male) (2 dp)

Wald
Test pvalue

0.92 (95% CI 0.77- 1.09)

0.32

0.69 (95% CI 0.56-0.85)

<0.001***

* p<0.1, ** p<0.05, *** p<0.01
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Table 76: Ethnicity structure, circulatory and respiratory cohorts, as at first month after
Circulatory cohort
Ethnicity
Insulation
only
Other (0)
Māori (1)
Pacific (2)
Asian (3)
Total
Test
statistic
(comparison
treatment
group and
control)

Respiratory cohort

Treatment type
Insulation
Heating
and
only
heating

701
88.96%
49
6.22%
21
2.66%
17
2.16%
788
100.00%

70
89.74%
8
10.26%
0
0.00%
0
0.00%
78
100.00%

119
90.84%
4
3.05%
1
0.76%
7
5.34%
131
100.00%

Pearson
chi2(3) =
0.3644
Pr = 0.948

Pearson
chi2(3) =
4.9494
Pr =
0.176

Pearson
chi2(3) =
9.8149
Pr =
0.020**

Treatment type
Insulation
Heating
and
only
heating

Control

Insulation
only

2,027
88.52%
156
6.81%
58
2.53%
49
2.14%
2,290
100.00%

326
81.30%
50
12.47%
20
4.99%
5
1.25%
401
100.00%

35
79.55%
7
15.91%
0
0.00%
2
4.55%
44
100.00%

57
83.82%
6
8.82%
3
4.41%
2
2.94%
68
100.00%

Pearson
chi2(3) =
2.5966
Pr = 0.458

Pearson
chi2(3) =
4.4345
Pr =
0.218

Pearson
chi2(3) =
0.7076
Pr = 0.871

Control
847
80.82%
115
10.97%
62
5.92%
24
2.29%
1,048
100.00%

Table 77: Estimated Hazard Ratios for Time to Death for ethnicity, circulatory and respiratory
cohorts
Variable(deaths,
individuals)

Hazard Ratio (vs.
other) (2 dp)

Circulatory cohort

Other (439, 2917)
Māori (49, 217)
Pacific (15, 80)
Asian (8, 73)

1.58 (95% CI 1.18-2.14)
1.36 (95% CI 0.78 - 2.27)
0.71 (95% CI 0.36 – 1.41)

Respiratory cohort

Other (306, 1265)
Māori (50, 178)
Pacific (21, 85)
Asian (2, 33)

1.19 (95% CI 0.88 - 1.60)
1.09 (95% CI 0.68 - 1.74)
0.23 (95% CI 0.06 – 0.91)

* p<0.1, ** p<0.05, *** p<0.01
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Wald
Test pvalue

0.011**

0.118

Table 78: NZdep2006 quintiles, circulatory and respiratory cohorts
Circulatory cohort
NZdep2006
quintile

Quintile 1
Quintile 2
Quintile 3
Quintile 4
Quintile 5
Total
Test
statistic
(comparison
treatment
group and
control)

Respiratory cohort

Treatment type

Treatment type

Insulation
only

Heating
only

Insulation
and
heating

Control

Insulation
only

Heating
only

Insulation
and
heating

Control

101
12.82%
137
17.39%
176
22.34%
212
26.90%
162
20.56%
788
100.00%

18
23.08%
11
14.10%
14
17.95%
14
17.95%
21
26.92%
78
100.00%

20
15.27%
31
23.66%
27
20.61%
35
26.72%
18
13.74%
131
100.00%

357
15.59%
464
20.26%
476
20.79%
580
25.33%
413
18.03%
2,290
100.00%

52
12.97%
63
15.71%
74
18.45%
110
27.43%
102
25.44%
401
100.00%

8
18.18%
6
13.64%
6
13.64%
10
22.73%
14
31.82%
44
100.00%

8
11.76%
12
17.65%
17
25.00%
14
20.59%
17
25.00%
68
100.00%

128
12.21%
191
18.23%
220
20.99%
266
25.38%
243
23.19%
1,048
100.00%

Pearson
chi2(4) =
8.7404
Pr =
0.068*

Pearson
chi2(4) =
9.2790
Pr =
0.054*

Pearson
chi2(4) =
2.0895
Pr = 0.719

Pearson
chi2(4) =
3.1858
Pr = 0.527

Pearson
chi2(4) =
4.2590
Pr =
0.372

Pearson
chi2(4) =
1.1801
Pr = 0.881

Table 79: Estimated Hazard Ratios for Time to Death for 10 unit increase in NZDep2006,
circulatory and respiratory cohorts

Circulatory cohort
Respiratory cohort

Variable

Change

Hazard Ratio for
Change (2 dp)

Wald
Test pvalue

NZDep2006
NZDep2006

10 units
10 units

1.01 (95% CI 1.00-1.02)
1.01 (95% CI 1.00- 1.02)

0.016**
0.168

* p<0.1, ** p<0.05, *** p<0.01
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Table 80: Baseline hospitalisation costs per year, circulatory and respiratory cohorts

Treatment type

Insulation

Heating only
Circulatory
cohort

Insulation and
heating

Control

Insulation

Heating only
Respiratory
cohort

Insulation and
heating

Control

Variable

Baseline average annual
circulatory hospitalisation costs
Baseline average annual other
hospitalisation costs
Baseline average annual
circulatory hospitalisation costs
Baseline average annual other
hospitalisation costs
Baseline average annual
circulatory hospitalisation costs
Baseline average annual other
hospitalisation costs
Baseline average annual
circulatory hospitalisation costs
Baseline average annual other
hospitalisation costs
Baseline average annual
respiratory hospitalisation costs
Baseline average annual other
hospitalisation costs
Baseline average annual
respiratory hospitalisation costs
Baseline average annual other
hospitalisation costs
Baseline average annual
respiratory hospitalisation costs
Baseline average annual other
hospitalisation costs
Baseline average annual
respiratory hospitalisation costs
Baseline average annual other
hospitalisation costs

Average

Two sample Wilcoxon
rank-sum (MannWhitney) test vs.
control group P > |Z|

$4847.58

0.6148

$1805.29

0.1747

$3933.57

0.5461

$2136.91

0.7551

$4309.17

0.2751

$2197.55

0.5158

$4652.40
$1905.49
$3509.69

0.9917

$2755.27

0.8003

$4375.95

0.1010

$1854.52

0.4223

$3150.29

0.9370

$1317.18

0.0070***

$3319.58
$3124.37

* p<0.1, ** p<0.05, *** p<0.01

Table 81: Estimated Hazard Ratios for time to death for hospitalisation measures, circulatory and
respiratory cohorts

Circulatory
cohort

Respiratory
cohort

Variable name

Variable description

Change

HR for Change (3dp)

Wald Test p - value

Baseline_avg_
circ_cost

Average cost per year of circulatory
hospitalisations during before period

$1000

1.015 (95% CI 1.009 - 1.021)

<0.001***

Baseline_avg_non_relevant_cost

Average cost per year of non-circulatory
hospitalisations during before period

$1000

1.039 (95% CI 1.022 - 1.057)

<0.001***

Baseline_avg_
resp_cost

Average cost per year of circulatory
hospitalisations per year during before period
Average cost per year of non-circulatory nonrespiratory hospitalisations during before
period

$1000

1.023 (95% CI 1.012 – 1.034)

<0.001***

$1000

1.028 (95%CI 1.028 – 1.036)

<0.001***

Baseline_avg_
non_relevant_cost

* p<0.1, ** p<0.05, *** p<0.01
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Table 82: Housing risk category, circulatory and respiratory cohorts, as at first month after
Circulatory cohort
Risk category
Insulation
only
Old and high
Old and
average
Old and low
New and
high
New and
average
New and low
Total
Test statistic
(comparison
treatment
group and
control)

Respiratory cohort

Treatment type
Insulation
Heating
and
only
heating

Control

Insulation
only

Treatment type
Insulation
Heating
and
only
heating

Control

71
9.01%
79

7
8.97%
8

11
8.40%
16

204
8.91%
198

52
12.97%
37

4
9.09%
3

7
10.29%
8

100
9.54%
101

10.03%
4
0.51%
19

10.26%
0
0.00%
3

12.21%
0
0.00%
2

8.65%
15
0.66%
59

9.23%
0
0.00%
21

6.82%
0
0.00%
2

11.76%
0
0.00%
1

9.64%
6
0.57%
36

2.41%
547

3.85%
49

1.53%
91

2.58%
1,591

5.24%
261

4.55%
34

1.47%
50

3.44%
733

69.42%
68
8.63%
788
100.00%

62.82%
11
14.10%
78
100.00%

69.47%
11
8.40%
131
100.00%

69.48%
223
9.74%
2,290
100.00%

65.09%
30
7.48%
401
100.00%

77.27%
1
2.27%
44
100.00%

73.53%
2
2.94%
68
100.00%

69.94%
72
6.87%
1,048
100.00%

Pearson
chi2(5) =
2.2777 Pr
= 0.810

Pearson
chi2(5) =
3.1371 Pr
= 0.679

Pearson
chi2(5) =
3.4511 Pr
= 0.631

Pearson
chi2(5) =
9.1356 Pr
= 0.104

Pearson
chi2(5) =
2.4211 Pr
= 0.788

Pearson
chi2(5) =
3.0699 Pr
= 0.689

Table 83: Estimated Hazard Ratios for time to death for “dwelling health risk” dummy variables,
circulatory and respiratory cohorts
Variable

Description

Circulatory cohort

Dwelling
health
risk

Dwelling
health risk
dummy
variable

Respiratory cohort

Dwelling
health
risk

Dwelling
health risk
dummy
variable

Change
DHR2 (Old average risk) vs. DHR1 (Old high risk)
DHR3 (Old low risk) vs. DHR1 (Old high risk)
DHR4 (New high risk) vs. DHR1 (Old high risk)
DHR5 (New average risk) vs. DHR1 (Old high
risk)
DHR6 (New low risk) vs. DHR1 (Old high risk)
DHR2 (Old average risk) vs. DHR1 (Old high risk)
DHR3 (Old low risk) vs. DHR1 (Old high risk)
DHR4 (New high risk) vs. DHR1 (Old high risk)
DHR5 (New average risk) vs. DHR1 (Old high
risk)
DHR6 (New low risk) vs. DHR1 (Old high risk)

* p<0.1, ** p<0.05, *** p<0.01
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Hazard Ratio for Change (2 dp)

Wald Test
p-value

0.853 (95% CI 0.575 – 1.266)
0.851 (95% CI 0.278 – 2.604)
1.061 (95% CI 0.582 – 1.932)
0.899 (95% CI 0.676 – 1.196)
0.573 (95% CI 0.370 – 0.887)

0.191

0.594 (95% CI 0.382 – 0.922)
1.041 (95% CI 0.267 – 4.051)
0.953 (95% CI 0.567 – 1.603)
0.700 (95% CI 0.521 – 0.940)
0.340 (95% CI 0.185 – 0.626)

0.006**

Table 84: Climate Zone, circulatory and respiratory cohorts
Circulatory cohort
Regional
Council

Climate Zone 1
Climate Zone 2
Climate Zone 3
Total
Test statistic
(comparison
treatment group
and control)

Respiratory cohort

Treatment type

Treatment type

Insulation
only

Heating
only

Insulation
and
heating

Control

Insulation
only

Heating
only

Insulation
and
heating

Control

196
24.87%
346
43.91%
246
31.22%
788
100.00%

13
16.67%
29
37.18%
36
46.15%
78
100.00%

21
16.03%
50
38.17%
60
45.80%
131
100.00%

555
24.24%
1,032
45.07%
703
30.70%
2,290
100.00%

101
25.19%
193
48.13%
107
26.68%
401
100.00%

16
36.36%
16
36.36%
12
27.27%
44
100.00%

15
22.06%
29
42.65%
24
35.29%
68
100.00%

255
24.33%
471
44.94%
322
30.73%
1,048
100.00%

Pearson
chi2(2) =
0.3242 Pr
= 0.850

Pearson
chi2(2) =
8.6220
Pr = 0.013

Pearson
chi2(2) =
13.7936
Pr = 0.001

Pearson
chi2(2) =
0.3242 Pr
= 0.850

Pearson
chi2(2) =
8.6220
Pr = 0.013

Pearson
chi2(2) =
13.7936
Pr = 0.001

Table 85: Estimated Hazard Ratios for time to death for “Climate Zone” dummy variables,
circulatory and respiratory cohorts
Variable

Circulatory cohort

Climate
Zone

Respiratory cohort

Climate
Zone

Description
Climate Zone
dummy
variable
Climate Zone
dummy
variables

Change

Hazard Ratio for Change (2 dp)

Wald Test
p-value

Climate Zone 2 vs. Climate Zone 1
Climate Zone 3 vs. Climate Zone 1

1.06
0.94

0.628
0.631

Climate Zone 2 vs. Climate Zone 1
Climate Zone 3 vs. Climate Zone 1

0.95
1.01

0.700
0.942

* p<0.1, ** p<0.05, *** p<0.01
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Table 86: Initial multiple regression models, circulatory and respiratory cohorts
Variable name

HR

Standard
error

Z

P<|Z|

Circulatory
cohort

treat_dummy1
treat_dummy2
treat_dummy3
base_age
female
ethn1
ethn2
ethn3
avg_pre_treat_chap9_cost_1000
avg_pre_treat_non_relevant_1000
final_nzdep_score_10
risk_cat2
risk_cat3
risk_cat4
risk_cat5
risk_cat6
climate_zone_dummy_2
climate_zone_dummy_3

0.717
1.440
0.645
1.087
0.750
2.039
1.933
0.855
1.014
1.045
1.006
0.973
1.407
1.169
1.049
0.715
1.055
0.994

0.082
0.318
0.166
0.007
0.068
0.345
0.555
0.283
0.003
0.009
0.005
0.209
0.689
0.364
0.163
0.167
0.124
0.127

-2.92
1.65
-1.7
12.59
-3.16
4.21
2.3
-0.47
4.98
5.24
1.21
-0.13
0.7
0.5
0.31
-1.43
0.46
-0.05

0.004***
0.098*
0.088*
0.000***
0.002***
0.000***
0.022**
0.635
0.000***
0.000***
0.228
0.900
0.486
0.615
0.759
0.152
0.646
0.961

(0.574
(0.935
(0.389
(1.073
(0.628
(1.463
(1.101
(0.446
(1.009
(1.028
(0.996
(0.638
(0.539
(0.636
(0.774
(0.453
(0.838
(0.773

0.897)
2.219)
1.068)
1.101)
0.896)
2.843)
3.392)
1.637)
1.020)
1.063)
1.017)
1.484)
3.676)
2.151)
1.422)
1.131)
1.329)
1.277)

Respiratory
cohort

treat_dummy1
treat_dummy2
treat_dummy3
base_age
female
ethn1
ethn2
ethn3
avg_pre_treat_chap10_cost_1000
avg_pre_treat_non_relevan~1000
final_nzdep_score_10
risk_cat2
risk_cat3
risk_cat4
risk_cat5
risk_cat6
climate_zone_dummy_2
climate_zone_dummy_3

0.827
1.197
0.649
1.047
0.706
1.399
1.283
0.235
1.030
1.022
1.007
0.587
1.509
0.919
0.711
0.408
0.913
0.973

0.102
0.333
0.193
0.007
0.075
0.243
0.326
0.162
0.005
0.004
0.006
0.139
1.129
0.254
0.108
0.127
0.126
0.143

-1.53
0.65
-1.46
6.46
-3.27
1.93
0.98
-2.1
5.79
4.99
1.22
-2.26
0.55
-0.3
-2.25
-2.88
-0.66
-0.19

0.125
0.517
0.146
0.000***
0.001***
0.053*
0.326
0.036**
0.000***
0.000***
0.222
0.024**
0.582
0.760
0.025**
0.004***
0.509
0.852

(0.650
(0.695
(0.362
(1.033
(0.573
(0.995
(0.780
(0.061
(1.020
(1.013
(0.996
(0.369
(0.348
(0.535
(0.528
(0.221
(0.697
(0.730

1.054)
2.064)
1.162)
1.062)
0.870)
1.967)
2.112)
0.910)
1.041)
1.031)
1.018)
0.932)
6.538)
1.580)
0.957)
0.751)
1.196)
1.298)

* p<0.1, ** p<0.05, *** p<0.01
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95% Confidence intervals

Table 87: Full regression output for model presented in Table 48
Dependent
variable
modelled

Difference in
all-cause
hospitalisation
costs

Variable
name

Coeffici
ent

Robust
Standard
error

t

P<|t|

Insulation
only

-3.186

0.694

-4.59

0.000***

(-4.545

-1.826)

-0.186

2.236

-0.08

0.934

(-4.569

4.197)

-2.963

1.511

-1.96

0.050*

(-5.926

-0.001)

37.667
0.641

1.995
0.115

18.88
5.55

0.000***
0.000***

(33.757
(0.415

41.577)
0.867)

0.331

0.111

2.99

0.003***

(0.114

0.549)

-0.617

0.798

-0.77

0.439

(-2.182

0.948)

Heating
only
Insulation
and heating
Occ_diff
Age_diff
Monthly
mean temp
Winter

95% Confidence
intervals

R2 within and
R2 overall

R-sq: within
= 0.0006
R-sq: between
= 0.0165
R-sq: overall =
0.0012

F-statistic

F(7,29000)
= 60.61
Prob > F
= 0.0000

* p<0.1, ** p<0.05, *** p<0.01

Model controls for occupant_diff, age_diff, winter and monthly average temperature

Table 88: Full regression output for model presented in Table 49
Dependent
variable
modelled

Difference in
all-cause
hospitalisatio
n costs

Variable name

Coeffic
ient

Robust
Standard
error

t

P<|t|

Insulation only

-3.503

0.791

-4.43

0.000

(-5.053

-1.953)

Heating only
Insulation and
heating
Insulation only*
winter
Heating only *
winter
Insulation and
heating * winter
occ_diff
age_diff
Monthly
mean_temp
1.winter

-0.018

2.461

-0.01

0.994

(-4.841

4.805)

-3.739

1.651

-2.26

0.024

(-6.974

-0.503)

0.943

1.185

0.790

0.427

(-1.381

3.267)

-0.473

3.095

-0.150

0.879

(-6.540

5.594)

2.275
37.669
0.641

2.067
1.995
0.115

1.100
18.88
5.56

0.271
0.000
0.000

(-1.776
(33.759
(0.415

6.327)
41.579)
0.867)

0.331
-1.147

0.111
0.959

2.98
-1.2

0.003
0.231

(0.113
(-3.027

0.548)
0.732)
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95% Confidence
intervals

R2 within and
R2 overall

F-statistic

R-sq: within
= 0.0006
R-sq: between
= 0.0165
R-sq: overall =
0.0012

F(7,29000)
= 42.52
Prob > F
= 0.0000

Table 89: Full regression output for models presented in Table 61
Dependent
variable
modelled

All cause
pharmaceutic
al use cost
difference

Variable name

Coeffic
ient

Robust
Standard
error

t

P<|t|

Insulation only

-2.008

0.250

-8.03

0.000***

(-2.498

-1.518)

-3.008

0.807

-3.73

0.000***

(-4.589

-1.427)

-1.195

0.568

-2.1

0.036**

(-2.309

-0.081)

36.608
3.309

1.117
0.158

32.78
20.99

0.000***
0.000***

(34.419
(3.000

38.797)
3.618)

0.028

0.025

1.15

0.249

(-0.020

0.077)

0.013

0.190

0.07

0.945

(-0.360

0.386)

-0.390

0.068

-5.75

0.000***

(-0.523

-0.257)

-0.578

0.220

-2.63

0.009***

(-1.009

-0.147)

-0.234

0.154

-1.52

0.129

(-0.536

0.068)

6.688
0.755

0.310
0.041

21.59
18.27

0.000***
0.000***

(6.081
(0.674

7.295)
0.836)

0.006

0.008

0.73

0.463

(-0.010

0.022)

-0.029

0.068

-0.43

0.666

(-0.162

0.104)

-0.034

0.038

-0.88

0.379

(-0.109

0.041)

-0.042

0.124

-0.34

0.732

(-0.286

0.201)

-0.016

0.090

-0.18

0.857

(-0.194

0.161)

1.757
0.186

0.155
0.021

11.35
8.81

0.000***
0.000***

(1.454
(0.145

2.060)
0.228)

-0.002

0.004

-0.48

0.631

(-0.010

0.006)

-0.035

0.031

-1.15

0.251

(-0.095

0.025)

Heating only
Insulation and
heating
occ_diff
age_diff
Monthly
mean_temp
Winter
Insulation only

Circulatory
illnessrelated
pharmaceutic
al use cost
difference

Heating only
Insulation and
heating
occ_diff
age_diff
Monthly
mean_temp
Winter
Insulation only

Respiratory
illnessrelated
pharmaceutic
al use cost
difference

Heating only
Insulation and
heating
occ_diff
age_diff
Monthly
mean_temp
Winter

* p<0.1, ** p<0.05, *** p<0.01

Models control for occupant_diff, age_diff, winter and monthly average temperature
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95% Confidence
intervals

R2 within and
R2 overall

R-sq: within
= 0.0113
R- sq: between
= 0.0674
R-sq: overall =
0.0403

R-sq: within
= 0.0037
R-sq: between
= 0.1007
R-sq: overall =
0.0472

R-sq: within
= 0.0012
R-sq: between
= 0.0124
R-sq: overall =
0.0061

F-statistic

F(7,28968)
= 164.55
Prob > F =
0.0000

F(7,29054)
= 67.00
Prob > F
= 0.0000

F(7,28946)
= 19.52
Prob > F
= 0.0000

Table 90: Full regression output for models presented in Table 62
Dependent
variable
modelled

All cause
pharmaceutic
al use cost
difference

Variable name

Coeffic
ient

Robust
Standard
error

t

P<|t|

Insulation only

-1.962

0.278

-7.06

0.000***

(-2.507

-1.418)

-2.855

0.878

-3.25

0.001***

(-4.576

-1.133)

-0.951

0.639

-1.49

0.137

(-2.203

0.301)

-0.113

0.307

-0.37

0.712

(-0.715

0.489)

-0.356

0.877

-0.41

0.685

(-2.076

1.363)

-0.511

0.623

-0.82

0.413

(-1.732

0.711)

36.608
3.309

1.117
0.158

32.78
20.99

0.000***
0.000***

(34.419
(3.000

38.797)
3.618)

0.029

0.025

1.18

0.240

(-0.019

0.077)

0.073

0.205

0.36

0.722

(-0.329

0.474)

-0.397

0.077

-5.16

0.000***

(-0.547

-0.246)

-0.579

0.233

-2.48

0.013**

(-1.035

-0.122)

-0.201

0.174

-1.16

0.247

(-0.542

0.139)

0.014

0.084

0.17

0.868

(-0.151

0.179)

0.002

0.221

0.01

0.994

(-0.432

0.435)

-0.065

0.179

-0.36

0.716

(-0.417

0.286)

6.688
0.755

0.310
0.041

21.59
18.27

0.000***
0.000***

(6.081
(0.674

7.295)
0.836)

0.006

0.008

0.73

0.464

(-0.010

0.022)

-0.030

0.073

-0.41

0.683

(-0.173

0.113)

-0.012

0.045

-0.26

0.795

(-0.099

0.076)

0.143

0.145

0.98

0.326

(-0.142

0.428)

-0.017

0.104

-0.16

0.874

(-0.221

0.187)

-0.053

0.054

-0.97

0.332

(-0.159

0.054)

-0.419

0.154

-2.72

0.007***

(-0.721

-0.117)

-0.006

0.111

-0.06

0.954

(-0.224

0.211)

1.756
0.186

0.155
0.021

11.35
8.81

0.000***
0.000***

(1.453
(0.145

2.060)
0.228)

-0.002

0.004

-0.42

0.674

(-0.010

0.006)

-0.011

0.033

-0.35

0.730

(-0.076

0.053)

Heating only
Insulation and
heating
Insulation only*
winter
Heating only *
winter
Insulation and
heating * winter
occ_diff
age_diff
Monthly
mean_temp
Winter
Insulation only

Circulatory
illnessrelated
pharmaceutic
al use cost
difference

Heating only
Insulation and
heating
Insulation only*
winter
Heating only *
winter
Insulation and
heating * winter
occ_diff
age_diff
Monthly
mean_temp
Winter
Insulation only

Respiratory
illnessrelated
pharmaceutic
al use cost
difference

Heating only
Insulation and
heating
Insulation only*
winter
Heating only *
winter
Insulation and
heating * winter
occ_diff
age_diff
Monthly
mean_temp
Winter

95% Confidence
intervals

R2 within and
R2 overall

F-statistic

R-sq: within
= 0.0113
R- sq: between
= 0.0674
R-sq: overall =
0.0403

F(10,
28968) =
115.26
Prob > F =
0.0000

R-sq: within
= 0.0037
R- sq: between
= 0.1007
R-sq: overall =
0.0472

R-sq: within
= 0.012
R- sq: between
= 0.0124
R-sq: overall =
0.0061

* p<0.1, ** p<0.05, *** p<0.01

Model controls for occupant_diff, age_diff, winter,monthly average temperature, interaction terms for treatment and winter
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F(10,
29054)
Prob > F
= 0.0000

F(10,
28946)
=14.35,
Prob > F =
0.0000

APPENDIX 3. Evaluation of Warm Up New Zealand: Heat
Smart Extension
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