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Keywords: The last 3-4 decades have seen large increases in economic inequality within high-income countries. A newly
Gini index emerging strand of research is exploring how this impacts on energy consumption. However, as yet there are no
Cold homes

macro-level studies on how economic inequality relates to energy poverty on the national level. This paper
investigates whether income inequality in EU countries is correlated with energy poverty by one of its defini-
tions: a household’s inability to keep their home adequately warm. Using country-level data for all 28 EU
countries for all years 2009-2017, I regress the percentage of households who cannot keep their home ade-
quately warm, against a set of independent variables including: the Gini index as a measure of income inequality;
GDP per capita; the number of heating degree days; and several other likely determinants of energy poverty. I
find the Gini index, GDP per capita and the number of heating degree days to be persistently strong and sta-
tistically significant predictors of the percentage unable to heat their homes, while the effects of the Gini index
increase disproportionately as this percentage increases. This suggests that macroeconomic policy needs to be
addressed, along with energy efficiency policy, to relieve the discomfort of cold homes in European winters.

European Union
Economic inequality

1. Introduction

In this paper I explore whether there is a correlation between the
level of economic inequality in a country, and the percentage of
households in that country who cannot afford to heat their homes
adequately. I do this for all EU countries, including the UK (which was
still an EU country at the time of writing), and I cover the years
2009-2017.

In exploring this question I seek to bridge a gap between two different
strands of energy consumption research. One of these is a newly emerging
literature on how economic inequality in high-income countries impacts
on energy consumption, production and supply. Perhaps the most overt
study within this literature is Galvin and Sunikka-Blank’s ‘Economic in-
equality and household energy consumption in high-income countries: A
challenge for social science based energy research’ [1]. I will refer to this
study at some length in this paper, as well as others that cover similar and
related themes. The theme of economic inequality in high-income coun-
tries is of great relevance today because levels of inequality have increased
markedly over the past 3-4 decades in these countries [2-5]. As Galvin
and Sunikka-Blank [1] point out, this major shift in society is not yet well
reflected in social science based energy research.

The strand of literature at the other end of the bridge I wish to build
is that on energy poverty. This very large and burgeoning literature puts
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forward a number of different definitions of energy poverty, as I explain
in more detail in Section 2. I use one of these definitions in this paper,
namely ‘being unable to afford to heat one’s home adequately’ —. I make
no claim that this definition is better than, more useful than or superior
to any of the other definitions of energy poverty on offer. I will argue,
however, that it is the best one to start with for a study of this kind. One
reason a study such as this is important in the current climate of
heightened economic inequality is that it is a macro-level analysis. That
is, it is concerned with issues at country level, rather than at individual
or household level. It is on the macro level that laws are made, tax rates
are decided, and social welfare programs are adopted and administered,
and it is on the macro-level that economic inequality is thereby main-
tained, increased or mitigated. It is abundantly clear that the steep
increase in economic inequality of the past 3—4 decades is the result of
macro-level policies, especially to do with taxation, social welfare
payments, and monetary policy [3,5-7]. If we find, in a study such as
this, that there is a clear correlation between the level of economic
inequality and the percentage of households who cannot afford to heat
their homes adequately, a major part of the solution to these house-
holds’ problem might be for government to adjust these policies so as to
bring about a reduction in the level of inequality. Hence the findings of
a macro-level investigation can have direct implications for government
at the national level.
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The core of this paper is a set of multivariate statistical analyses. The
dependent variable in these analyses is the percentage of households
who cannot afford to heat their homes. One of the independent vari-
ables — the one of greatest interest in this paper - is the Gini index. The
aim of the analyses is to find whether there is a strong correlation be-
tween the Gini index and the percentage unable to heat their homes,
and if so, whether this holds up alongside other likely influences on the
percentage unable to heat their homes. I therefore include further in-
dependent variables that seem appropriate, i.e. which seem likely to
also influence the percentage of households who cannot heat their
homes. These are: GDP per capita; the number of heating degree days;
the percentage of households who are in arrears on their utility bills;
and the percentage of inadequate homes, i.e. those with a leaking roof,
damp walls, floors or foundation, or rot in window frames or floor. I
explain below why these variables are deemed appropriate, and also
why various others have not been included.

In order to improve the robustness of the analysis, I make use of a
number of statistical features which — to spare readers who find sta-
tistical analyses challenging — I mostly present and discuss in the
Appendix. These include various statistical tests; discussion of loga-
rithmic transformations and re-transformations of variables; the com-
bined use of both ordinary least squares (OLS) regressions and quantile
regressions; and tests for best model specification.

I use the regression analyses to test a hypothesis, namely, that there
is a robust correlation between the Gini index and the percentage of
households who are unable to heat their homes, in the EU28; and that
variations in this percentage are robustly associated with variations in
the Gini index. If the Gini passes the tests of robustness, this will not
prove the hypothesis is true, but it will show it is a strong hypothesis
which has stood up to rigorous testing and should therefore be taken
seriously by policymakers and energy researchers.

Section 2 of this paper presents brief literature reviews on the two
strands of discussion this paper seeks to bridge. Section 3 describes the
data and methods, and gives the descriptive statistics. Section 4 gives
the results and their detailed interpretation. The results are discussed in
Section 5. Section 6 concludes and offers recommendations for policy
and research.

2. Literature review

As noted in Section 1, this paper attempts to forge a tentative bridge
between two strands of energy-related literature: the newly emerging
literature on economic inequality and energy in high-income countries;
and literature on fuel poverty.

2.1. Literature on economic inequality and energy in high income countries

Many researchers have recently drawn attention to the large in-
creases in economic inequality that have arisen in most high-income
countries over the past 3—4 decades [3,5,6,8-12]. One might think this
presents a fertile field for energy consumption research, since energy
costs money. However, Galvin and Sunikka-Blank [1] point out that this
issue has not yet penetrated energy consumption studies to a great
extent, particularly in energy studies that are embedded in social sci-
ence disciplines. Galvin and Sunikka-Blank suggest there are two pos-
sible reasons for this. Firstly, ever since the Methodenstreit (dispute over
method) of the early-mid 20th century, economics and sociology have
tended to go their separate ways, pursued as different disciplines, so
that sociologists have left theorizing about money to economists [13].
Secondly, they argue that the social science frameworks prominently
used in energy consumption studies today, such as practice theory
[14-17]1, discourse analysis [18-20] sociotechnical systems theory
[21,22] and actor-network theory [23], are rooted in social theories of
the 1950s-1980s, a period which was characterised by historically low
levels of economic inequality in high income countries. In other words,
the social theory used in energy consumption studies today has simply
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not caught up with the huge increases in economic inequality that have
made today’s society very different from that of the latter decades of the
20th century.

Nevertheless Galvin and Sunikka-Blank point out that several au-
thors have recently begun to draw attention to specific impacts of in-
creased economic inequality on energy consumption in wider society.
Firstly, a group associated with Andrew Jorgenson have offered a series
of analyses on the correlation between countries’ levels of economic
inequality and their CO, emissions [24-26]. These scholars have shown
that each 1% increase in wealth inequality is associated with a 0.8%
increase in the level of CO, emissions from consumption, in high in-
come countries. This finding is confirmed in further studies by Chancel
and Piketty [27], who also calculate that CO, emissions from the con-
sumption of the wealthiest strata of society may be 10-20 times higher
than those of the average person.

Secondly, a number of scholars have begun to relate housing tenure
and access to energy services such as home heating, to economic in-
equality in high income countries. In somewhat simplified form, their
argument runs: (a) as economic inequality has increased, home own-
ership rates among young and middle-aged adults have decreased
[28-32]; (b) this is also associated with reducing rates of social housing
[33]; (c) these shifts cause more and more young and middle aged
people to have to rent from private landlords [34]; and (d) private
landlords tend to thermally upgrade their properties significantly less
than social landlords and home owners [35-38]. This leads to the
tentative conclusion that economic inequality in high income countries
leads to a form of energy poverty: poorer households suffer the double
disadvantage of being more likely to live in thermally inadequate
houses, while having lower income to pay for heating.

Thirdly, Galvin and Sunikka-Blank present original work indicating
that women in high income countries are more deeply disadvantaged
than men, with respect to energy services, through increasing economic
inequality. Their evidence includes a plot of the ratio between the
percentages of single parent households who cannot heat their homes
adequately, and all households who cannot heat their homes ade-
quately, in EU countries. In 2016 the UK showed the highest ratio, at
just below 3, while Italy showed the lowest, at just over 1. Galvin and
Sunikka-Blank put this together with data that indicates that around
95% of single parent families are headed by a woman; that women have
significantly lower average income and wealth than men [39,40], and
that they are much less likely to own their own home mortgage-free
[41].

Fourthly, these authors suggest that the incidence of energy poverty
(which they call fuel poverty) is highly likely to increase with economic
inequality, as inequality increases the number of poor households, and
household poverty is widely seen as one of the drivers of energy poverty
[42]. They further point to a recent EU-funded survey that found poorer
households often cause higher CO, emissions than average income
households because they cannot afford basic energy-saving technology
like insulation and new appliances [43].

Galvin and Sunikka-Blank argue that social science-based energy
research needs to take fuller account of the effects of economic in-
equality, not just because higher levels of economic inequality imply
there are more poor households, but also because large inequalities of
income and wealth can distort markets, including energy markets,
making it harder for the poor to compete for basic energy services.

Regarding these emerging insights, no study has yet explored
whether there are direct correlations between a measure of income
inequality such as the Gini index, and an indicator of energy poverty on
the macro level such as the percentage of households unable to keep
their homes adequately warm.

2.2. Relationship to energy poverty studies

A comprehensive review of the vast literature on energy poverty
would be way beyond the scope of this paper. Here I simply discuss
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some of the strengths and weakness of using ‘the percentage of
households unable to heat their homes adequately’ in a study such as
this.

There are many insightful and informative studies on energy/fuel
poverty in the EU using different definitions of energy poverty and from
a range of different perspectives (see reviews in [44-48]). Most of these
are in broad agreement that low income, expensive fuel and thermally
inadequate dwellings are the three main contributors to fuel poverty
[42,49,50]. Some, such as [51] and [52], add a fourth determinant,
‘specific household energy needs’. Other studies note the diversity
among EU countries, not only of the determinants of fuel poverty (e.g.
[45]) but also its within-country geographical diversity (e.g. [53]).

A basic, recurring theme in this literature is the difficulty of defining
energy (or fuel) poverty [46]. Castafio-Rosa et al. [44] provide perhaps
the most recent survey and analysis of the more widely used ap-
proaches. Broadly speaking, the definitions in use can be divided into
two types: objective and subjective [54]. Objective definitions consider
measurable parameters to do with income, expenditure, household
composition, buildings, etc. An example is the UK’s relatively new
metric, arising from the Hills Review [55,56], that a household is in fuel
poverty if it has ‘lower than average income and higher than average
fuel costs’ [42]. Other objective-type definitions among EU countries
draw on parameters such as: the ages of household members; an ob-
jective measure of the thermal quality of dwellings; and whether or not
a household is receiving welfare benefits [52,54,57,58]. What these
measures have in common is that they seek to indicate whether a
household can be expected to achieve an acceptable level of energy
services, rather than a household’s subjective judgments of relevant
aspects of their situation, such as whether they find they are able to
heat their home adequately.

These methods generally use a ‘micro’ or ‘targeting’ approach to
identify the types and/or locations of households where energy poverty
is most prevalent or households are most vulnerable (see summaries in
[47,50]. They aim to provide policymakers with detailed information at
fine levels of granularity, to enable interventions to be targeted eco-
nomically efficiently toward vulnerable households (e.g. [59]). This is
an important endeavour because resources for interventions are always
limited and need to reach the people in need.

However, a disadvantage of these ‘objective’ approaches is that they
are not able to take account of householders’ actual, expressed needs in
relation to energy use, which may be significantly different from the
perceived needs embodied in the choice of parameters [60]. A further
assumption of such approaches often appears to be that energy-poor
households are passive receptors of targeted help, rather than actors
who could be empowered to lift themselves out of fuel poverty if key
elements of the macro-economic context were changed.

Subjective definitions, on the other hand, ask households one or
more pertinent questions on whether they see their energy services as
adequate. The best-known questions of this type in EU countries are
those used in surveys for the Eurostat Statistics on Income and Living
Conditions [61]. These cover:

- Whether the household is unable to heat their home to a satisfactory
level;

- Whether they are in arrears on fuel bills; and

- Whether the building fabric of their dwelling is inadequate (leaking
roof; damp walls, floors or foundation; or rot in window frames of
floor).

A disadvantage of subjective measures is that households’ responses
may not be honest. Boardman ([62], cited in [52]) found people often
deny being unable to heat their homes when questioned, often due to
pride. Further, different groups or cultures may have different ideas of
what thermal comfort is [63] or indeed whether there is any need to be
comfortably warm [64]. The few studies which have used both objec-
tive and subjective approaches on the same households find overlaps
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between the two but also significant differences [57,60,65].

Nevertheless, an important advantage of a subjective approach is
that it identifies households who feel cold because they actually cannot
heat their homes, rather than those who can merely be expected to feel
cold. These households experience the deprivations of energy poverty,
at least from their own point of view, regardless of what their income
and expenditure levels indicate and how sound their dwelling is [54].

Finally, an advantage of subjective approaches is that they lend
themselves to studies on the macro-level, i.e. they yield whole-country
results, enabling us to compare countries.

Bringing these two strands of literature together, I suggest it is
worth investigating the relationship between the level of economic
inequality in a country, and the level of energy poverty in that country.
For the latter we need a country-wide indicator. One such indicator is
the percentage of households who are unable to heat their home ade-
quately. Because Eurostat surveys and data collection use consistent
methods to give us both of these measures for all EU countries, along
with other relevant indicators, this provides a reliable dataset for such a
study to be performed.

3. Method and data
3.1. Which variables are relevant?

All the data used in this study are from Eurostat statistics (Eurostat,
2019). They cover all 28 EU countries in all years 2009-2017. The
variable I use as the dependent variable in my analyses is the percen-
tage of households in each of the 28 countries, in each of these years,
who say they are unable to keep their homes adequately warm (ab-
breviation UH%, symbol U). For reasons explained below, I transform
this to its natural logarithm, Ln(UH%) for the regression analyses. I
regress this against a number of independent variables which are also
likely to influence UH%. I treat the dataset as pooled panel data, as
explained below and in the Appendix. I perform all regressions and
statistical tests using the software package Stata.

The independent variable which is the focus of this study is the level
of income inequality (not wealth inequality) after tax and welfare
transfers. It is therefore based on the actual income households can
spend. It is represented by the Gini index for this definition of income,
calculated by Eurostat and given as a percentage rather than a decimal.
I give this the symbol G.

The Gini index indicates the degree of discrepancy between people’s
income levels in relation to each other within a particular country, but
it does not show how great their income is on average compared to
those in other countries. Energy poverty literature consistently affirms
that low income is one of the causes of energy poverty [48,66-68]. A
variable that captures average household income reasonably well is real
GDP/capita, i.e. GDP/capita adjusted for purchasing parity, as given in
Eurostat statistics. I give this the symbol D.

Ireland and Luxembourg have large flows of tax haven money,
which is included in official figures for GDP/capita but does not
translate into household income. Ireland’s GDP/capita in 2016, of
€65,207, is about 43% higher than it would be without these interna-
tional banking flows [7], so I reduce Ireland’s GDP/capita accordingly.
Due to banking secrecy it is not possible to obtain figures for Lux-
embourg, but I reduce Luxembourg’s GDP/capita by 30% as a rule of
thumb.

Another determinant of households’ ability or inability to heat their
homes is the number of heating-degree-days in each country in each
year (HDDs, symbol H) as this is a measure of how cold, for how long, a
country is on average during the winter [69]. There are two different
ways this might correlate with UH%. On the one hand, for a particular
country over a period of years, we could expect a positive correlation,
controlling for other variables: in colder years more people would find
it harder to heat their homes [70]. On the other hand, when differences
between the 28 countries are considered, the correlation is likely to be
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negative. This is because countries with colder climates, like Finland
and Sweden, have far more stringent thermal building regulations and
practices than warmer countries like Malta, Portugal and Cyprus [71].
Since the variations between the North Sea and the Mediterranean are
far greater than the within-country variations over 9 years, the negative
effect is likely to dominate.

Another likely influence on households’ ability to heat their homes
is their ability to pay their basic household bills [53]. This would not be
captured by a debt-indicator variable such as the ratio of debt to in-
come, because households in wealthy countries actually have far higher
debt/income ratios than households in poorer countries. Denmark’s was
the highest in the EU in 2016, at 2.45, while Bulgaria’s was the lowest,
at 0.33 [61]. Wealthy households tend to use debt as a wealth accel-
erator, taking out loans to invest in shares, business ventures and real
estate [72-75]. A more useful indicator of households’ ability to pay
their basic bills is the Eurostat data on percentages of households in
arrears on their utility bills. Presumably, such households are forced to
be frugal with heating. I use this as an independent variable (ab-
breviation ‘arrears’; symbol A). A caution is that it might correlate with
the other independent variables in a similar way to the dependent
variable, UH%. Hence I test for multicollinearity using variance infla-
tion factor estimates, as outlined in the Appendix.

As noted above, the thermal quality of homes is regarded as one of
the main determinants of energy poverty literature [42,50]. There is no
macro-level variable that adequately captures this, but some of it would
be captured by a variable that indicates the prevalence of substandard
housing, particularly in relation to thermal quality. Eurostat’s house-
hold surveys ask households whether their dwelling has a leaking roof,
damp walls, floors or foundation, or rot in window frames or floor. The
effects of this variable may not be very strong or consistent because
different respondents may have different thresholds for what they call
rot, damp or a leak, and it does not capture differences in thermal
quality between dwellings that are not regarded as ‘inadequate’ [76].
Nevertheless, we would expect the percentage of households in sub-
standard dwellings to be positively correlated with the percentage un-
able to heat their homes. I abbreviate this variable as ‘bad homes %’
and give it the symbol I (for ‘inadequate’).

There are several further variables which may be relevant to the
analysis, but could or should not be included. One of these is energy
price, since this is widely understood to be one of the three main de-
terminants of energy poverty [42,50]. However, the types of fuel used
for home heating vary enormously throughout the EU as well as within
regions [77,78], and it was not possible to combine these in a rational,
credible way on a country basis.

Secondly, household wealth is a likely determinant, since it influ-
ences the quality of dwelling a household can buy, or their ability to
invest in energy efficient technology such as insulation, new windows
or an efficient heating system [43]. However, statistics on average
household wealth in EU countries showed it to be strongly correlated
with GDP/capita (see test result in the Appendix). These two variables
could not therefore be used in the same multivariate analysis. A similar
issue applied with the variable “average level of household debt”,
which was mentioned above.

The unit of analysis in this paper is the ‘country-year’. For example,
Bulgaria in 2010, Bulgaria in 2017 and Germany in 2017 are three
different country-years. Measures like the Gini index, GDP per capita
and the percentage of households unable to heat their homes vary, not
only from country to country, but also from year to year. This provides
a much larger dataset to work with, than just 28 countries in one year.
Since the analysis covers all 9 of the years 2009-2017 - This gives
28 x 9 = 252 country-years, i.e. 252 statistical observations. Note that
each country therefore carries the same weight in the analysis, re-
gardless of its population or wealth.
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3.2. Characteristics of the variables

In an OLS regression analysis, the results are easiest to interpret if all
the variables are normally distributed, or at least close to this. In the
Appendix, I show that all but two of the variables used in this analysis
fit those criteria. The other two, UH% and Arrears %, are strongly right-
skewed, and the Appendix shows how the natural logarithm (log)
transformations of these produce useable, normally distributed vari-
ables. Hence I use the log transformations of these variables in the
analysis. This requires the results of the analysis to be re-transformed
accordingly, as shown in Section 4.

In the Appendix I also give tests for skewness' and kurtosis® of the
variables’ distributions, showing that their deviations from normal and
symmetrical are minimal. Nevertheless, because none of the variables
are perfectly normally distributed, in the Appendix I give a further
check on the robustness of results, using quantile regression [79]. I then
use a quantile regression alongside OLS regression in the main analysis
(Section 4) to compare results using the two methods.

Finally, because I am using a set of countries over a number of years,
the data counts as “pooled panel data”. In the Appendix I discuss the
issues involved in this, and show why this approach is appropriate with
this data set.

3.3. The regression equations

Given the above discussion and the tests in the Appendix, the basic
regression equation is:

Ln(U,) = Bo + BiGj; + ByDi; + BsH;; + BLn(A;) + Bsl, + er
(€9)

where By is the intercept; B; etc. are the correlation coefficients; i are
the individual countries; t the years; and er is the error term.® As
mentioned above, G is the Gini coefficient expressed as a percentage; D
is GDP/capita in euros, adjusted to purchasing power parity; H is the
number of heating degree days; A is the percentage of households in
arrears on their energy bills; and I is the percentage of inadequate
homes. The symbol “Ln” means “the natural logarithm of”.

Because the Gini index is the focus of the study, separate regressions
were also performed for each year, to check whether the Gini was a
significant predictor of Ln(UH%) on a year-by-year basis. For each se-
parate year the regression equation is simply:

Ln(U;) = By + B1G; + B,D; + Bs3H; + ByLn(A;) + Bsl; + er 2

3.4. Descriptive statistics

Table 1 gives the mean, median, maximum and minimum values of
the variables over the pooled panel data. For the sake of interest, both
the log and non-log versions of UH% and Arrears % are given. To give
the reader a feel for the scope of the variables and how they relate to
specific countries, the full data for 2017 are given in Table 2.

! Skewness is a measure of how lopsided a statistical distribution is. For ex-
ample, the distribution of wages in the UK is highly right-skewed, meaning that
most people earn around the median wage, but some earn many times the
median and some earn many thousands of times the median.

2 Kurtosis is a measure of the ‘peakiness’ of a statistical distribution.

3The error term is the difference between the modelled values of Ln(U;,) and
the values of Ln(U;,) in a theoretical larger population of country-years, from
which the 249 observations are drawn. See comment in the Appendix about the
difference between errors and residuals.
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Table 1

Descriptive statistics for variables used in the regressions, EU27 + UK,
2009-2017.

Source: author’s calculations based on raw data from Eurostat (2019).

Variable Observations Mean Std. Dev. Min Max
UH% 250 11.404 11.1987 0.3 66.5
Ln(UH%) 250 1.9694 1.0193 —1.2039 4.1972
Gini 250 29.98 3.738 22.7 40.2
GDP/cap 252 24806 15836 5000 81000
HDDs 252 2853 1159 322 6190
Arrears % 249 11.624 8.9836 1.7 42.2
Ln(Arrears %) 249 2.1635 0.7770 0.5306 3.742
Bad Homes % 250 16.06 6.515381 4.2 34.7

4. Results and interpretation
4.1. Results of pooled panel data

Table 3 gives the results of the regressions that use pooled panel
data. The first column of results (Model 1) is from OLS regression on the
means; the second (Model 2) is from quantile regression on the median
(performed at quantile 0.5 — see explanation in Appendix). The non-
bracketed figures are the regression coefficients; the figures in brackets
are the standard errors (see Appendix); and the asterisks represent le-
vels of statistical significance (*** = p < 0.01, ** = p < 0.05, * =
p < 0.1 - see note below on p-values). For both Model 1 and Model 2,
all five independent variables are statistically significant, with the Gini
index, GDP/capita, HDDs and Ln(Arrears%) significant at the 0.01 level
and Bad homes % at the 0.05 level. The quantile regression (Model 2) is
included merely to check that the coefficients are reasonably close to
those of the OLS regression. Comparing the OLS and quantile results in
Table 3 indicates that these are quite close, indicating that any devia-
tions of variables from normal and symmetrical are not sufficient to call
the OLS results in question. However, as noted in the Appendix, because
of difficulties with quantile regression of pooled panel data alluded to

Table 2
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above, only the results for OLS regression are used in the discussion of
results.

The adjusted R-squared value for Model 1 (given at the bottom of
Table 3) is moderately high, at 0.794, indicating that the model ex-
plains 79.4% of the variance in Log(UH%). The F-statistic, at 0.000,
indicates that the model predicts the sign (+ or -) of the dependent
variable extremely well. Hence in these respects the model gives a very
good fit to the data.

Using the regression coefficients in Table 3, first column, the model
of choice, called ‘Model 1, is therefore:

Ln(U) = 0.209 + 0.0840G — 2.62 X 107°D — 2.86 x 10™H
+ 0.240Ln(A) + 0.0117 + er 3

Immediately we see, from the regression coefficients in both models,
that the Gini index is positively correlated with Ln(UH%) and is
strongly significant, with p-value lower than 0.01. In other words, a
country’s Gini index (its level of economic inequality) is a strong predictor of
its percentage of households who cannot heat their homes adequately,
controlling for other relevant variables.

We also see that GDP/capita is negatively correlated with Ln(UH%),
as would be expected: the higher a country’s average income, the more
money households have to spend on heating and energy efficiency
measures, so the lower the percentage who cannot heat their homes.

It is interesting that the number of heating degree days (HDDs) is
also negatively correlated with Ln(UH%). This is most likely because, as
explained in Section 3, countries with colder climates tend to have
stricter thermal regulations.

The remaining two variables, the logarithm of the percentage in
arrears on their utility bills and the percentage of households living in
inadequate dwellings, are both positively correlated with Ln(UH), as
would be expected (see Section 3).

I discuss these results in more detail in Section 4.3 below. Prior to
this, however, two other issues need to be mentioned.

Values of all variables for 2017. Note that all Ireland’s figures except GDP/capita and HDDs are for 2016, and Ireland’s and Luxembourg’s GDP/capita figures are 0.77
of the official values, to take account of tax haven transfers that do not enrich households on average.

Source: author’s calculations based on raw data from Eurostat (2019).

Country UH% Ln(UH%) Gini GDP/cap (PPP) HDDs Arrears% Ln(Arrears %) Bad Homes%
Belgium 5.7 1.74 26.0 35000 2580 4 1.39 18.5
Bulgaria 36.5 3.60 40.2 6300 2533 31.1 3.44 12.2
Czechia 3.1 1.13 24.5 17200 3310 2.1 0.74 8.0
Denmark 2.7 0.99 27.6 47100 3117 3.5 1.25 14.9
Germany 3.3 1.19 29.1 35500 2964 2.8 1.03 12.5
Estonia 2.9 1.06 31.6 14600 4208 6.3 1.84 13.9
Ireland 5.8 1.76 29.5 43428 2670 12.1 2.49 13.4
Greece 25.7 3.25 33.4 17400 1658 38.5 3.65 13.5
Spain 8.0 2.08 34.1 24500 1598 7.4 2.00 11.5
France 4.9 1.59 29.3 32300 2338 6.1 1.81 11.1
Croatia 7.4 2.00 29.9 11500 2331 21 3.04 11.4
Italy 15.2 2.72 32.7 26400 1878 4.8 1.57 16.1
Cyprus 22.9 3.13 30.8 22700 721 13.7 2.62 29.3
Latvia 9.7 2.27 34.5 11600 4016 11.9 2.48 22.8
Lithuania 28.9 3.36 37.6 12700 3830 7.9 2.07 15.7
Luxembourg 1.9 0.64 30.9 61831 2870 1.7 0.53 17.4
Hungary 6.8 1.92 28.1 11800 2742 13.9 2.63 24.8
Malta 6.6 1.89 28.3 20800 485 5.6 1.72 8.3
Netherlands 2.4 0.88 27.1 40700 2544 21 0.74 13.5
Austria 2.4 0.88 27.9 37200 3503 3.6 1.28 11.9
Poland 6.0 1.79 29.2 11800 3290 8.5 2.14 11.9
Portugal 20.4 3.02 335 17500 1055 5.6 1.72 25.5
Romania 11.3 2.42 33.1 8300 2916 15.9 2.77 11.1
Slovenia 3.9 1.36 23.7 19400 2833 14.3 2.66 22.0
Slovakia 4.3 1.46 23.2 15000 3280 5.5 1.70 6.7
Finland 2.0 0.69 25.3 35700 5524 7.8 2.05 4.2
Sweden 2.1 0.74 28.0 42800 5220 2.2 0.79 7.0
UK 5.9 1.77 33.1 32200 2865 5 1.61 17.0
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Table 3

Results of regressions using pooled panel data of EU27 + UK, 2009-2017. First
column is OLS regression about the means; second is quantile regression on the
median. Coefficients are given with significance levels (*** p < 0.01; **
p < 0.05; * p < 0.1), and standard errors in parentheses.

Source: author’s calculations based on raw data from Eurostat (2019).

Model 1: Standard OLS Model 2: Quantile regression

regression on median

Variables Ln(UH%) Ln(UH%)

Gini 0.0840%** 0.0909***
(0.00880) (0.0108)

GDP/cap —2.62e-05*** —2.49e-05***
(2.47e-06) (3.02e-06)

HDDs —0.000286*** —0.000268%***
(2.67e-05) (3.27e-05)

Ln(Arrears%) 0.240%** 0.254%**
(0.0546) (0.0668)

Bad Homes 0.0117%* 0.0121**
(0.00494) (0.00604)

Constant 0.209 —0.0598
(0.306) (0.375)

Observations 249 249

R-squared 0.810

Adjusted R-squared  0.794

P>F 0.000

4.2. P-values and robustness checks

Firstly, the meaning of ‘statistical significance’, indicated by p-va-
lues, needs clarification. The p-value of each independent variable gives
the probability that the sign (+ or -) of the regression coefficient is not
correctly predicted by the model, i.e. it is indeterminate®, given the size
of the sample. Clearly the sign needs to be determinate — either positive
or negative — if the results are to have any meaning. If we are only
interested in the existing data from these 28 countries over these 9
years, the p-values are of no consequence, because in such a case the
sample itself is the statistical population, and the sign and value of the
coefficients are simply those given in the results. However, if we want
to use the results to make more general inferences about how the in-
dependent variables might correlate with the dependent variable in
other years, we are dealing with a sample from a larger population, and
p-values are therefore essential indicators of the significance of the
results. Because I will make general inferences based on the results, I
treat the p-values as important throughout.

Secondly, in order to be even more confident that the results are to
be trusted, the Appendix gives further tests for the robustness of Model
1, namely tests for multicollinearity, correct specification of the model,
and randomness of residuals. As shown there, there were no significant
effects of multicollinearity; and the specification of the model is a good
compromise between a serviceable model and a more perfect but highly
complex model that would be difficult to interpret.

The tests for residuals, however, raise some concern. These test
results suggested there may be a further variable, unaccounted for in
the analysis, which drives Ln(UH%) higher at its top range, and lower at
its bottom range, than is indicated by the independent variables used in
the analysis. This effect was not sufficient to call the robustness of the
model into question. However, it raised the interesting possibility that
some other factor may be exacerbating householders’ inability to keep
their homes warm in countries where the percentage of such houses is
already high, and doing the opposite in countries where it is low. Such a
factor or set of factors may well show up in future research.

4Many popular texts state that the p-value gives the probability that the
coefficient zero, but this is misleading.

Energy Research & Social Science 58 (2019) 101255

4.3. Interpreting the regression coefficients

As I demonstrated above and in the Appendix, Model 1 gives a ro-
bust account of how the independent variables correlate with the
logarithm of the percentage of households unable to heat their homes,
in EU countries in the years 2009-2017. The regression coefficients of
these variables therefore become the focus of interest. I now discuss
these in detail.

To begin with, because the independent variable is in log form, the
regression coefficients need to be interpreted carefully. The coefficient
of the Gini index, at 0.0804, means that for each one percentage point
increase in the Gini, the natural logarithm of the percentage unable to
heat their homes (UH%) increases by 1. Because this is a logarithmic
scale, the higher the value of UH%, the greater the rate of increase in
UH% for a one percentage point increase in the Gini. Controlling for the
other independent variables (i.e. holding them all constant), the mod-
elling equation shown as Eq. (3) above becomes:

In(U) = 0.0804G + K “4)

where K is the intercept in Eq. (3) plus the sum of the products of the
coefficients of the other variables and their values for any particular
country-year. It is now important to find how the percentage of
households who cannot heat their homes varies with different values of
the Gini coefficient. To do this we first make U the subject of Eq. (4) (by
taking the exponential of both sides of the equation), then differentiate
U with respect to G. The rate of change of U with G is thereby shown to
be given by:

oU _ K , 50.0804G
G- 0.0804e" ¢ )

What does this mean in practice? Consider, for example, a country-
year with a mid-range percentage unable to heat their homes, such as
Italy in 2017, where the percentage unable to heat their homes (U) was
15.2. Substituting the values of the variables from Table 2 in Eq. (5) we
get K = 0.0909. Substituting this in Eq. (4) gives % = 1.220. Hence for
Italy in 2017, each one percentage point increase in the Gini is asso-
ciated with an increase of 1.22 percentage points in the number of
households who cannot heat their homes.

Now compare this to a country-year with high UH%, such as
Lithuania in 2017, where U = 28.9. Here, following the same method
as above, we find K = 0.337 and Z—g = 2.85. Hence for Lithuania a one-
percentage increase in the Gini is associated with more than twice the
increase in the percentage unable to heat their homes, as in the case of a
middle-range country like Italy. For Bulgaria in 2017 this is yet more
extreme. Bulgaria in 2017 has the highest percentage unable to heat
their homes and the highest Gini, giving it the highest ‘;—g, at just under
3.0. This means that for Bulgaria, a small increase or reduction in the
Gini coefficient is associated with a very large increase or reduction in
the number unable to heat their homes.

For countries with low UH% the effect is smaller. For example, for
Sweden in 2017, where UH% was 2.1%, we find K = -1.511, and % isa

mere 0.169. Values of °Y for all countries in 2017, based on the coef-
ficients for the pooled dataset, are displayed in Fig. 1.

The simple lesson is that the higher the percentage of households unable
to heat their homes, the greater the effect on this of a change in the Gini
index. Note that this is not due to any non-uniformity in the distribu-
tions of the variables used in the regressions — it is not a fault in the
modelling — but to the characteristics of a logarithmic relationship be-
tween UH% and the Gini index.

The same dynamic occurs with the second independent variable,
GDP/capita, though in the opposite direction. The coefficient, —3.10e-
05 (i.e. —3.10 x 10™°), means that each increase in GDP/capita of
€1000 is associated with a decrease of 0.031 in Ln(UH%). Controlling
for the other independent variables and considering units of €1000
rather than €1, the modelling equation is:
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Fig. 1. Modelled effect of change in Gini on UH%, EU27 + UK, 2017, based on

coefficients for 2009-2017.
Source: author’s calculations based on raw data from Eurostat (2019).

In(U) = —0.0310D + K 6)

Making U the subject of Eq. (6) and differentiating, we see that the
rate of change of U with D is:
oU _ K, p—0.0310D
— = —0.0310e" e %)
Substituting as above, for the three countries Italy, Lithuania and
Sweden in 2017, an increase of €1000 is associated with a decrease in
the percentage unable to heat their homes, of 0.471, 0.893, and 0.065
respectively. Again because of the inverted log function, the effect of a
change in GDP/capita is about twice as great for a high-UH% country as
for a medium-UH% country, and very small for a low-UH% country.
However, the pattern is by no means as orderly as for the Gini. There is
a general trend, but with six outliers, Bulgaria, Lithuania, Greece
Cyprus, Portugal and Italy, which are very heavily affected by change in
GDP/capita. Fig. 2 displays the modelled effects of ‘;—g for all countries
in 2017, based on the coefficients for the pooled dataset.

Apart from Ln(Arrears%), the effects of the other independent
variables follow the same mathematical forms as the Gini and GDP/
capita. The mathematical form for Ln(Arrears%) is more straightfor-
ward, since this has the same (logarithmic) form as the independent
variable (see Appendix).

To provide an overview of the mean impacts of a change in the
value of each independent variable on the dependent variable Ln(U),
the t-statistics for Model 1 are displayed in Table 4 alongside coeffi-
cients and standard errors.”® The t-statistic® gives an indication of the
relative magnitude of each independent variable’s impact on the de-
pendent variable: the larger the t-statistic (i.e. the higher its absolute
value), the larger the variations in the dependent variable that are as-
sociated with variations in the independent variable. Hence Table 4
shows that the largest impacts on the percentage unable to heat their
homes come from HDDs, GDP/capita and the Gini index. It is important
to note, however, that governments cannot change HDDs. Further, it is
very difficult for governments to increase GDP/capita, and it takes great
effort and expense to reduce the percentage of inadequate homes. The
Gini index, however (after tax and transfers), can be changed simply by
an Act of Parliament. Fig. 3 shows the ratio of pre- and post-tax and
redistribution Gini indexes in EU countries in 2017. Note that for all
countries the ratio is significantly lower than 1. Sweden, for example,
reduces its Gini index to less than half its pre-tax value by using

5 The term “standard errors” is a measure of how spread out or scattered a
variable’s values are, divided by the square root of the number of observations
in the sample. More formally, Standard error = standard deviation/sqrt(n).

St = coefficient/standard error.
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Table 4

Coefficients of independent variables in Model 1, with standard errors and t-
statistics.

Source: author’s calculations based on raw data from Eurostat (2019).

Model 1
Ln(UH%) Coefficient. Std Error t-statistic P
Gini 0.084004 0.008805 9.54 0.000
GDP/cap —2.62E-05 2.47E-06 ~10.6 0.000
HDDs ~0.000286 2.67E-05 -10.72 0.000
Ln(Arrears) 0.239789 0.054592 4.39 0.000
Bad Homes 0.011737 0.004943 2.37 0.018
0
100004 29900 30000 $%0db8  S0000 60086 70000
-0.2 ’ e } 2 3
*
=) o*
S 04
S *
x
v
_ué_ -0.6 S
a 3
S -08 *
© *
-1
*
1.2
GDP/capita (€s)

Fig. 2. Modelled effect of change in GDP/capita (€ x1000) on UH%,
EU27 + UK, 2017, based on coefficients for 2009-2017.
Source: author’s calculations based on raw data from Eurostat (2019).
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progressive taxation and redistribution of income.

4.4. Year by year results

As a further check on the reliability of results, each year’s data was
regressed independently. The results are given in Tables 5 and 6. Points
to note are, firstly, that the Gini index, GDP/capita and HDDs are sta-
tistically significant in all years (p < 0.1), while neither of the other
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Table 5

Results of regressions for years 2017, 2016, 2015 and 2014.
Source: author’s calculations based on raw data is from Eurostat (2019).
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(2017) (2016) (2015) (2014)
Variables Ln(UH%) Ln(UH%) Ln(UH%) Ln(UH%)
Gini 0.101* 0.100%** 0.0648** 0.0656*
(0.0204) (0.0232) (0.0264) (0.0342)
GDP/cap —1.89e-05** —2.18e-05%** —2.22e-05** —3.62e-05%**
(7.91e-06) (7.08e-06) (9.17e-06) (1.16e-05)
HDDs —0.000218%*** —0.000214%** —0.000354%** —0.000397***
(7.02e-05) (7.38e-05) (0.000103) (0.000103)
Ln(Arrears%) 0.200 0.193 0.286 0.170
(0.140) (0.140) (0.174) (0.225)
Bad Homes 0.0147 0.0140 0.0112 0.00611
(0.0136) (0.0131) (0.0166) (0.0166)
Constant -0.717 —0.597 0.720 1.404
(0.756) (0.795) (1.005) (1.223)
Observations 27 28 28 28
R-squared 0.851 0.853 0.816 0.795
Table 6
Results of regressions for years 2013, 2012, 2011, 2010 and 2009.
Source: author’s calculations based on raw data from Eurostat (2019).
(2013) (2012) (2011) (2010) (2009)
Variables Ln(UH%) Ln(UH%) Ln(UH%) Ln(UH%) Ln(UH%)
Gini 0.0852** 0.0707** 0.0814** 0.0880*** 0.0913**
(0.0306) (0.0310) (0.0326) (0.0289) (0.0343)
GDP/cap —3.18e-05%** —4.27e-05%** —3.34e-05%** —3.88e-05%** —4.41e-05%**
(9.88e-06) (1.04e-05) (1.14e-05) (1.16e-05) (1.36e-05)
HDDs —0.000394*** —0.000301*** —0.000284%** —0.000261%** —0.000329%**
(9.00e-05) (8.04e-05) (9.47e-05) (7.65e-05) (0.000101)
Ln(Arrears%) 0.0328 0.140 0.260 0.161 0.315
(0.188) (0.190) (0.216) (0.217) (0.256)
Bad Homes 0.0124 0.00911 0.0109 —0.00191 —0.00262
(0.0147) (0.0154) (0.0167) (0.0177) (0.0223)
Constant 1.155 1.425 0.424 0.766 0.447
(1.020) (1.077) (1.214) (1.148) (1.328)
Observations 28 28 28 28 26
R-squared 0.838 0.842 0.807 0.827 0.819

two variables is statistically significant in any year.” Secondly, the year-
by-year coefficients of the Gini index vary, but in most years these are
reasonably close to the value of 0.08 obtained for the pooled regression.

The effects of GDP/capita are interesting because its coefficient is
steadily reducing over time, from larger than —4 x 10~° in 2009 to
smaller than —2 x 107> in 2017. It would be interesting to explore
why this is. It could be because GDP/capita is increasing over time and,
as shown in the above discussion, its impact on the percentage who
cannot heat their homes tends to be smaller in countries where GDP/
capita is larger. It could also be that a saturation point is reached, where
increasing GDP/capita any further is unlikely to reduce the percentage
unable to heat their homes, unless other factors such as the Gini index
are reduced.

The coefficients of HDDs tend to vary from year to year with no
particular pattern. This could be due to year-by-year weather varia-
tions, since the overriding impact of HDDs is via the long-term effect of
building regulations. A particularly cold year may skew this relation-
ship slightly, bringing colder weather where homes are not designed for
it.

5. Discussion

The Gini index was a significant predictor of the natural logarithm

7 This is because their coefficients are not large enough, compared to their
variances, to produce sufficiently small standard errors (see standard errors in
brackets) so as to give high t-statistics and low p-values.

of the percentage of households unable to heat their homes (Ln(UH%)).
This held true in the regressions of pooled panel data, and for all in-
dividual years 2009-2017, with very low p-values, large t-statistics and
large, positive regression coefficients. The size and sign of the coeffi-
cients indicated that changes in the Gini index are associated with
changes in the percentage of households unable to heat their homes
(UH%), and that the changes in this percentage are larger for higher
initial values of both these variables: the higher the Gini index and the
percentage unable to heat their homes, the more difference it makes to this
percentage if the Gini index changes.

There are two main weaknesses in the modelling. Model 1 is
somewhat simplified in that it is limited to linear and natural log re-
presentations of the data, which do not fully reflect the increases in the
impact of the Gini and GDP/capita on the dependent variable as the
Gini and GDP/capita increase. Model 3, which is developed in the
Appendix, solves this problem, but at the expense of what would be a
far more complicated process of interpretation of results. Nevertheless,
this indicates that Model 1 downplays the effects of the Gini index
slightly: the Gini’s impact on the percentage unable to heat their homes
is even more positively skewed at the high end, than Model 1 suggests.

The other weakness arises from the residual test shown in the
Appendix. This indicates there is a degree of missing variable bias,
suggesting there may be a further independent variable or variables
which even further increase the percentage unable to heat their homes
at the high end of the distribution. Again however, this does not negate
the main thrust of the interpretation of coefficients for Model 1; it
merely indicates there is another, unknown factor which makes the
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results less precise than the modelling equations indicate.

The results indicate a strong correlation between the Gini index and
the logarithm of the percentage unable to heat their homes, controlling
for other variables. As shown in Egs. (4) and (5), this indicates that: (a)
the Gini index is a strong predictor of the percentage unable to heat
their homes; and (b) its impact increases as that percentage increases.
The higher the percentage unable to heat their homes, the bigger the
difference a change in the Gini index makes, at least in theory.

It must be emphasised, of course, that this does not prove causation,
since a regression analysis can only prove correlations. It would always
be possible, even in the best and most robust regression analysis, that
some other factor may be influencing between-country variation in
both the Gini index and Ln(UH%) in tandem.

Returning to our original hypothesis, the regressions have not been
able to disprove the hypothesis that the Gini index is a predictor of the
percentage of households unable to heat their homes, and in fact have
bolstered it at every turn. There are also good intuitive reasons for
believing this hypothesis. A high Gini index means there are a lot of
very poor people, who are unlikely to have the means to heat their
homes adequately or to renovate them to be more energy efficient (cf.
[43]). In countries like Bulgaria, with a high Gini coefficient but high
rates of owner-occupied homes, many homeowners may be stuck with
thermally poor dwellings which they cannot afford to upgrade. A high
Gini coefficient in a country also means there is a minority of extremely
rich people in that country. In countries with modest to high rates of
home ownership, real estate is a prime target of the very-rich [28]. This
not only inflates its price, but also leads to a larger private rental sector,
and there is abundant literature indicating that private landlords are
often reluctant to upgrade their properties to high thermal standards
[80].

6. Conclusions and implications for policy and research

This paper has shown there is a robust correlation between the Gini
index of income inequality after tax and welfare transfers, and the
percentage of households who cannot heat their homes adequately.
This is indicated for the set of all 28 EU countries for all years
2009-2017. The tests carried out in this analysis controlled for the ef-
fects of other relevant independent variables, namely GDP/capita, the
number of heating degree days, the percentage of households in arrears
on their utility bills, and the percentage of inadequate homes. A range
of tests for robustness of results showed there was no reason to doubt
the clear correlation between the Gini and the percentage of households
unable to heat their homes adequately.

As with all statistical studies, this one has its weaknesses. Because
the Gini index is a countrywide indicator, a study such as this cannot
indicate regional differences or differences of household type within
countries. Further, the results indicated that a further variable or set of
variables, which were not represented in the analysis, was or were also
contributing to high percentages unable to heat their homes. Finally,
such a study can only show correlations between variables, while other
sources and methods need to be used to establish lines of causality.

Nevertheless, of all the independent variables in this study, the Gini
index (after taxes and transfers) is by far the easiest for governments to
influence. This can be done simply by Act of Parliament and associated
administrative changes, for example by increasing marginal tax rates on
the highest incomes while providing more adequate universal welfare.
Referring back to Fig. 3, this chart shows, for example, that in 2017 the
post-tax and welfare transfer Gini index in Sweden was 0.47 (47%) of
its pre-tax and transfer level, indicating a radical redistribution of in-
come. The country with the least radical redistribution was Latvia, at
0.73. The eight countries which redistribute income most radically
(those at the bottom of the graph) include three from Eastern Europe
(Slovenia, Hungary and Czechia), while the eight with the least radical
redistribution (those at the top of the graph) include three from
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Western Europe and the Mediterranean (Spain, Italy and Malta). Hence
it would be difficult to argue that (poorer) Eastern European countries
find it inherently more difficult to redistribute income.

Further, tracking these ratios over time shows that governments are
not only able to, but do in fact, alter their Gini coefficients by altering
tax rates and welfare transfers. Denmark in 2009 had a ratio between
pre- and post-tax Gini index of 0.43, but became less egalitarian by
2017 with a ratio of 0.55. Portugal became more egalitarian over that
period, reducing its ratio from 0.70 in 2009 to 0.58 in 2017.

Countries need to consider, then, that having a high percentage of
households unable to heat their homes may well be a symptom of poor
social and economic policies, and could be significantly mitigated by
adjusting these policies accordingly. Lowrey [2] has documented evi-
dence from a number of countries that, when poor households in very
unequal societies get more money, this gives them choices and em-
powerment to lift themselves out of deprivation. This was, of course,
one of the guiding tenets of US President Franklin D Roosevelt’s ‘New
Deal’ in the 1930s, and was a mainstay of demand-side economics and
welfare policies in most high-income countries in the 1940s-1970s
[1,3]. With regard to energy use and climate change mitigation, it is
also a basic assumption of the proposed ‘Green New Deal’ legislative
programme being put forward for the US Congress by Representative
Alexandra Ocasio-Cortez and Senator Ed Markley [81].

Of course, this does not imply that countries can fully solve the
problem of households unable to heat their homes solely by macro-
economic and social welfare policy. Energy efficiency policy and in-
terventions are also needed since, as discussed in Section 2, low thermal
quality of homes is also a major driver of energy poverty. Reducing the
Gini index would enable many households to replace inefficient boilers,
insulate lofts and walls, replace the worst windows, afford to pay higher
energy bills and compete on the real estate market for better homes. But
energy efficiency policy interventions would also be needed, in order to
address the deep, underlying issues of inefficient building stock in many
European countries.

The findings of this study have important implications for social
science based energy research. Firstly, most research on energy poverty
is concerned with either micro-targeting households that can be ex-
pected to be in energy poverty, or exploring the consequences of energy
poverty. Many of these studies note the fact that economic poverty and
inequality are major drivers of energy deprivation, but they tend to
treat poverty and inequality as a given, a fact of life, a black box which
is left un-analysed. This study has indicated that economic inequality is
closely associated with energy poverty (at least by one measure) and is
not inevitable but can be changed, and changed quite simply, by leg-
islative shifts in fiscal and welfare policy. It would be interesting to see
energy poverty studies paying more attention to the economic poverty
inherent in energy poverty and its causes and cures more directly.

Secondly, this study represents a small step in bridging of the dec-
ades-old gap between sociology and macroeconomics, which has been
evident since the Methodenstreit (dispute over method) of the 1930s
[13,82]. As a macroeconomic indicator, the Gini index is well discussed
in current economics research. I have attempted to show here, however,
that our understanding of an issue which is firmly in the domain of
social science research, namely energy poverty, can be better under-
stood by reaching across to this macroeconomic domain. Social science
based energy researchers need to include macroeconomics in their
toolkit, since a country’s macroeconomic regime, which has profound
effects on people’s lives, is a decisive factor in how people can consume
energy and obtain energy services.
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Appendix A
A1 Distribution of variables

All the variables except UH% and Arrears% are more or less normally distributed. The distributions of these two variables is given in Figs. A1 and
A2 respectively, showing both are strongly right-skewed.

One option for obtaining more reliable results in such cases is to regress about the median rather than the mean, using quantile regression [79].
Another is to see whether the data for the problematic variables can be transformed into a form with near-normal, near-symmetrical distributions. If
so, the transformations of those variables can then be used in the same regressions as the non-transformed data of the non-problematic variables. The
results of the regression must then be re-transformed for interpretation. For both UH% and Arrears%, a natural logarithmic transformation of the
data produced near-normal, near-symmetrical distributions, as displayed in Figs. A3 and A4.

All the variables were then tested for skewness and kurtosis to check the extent of their deviations from normal and symmetrical. All had
skewness and kurtosis close to zero (see Table A1) except that Ln(Arrears%) had skewness of 0.88 and Bad Homes % had kurtosis of 0.93. Neither of
these is above the widely accepted rule-of-thumb problematic level of 1.0. Hence, using the log transformations of Ln(UH) and Arrears %, it was then
possible to proceed with an OLS regression.

A further issue is the possible unevenness of the correlation of the dependent variables on Ln(UH%), across its entire distribution. Unless all the
variables are perfectly normally and symmetrically distributed, it is possible that some independent variables correlate better with the dependent
variable in its low value range than in its high or mid-value range, or vice versa. Quantile regression is often used to address this issue, as it enables us
to regress about different quantiles, e.g. quantile 0.25 or 0.80, etc., rather than regressing about the mean, as in OLS regression. By performing a
quantile regression about the median, i.e. quantile 0.50, we can compare the coefficients and standard errors with those of an OLS regression about
the mean [83]. If these do not differ greatly between the two, it is reasonable to conclude that deviations from normality and symmetry are not
biasing the results significantly. The results of the quantile regression (Model 2 in the main text) are close to those of the OLS regression (Model 1),
indicating there are no significant problems with deviations from normality of the distributions.

However, pooled panel data (see below) presents serious challenges for quantile regression [84,85]. The results of the quantile 0.50 regression
are therefore only used for comparison with those of the OLS regression and not for further analysis.

A2 Issues with pooled panel data

Our data is panel data, as it utilizes data for a number of entities (in this case 28 countries) over a number of time periods (in this case 9 years). By
pooling this data we obtain a composite dataset with 28 x 9 = 252 observations, which records variations within countries over time, and between
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countries in each year (in fact there were only 249 observations, since two data items for Croatia and one for Ireland were missing from the dataset).
A danger in using pooled panel data is that if one or more of the variables does not vary much within one or more countries over time, we can end up
effectively using the same information several times over. This will exaggerate the statistical significance of some of the results, because the divisor n
(number of observations) will be larger than the number of pieces of information, thereby reducing the standard errors and p-values artificially.

The pooled dataset was therefore checked for within-country fixed and random effects. The fixed effects were non-negligible but there was still
sufficient within-country variation to justify pooling the data.

A3 Further statistical tests

The OLS model, Model 1, was tested for multicollinearity, correct specification of the model, and randomness of residuals.

Multicollinearity was tested using a variance inflation factor (VIF) test, where each independent variable is regressed against all the others. The
strengths of correlations between variables are given by R-squared values, which are used in the VIF formula.® As a rule of thumb, a VIF score under
5 is non-problematic, over 10 is highly problematic, and between 5 and 10 indicates a need for caution. The highest VIF was for Ln(Arrears%), at
2.47, followed by GDP/capita at 2.19; while the others ranged from 1.19 to 1.35. Hence there was no problem of independent variables correlating
with each other such as to give misleading correlations with the dependent variable. However, the variable ‘Average net household wealth’ gave a
VIF score of 12.1, indicating high correlation with other independent variables. It was, therefore, not used in the regressions.

A Ramsey Regression equation specification error test (RESET) was used to check whether the model was correctly specified, i.e. whether the
independent variables best predict the dependent variable in the forms in which they are used, or whether there are omitted variables in the form of
squares, cubes, etc., of the independent variables. The results indicated that adding further variables such as squares, cubes and square roots of GDP/
capita and of Arrears %, and the square of the Gini index, produced models with a slightly better fit, and increased the adjusted R-squared value from
0.729 to as high as 0.824. However, such an approach brings complications in interpreting such models, since the transformations of variables have
to be translated back into their plain form to make sense of the results. The simplest of these enhanced models (which I call Model 3) is given in
equation (A1), shown here out of interest only. It was derived by regressing Ln(U) against all five independent variables and their squares and cubes,
then using stepwise regression” to find the best fit:

8VIF = 1/(1 - R?), where R? is the correlation coefficient of a variable i against the other variables.
9 Stepwise regression starts with a full set of independent variables (in this case including their squares, cubes, etc.) then iteratively performs a series of regressions,
eliminating the worst fitting variable each time, until there remain only those variables with significance levels within the range specified, in this case p < 0.1.
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Table Al
Skewness and kurtosis rest results for variables used in the regression.
Source: author’s calculations based on raw data from Eurostat (2019).

Variable Observations Skewness Kurtosis Adjusted Prob > chi?
chi®(2)
Ln(UH%) 250 0.151 0.191 3.800 0.150
Gini 250 0.269 0.000 27.910 0.000
GDPcap 252 0.000 0.000 54.940 0.000
HDDs 252 0.253 0.220 2.830 0.243
Ln(Arrears%) 249 0.878 0.000 23.060 0.000
BadHomes 250 0.000 0.927 12.990 0.002
Table A2

Coefficients, standard errors, t-statistics and p-values for Model 3.
Source: author’s calculations based on raw data from Eurostat (2019).

Model 3

Ln(UH%) Coefficient Std Error t-statistic P
Gini"2 0.001459 0.000145 10.07 0.000
(GDP/1000)"2 —0.000524 4.53E-05 -11.58 0.000
HDDs —0.000268 2.67E-05 —10.04 0.000
(LnArreas%)"2 0.050982 0.011468 4.45 0.000
BadHomes 0.012421 0.004917 2.53 0.012

- 2 _ DY _ 2

Ln(U) = 0.00146G 0.000534(1000) 0.00268H + 0.0510(Ln(A))? + 0.01241 + er (AD)

All these independent variables are significant at the 0.001 level except I, which is significant at the 0.05 level. However, I use the more simple
form given in Model 1, as this provides for more straightforward interpretation of results, for the trade-off of slightly less precise coefficients.

The results of Model 1 were tested for randomness of residuals. The residuals are the differences between the modelled values of the dependent
variable and its actual measured values in the dataset — unlike the errors, which are the differences between the modelled values and the (unknown)
values in the population of which the dataset is a sample. In an ideal case, the residuals are truly random with no correlation between residuals and
measured values. In Model 1, however, there was a degree of correlation (R-squared = 0.202), as the residuals increased in magnitude as Ln(U)
increased in magnitude. Part of this was due to a small degree of misspecification of the model, since in Model 3 the correlation reduced considerably
(R-squared = 0.168). No alternative specification of the model reduced it further, indicating that there was a missing independent variable (or
variables) whose effects have not been taken into account. The absence of this variable produces results for Ln(U) that are low at the high end and a
bit high at the low end. Hence, the five independent variables used here do not fully account for the extremities of the very high percentages of
households unable to heat their homes. Model 1 is therefore not ideal, but is adequate for providing a credible ball-park view of correlations between
Ln(U) and the five independent variables.

It is also important to note that the t-statistics for Models 1 and 3 are very similar. The relative impact on Ln(U) of each independent variable is
about the same in both cases. The t-statistics for Model 3 are given in Table A2.

A4 Modelling equation for Ln(Arrears%)

The modelling equation for Ln(Arrears%) is:

In(U) = 0.216:Ln(A) + K (10)
Making U the subject and differentiating gives the rate of change of U with A:
U = 0.216eX« A~0784 an
0.9
0.8 * ¢
0.7 &
0.6
g os
> 0.4
° 03 *o ¢
T XN G
. v‘ v V’ ’
0
0 10 20 30 40 50
Arrears %

Fig. A5. Modelled effect of change in Arrears% on UH%, EU27 + UK, 2017, based on coefficients for 2009-2017.
Source: author’s calculations based on raw data from Eurostat (2019).
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The modelled results for this are displayed in Fig. A5. The effect on U of a change in A is very small, generally less than a 0.4 percentage point
increase in U for each one percent increase in A. The exceptions are Portugal, Lithuania and Italy, which have very low A and moderate to high U.
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