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����������
�������

Citation: Karpinska, L.; Śmiech, S.
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Abstract: A comparative analysis of energy poverty transitions and persistence can provide valuable
suggestions for long-term policy actions. This study examines the dynamics of energy poverty in
17 European countries based on the longitudinal household data from the EU Survey on Income and
Living Conditions, waves 2015–2018. The study pursues two goals. First, we explore households’
chances of transitioning in and out of energy poverty in each country following the discrete-time
Markov process. On average, the probability to stay in energy poverty is 51.5%, and there is a lot of
heterogeneity across countries. Households in Bulgaria, Greece, Romania, and Lithuania are quite
close to the energy poverty trap. Second, we identify factors that help energy-poor households leave
energy poverty. Demographic, technical, and socio-economic factors are the drivers in escaping
energy poverty, which suggests common EU policy.

Keywords: energy poverty; persistence; dynamics; subjective indicator; mixed effect model; Euro-
pean countries

1. Introduction

Facing the transition to a carbon-neutral economy, in 2019 the EU adopted a set of
legislative acts entitled the Clean Energy for all Europeans Package. Recognizing the
importance of clean energy for economic growth and job creation (COM/2016/0860), EU
countries joined their efforts to boost the creation of the Energy Union. A series of policy
actions on counteracting energy poverty were adopted in EU countries [1] following the
Clean Energy for all Europeans Package. With the interest of consumers being placed at the
center of the redesigned energy market, the EU committed to energy poverty alleviation
and the protection of vulnerable consumers (Energy Poverty 2020). In general terms,
energy poverty is defined as a lack of access to modern energy services, however, the
precise definition of energy poverty depends on the measurement technique. In our study
energy poverty denotes the inability to keep home warm. The Governance Regulation
(Regulation (EU) 2018/1999) and the Electricity Directive (Directive (EU) 2019/944) oblige
member states to measure, monitor, and report on the assistance to energy-poor households,
and to outline policy actions supporting the energy poor in the national energy and climate
plans, especially in countries with a significant number of the energy poor. As reported
by the EU Energy Poverty Observatory (2020), about 50 million households are at present
facing challenges of energy poverty. The recent analysis of the structural energy poverty
vulnerability [2] identifies those regions and countries on the EU map in which the problem
is particularly acute.

The initiatives aimed at energy poverty reduction at the EU level necessitate a thor-
ough understanding of the nature of energy poverty in all member states. While there are
plenty of studies on energy poverty prevalence, both single-country [3–5] and comparative
studies [6–8], the cross-country assessment of energy poverty persistence in Europe has
not been done yet. In particular, it is not known whether the persistence of energy poverty
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is the same or different in all European countries. Detecting potential differences in the
persistence of EP enables a better understanding of the phenomenon, identifies factors that
facilitate the escape from EP, and identifies effective social policy tools used by different EU
countries. We intend to cover this gap. We examine the persistence of energy poverty in 17
European countries, giving European politicians new insights into how energy poverty
is developing in the perspective of four years. The following countries are considered:
Belgium (BE), Bulgaria (BG), Croatia (HR), Cyprus (CY), Czechia (CZ), France (FR), Ger-
many (DE), Greece (EL), Hungary (HU), Italy (IT), Latvia (LV), Lithuania (LT), Malta (MT),
Poland (PL), Romania (RO), Slovenia (SI), and Spain (ES). The study answers two research
questions:

(1) How difficult is it for households in 17 European countries to escape energy poverty?
(2) What factors determine success in escaping energy poverty?

There are two reasons behind the study. First, by providing evidence on energy
poverty persistence in Europe, the analysis can be beneficial in formulating high-level
policy and long-term strategies within the EU. Energy poverty, as well as poverty, is a
stochastic phenomenon [9]. The level of energy poverty measured at a point of time
provides no information on how easily the problem can be overcome and how European
countries differ in terms of energy poverty persistence. Second, by identifying universal
factors triggering escape from energy poverty, the study helps to find common points
in national energy poverty policies. Focusing on the energy poor households from all
countries, we could detect what helps them to get out of the predicament and, at the same
time, capture the variation attributed to the among-country random effect.

Although member states define and measure energy poverty at their discretion, sev-
eral suggested indicators and definitions are published [10,11] and recommended by the
European Commission (2020/1563). The best known measures of energy poverty include
expenditure-based and subjective indicators [12]. In this study, we rely on a subjective
energy poverty indicator, i.e., the inability to keep homes warm, following the approach
indicated by, among others, the European Commission (2020) and the Council of Europe
Development Bank (2019). The ability-to-keep-home-warm indicator belongs to subjective
metrics and is available in the EU-SILC database, i.e., the major source of the primary
consensual energy poverty indicators in the EU. This indicator is frequently used in the
comparative analysis of energy poverty in Europe [8,13]. Being aware of the drawbacks
of subjective indicators, such as biasness [14] or inconsistency, we believe the inability-to-
keep-home-warm indicator reveals people’s perceptions and is useful in studying complex
issues [15] in multiple locations. This indicator does not require additional assumptions or
expert-based assessment [16], which might be different for different countries and provides
the best fit for the data and the purpose of our analysis.

The analysis is carried out in two steps following the research questions of the study.
We use panel data from the EU-SILC questionnaire collected by Eurostat on an annual
basis. Our choice of countries is determined by the availability of variables and the size
of the energy-poor households sample in a base year. Only countries with more than 100
energy-poor households in 2015 are considered.

In the first step, we focus on all households from each country separately and analyze
two states in which households can stay: energy poverty and non-energy poverty, and
then examine the chances of moving between them. The transition probability in each
country is estimated using the discrete-time Markov process. We assess the persistence of
energy poverty as the probability to remain in the same condition in 4 years. The first-step
transition probability matrices obtained are next used in the clustering procedure. To
identify groups with similar transition paths we apply hierarchical and k-means clustering.

In the second step, we look at energy-poverty households from all countries and
identify the factors that help these households move from energy poverty in four years. In
identifying the determinants of escaping energy poverty, the study relies on the binomial
mixed-effect regression. To account for the differences between countries, we include a
varying among-countries intercept as a random effect of the model. We control for poverty,
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building characteristics, age, education, employment status, size of the family, and tenure
status.

Our main findings confirm regional differences within Europe in terms of energy
poverty persistence. Three groups of countries with similar transition probability paths are
discovered, of which Bulgaria, Greece, Lithuania, and Romania are of special concern. The
average probability of staying in energy poverty in Europe is 51.5%. We recommend policy
makers to pay close attention to the energy poverty retention rate, which signifies a greater
probability to stay than to escape. The study confirms that non-poverty and housing energy
efficiency are the major forces that drive escapes from energy poverty in Europe.

The study is divided into six sections. Apart from Section 1, where we introduce the
topic, in Section 2 we provide the literature review, while in Section 3 we describe our data
and present preliminary statistics. We explain the methodology used in Section 4, report
the results in Section 5, and offer conclusions in Section 6.

2. Literature Review

The first strand of literature focuses on energy poverty prevalence across Europe. This
type of analysis mainly relies on the EU-SILC dataset and uses subjective measures of
energy poverty, such as the ability to keep homes warm, leaks/damp/rot in a dwelling, and
arrears on utility bills [13]. Expenditure-based indicators in comparative energy poverty
analysis are rare and require additional assumptions [17]. Macro-level energy poverty
comparisons draw upon data on energy consumption in the residential sector [7]. Some
studies use composite measures of energy poverty [8,18], others rely on multiple socio-
economic factors in evaluating the countries’ resilience towards energy poverty [19] or
structural energy poverty vulnerability [2]. The research on energy poverty prevalence
is dominated by static analyses. The major drawback of static analysis is the lack of a
forward-looking perspective on how the predicament unfolds.

The second strand of the literature concentrates on the dynamics of energy poverty.
This group of studies is not so numerous but is rapidly developing and is always country
specific. To the best of our knowledge, the UK [20,21], Spain [22], and France [23] have
been the subject of the energy poverty dynamic analysis. We also account for dynamic
energy poverty modeling performed by [24–28]. Different types of statistical tools are
used in the analysis of energy poverty persistence, such as the mover-stayer model [23],
dynamic probit estimator [27], Markov process [22], discrete hazard models [20], logistic
regression [21], etc. Most studies rely on custom-based surveys and are dedicated to one
country.

The analysis we propose here belongs to both streams of research. Our study is the
first to provide evidence on several aspects of energy poverty persistence. First, we track
the energy-poverty mobility of households in many European countries and compare the
results by using clustering techniques. The study demonstrates how different the analyzed
countries are in terms of energy poverty persistence. Second, we identify factors that help
the energy-poor households from all countries to leave energy poverty in 4 years. This is
possible with the mixed effect model that allows us to control for the country grouping
effect while combining the data from multiple countries in one sample.

Our study builds off the works in which a micro-level approach is applied in compar-
ative energy poverty research [6]. We further extend the paper by [29] on the persistence
of energy poverty in Europe by considering the factors that have an impact on escaping
energy poverty and account for the probability of moving between energy poverty and
non-energy poverty. We contribute to the literature on energy poverty determinants. Au-
thors list the following determinants of energy poverty: energy efficiency of houses [30],
energy prices [27,31], behavior [32], and a mixture of different socio-economic factors [33].
Our study moves beyond the traditional single-country approach and points to the deter-
minants common for all energy-poor households in 17 European countries, thus paving
the way for more detailed comparisons between countries.
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3. Data Description

Our study uses the latest available EU-SILC longitudinal data collected in 2015–2018
for 17 European countries. The survey is administered by Eurostat and compiles informa-
tion on, e.g., poverty, social exclusion, and housing conditions. The survey is harmonized
across participating countries. Each panel consists of household data and personal data
files. Panels track household and individual changes over four years. All panels are
balanced. The personal data file contains additional variables of household members not
available at a household level. For our analysis, we select 7 variables from among house-
hold data, i.e., ability to keep the home warm (HH050), ability to make ends meet (HS120),
arrears on utility bills (HS021), household size (HX040), leaks/damp/rot in a dwelling
(HH040), tenure status (HH021), equivalized disposable income (HX090), and 3 variables
from among personal data, i.e., self-defined current economic status (PL031), age (PB140),
the highest ISCED level attained (PE040). The variables are the determinants of energy
poverty identified in the previous analysis [17] and discussed in the literature [25,30,34].
We include two groups of indicators, i.e., households’ socio-economic characteristics and
buildings’ parameters [35]. The quality of a building determines the energy efficiency and
has an impact on the vulnerability of a household to energy poverty [16]. What is more,
some authors claim that housing conditions are the main trigger for self-reported energy
poverty [22].

The sample size varies between countries depending on the respective EU regulation
(Regulation 1177/2003). The smallest sample is collected from 850 households (Malta)
and the biggest sample is collected from 5364 households (Greece). The total number of
households considered in the analysis is 35,957, of which 10,150 declare energy poverty
in the first wave of the observation period. Although the EU-SILC longitudinal data are
available for more than 25 European countries, we account only for the countries which
reported more than 100 energy-poor households in 2015.

Figure 1 shows the frequency distribution of categorical variables for 10,150 house-
holds classified as energy poor in 2015. Statistics for the first and the last survey period
are compared, the difference measured in percentage points is provided in the last column.
In the heatmap, the more intense color corresponds to the highest frequency values. The
share of households that have leaks/damp/and rot in a dwelling, arrears on utility bills,
difficulties with making ends meet, and are income poor in 2015 decreases in 2018. Those
households are mostly represented by medium-sized families with middle-aged members
with secondary education. Surprisingly, the majority of energy-poor households are not
classified as the poor in terms of their income. The share of owners is quite high, whereas
the economic status is almost equally distributed among employed, professionally inactive,
and retired people.

The energy poverty rate is computed based on the ability-to-keep-home-warm indi-
cator. As depicted in Figure 2, Bulgaria, Latvia, and Greece have the highest incidence
of energy poverty. By contrast, Germany, Slovenia, and Czechia have the lowest energy
poverty rate. Figure 3 shows the energy poverty escape rate. The escape rate is calculated
as a share of households that are energy poor in the first wave, but move out of energy
poverty in the last wave. The high escape rate signifies the instability of the phenomenon
in the period of four years. The highest value is noted in Spain and the lowest in Bulgaria.

Table 1 contains descriptive statistics of the energy poverty rate and energy poverty
escape rate for all 17 countries. Overall, the rate of energy poverty decreases in 2018
compared to 2015. The high standard deviation of the energy poverty escape rate indicates
that the values are less concentrated around the mean.
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Our set of variables contains one continuous variable, i.e., equivalized disposable
income. We use this variable to compute the poverty threshold, which is 60% of a national
median equivalized disposable income. The respective boxplot distribution of equivalized
disposable income in 2015 and 2018 is presented in Figure 4. There are no significant
changes in income distribution in 2015 and 2018. Two groups of countries, the ones with
low and high income, can be easily identified. The median value slightly increases from
9262.22 euros in 2015 to 10,008 euros in 2018. As mentioned above, only a small group of
the energy-poor households, i.e., 35.72% in 2015 and 31.86% in 2018, are considered poor
according to the standard poverty measure. This fact could be attributed to the discrepancy
of classifications produced by subjective and objective indicators. In this study, poverty is
included in the model as a determinant of escaping energy poverty.
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Table 1. Descriptive statistics for 17 countries.

Variable/Year
Median Minimum Maximum SD

2015 2018 2015 2018 2015 2018 2015 2018

Energy poverty rate 12.53 8.82 3.87 3.31 41.22 40.3 10.61 10.48
Energy poverty escape rate 66.67 8.34 80.19 18.76

4. Methodology

This study examines the patterns of transition in and out of energy poverty in 17
European countries and identifies the determinants of escaping energy poverty within four
years. The study is conducted in two parts; each part corresponds to the research questions
raised in the introduction. We propose a discrete-time Markov chain (DTMC) model to
analyze the transition probabilities at a specific point in time. The Markov process is a
tool recommended for studying poverty [36] and labor mobility [37]. Ref. [23] applies the
mover-stayer extension of the Markov process in energy poverty analysis. This part is
performed with R using a Markov chain package by Spedicato and Signorelli [38].

We also consider the binomial mixed effect model to identify events that trigger energy
poverty escapes in all 17 countries and to account for a country-specific effect. Our sample
consists of energy poor households from different countries and has a clear hierarchical
structure. To account for a grouping factor, a number of authors recommend to rely on
mixed effect models [39,40]. Additionally, this study relies on a hierarchical clustering
technique that allows classifying countries with regard to transition probability patterns. In
this part, we rely on the lme4 package by [41] and the cluster package [42] in R. Our choice
of tools is partially based on the suggested techniques for longitudinal data analysis [36].

4.1. Markov Chain Model

The analysis draws on a multi-state stochastic model. The Markov process, with some
modifications, is used in similar energy poverty analysis [23]. We specify a DTMC model
as follows:

P(Xn+1 = j|Xn = i, Xn−1 = in−1, . . . , X1 = i1) = P(Xn+1 = j|Xn = i) = Pij (1)

where X1, X2 . . . Xn is a stochastic process of moving across states i and j after the elapse
of a discrete-time (n). We consider two energy poverty classes, S = {S1 = energy poor,
S2 = non-energy poor} and define a transition matrix:

P =

[
P11 P12
P21 P22

]
(2)

where each row sums up to 1. In our model, we rely on two assumptions intrinsic to a
Markov process. The first assumption is that the conditional probability is independent
of the past (Markov property), i.e., we could predict the probability of transitions based
on the information of the present state. The second assumption is that statistical units
of the analysis, i.e., households in our case, are homogeneous [43], meaning that all
observations are moving between states according to the same algorithm. To account
for the differences in transition paths between various countries we build several DTMC
models. The groups of countries are obtained in a hierarchical clustering procedure.
Hierarchical clustering belongs to unsupervised learning methods, in which a bottom-up
approach to group observations is used. To obtain clusters, different measures of distance
between observations can be considered. In our study, we rely on Ward’s minimum
variance criterion that minimizes the total variance within clusters. The results of the
hierarchical clustering are usually presented in a dendrogram. The impact of households’
and countries’ characteristics is considered in the latter part of the analyses.
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4.2. Binomial Mixed Effect Model

To estimate the chance of escaping from energy poverty we consider the regression
function:

Y∗ij = Zijγj + eij (3)

where Y∗ij is the latent variable which represents the observed binary categories: staying (0)
or exiting (1) energy poverty; Zij is the vector of predictors which includes the characteris-
tics of houses and families; γj is the vector of the respective coefficient; eij is an error term.
The subscripts i and j denote a household and a country, respectively.

Since the data have a hierarchical structure, the error term contains both the informa-
tion on individual households and the country’s effects. As a result,

eij = αj + µij (4)

where αj represents countries and µij denotes household heterogeneity. It is assumed that
both terms αj, µij are uncorrelated, which implies that

Var
(
eij
)
= Var(αj) + Var(µij) (5)

Var
(
eij
)
= σ2

α + σ2
u (6)

We assume that αj is randomly distributed and might include country-specific factors.
Consequently, model (3) has a random intercept that represents the variation among the
countries.

5. Results and Discussion

First, we estimate the transition probabilities of moving out and into, as well as staying
in, energy poverty and non-energy poverty states in each country. The results are presented
in Table 2. A one-step transition probability matrix is a collection of all probabilities in a
single step. The persistence of energy poverty can be assessed by the respective retention
rate, i.e., the rate of returning to the same condition in the observed period. Additionally,
the transitioning to energy poverty should be taken into account. The average energy
poverty retention rate in all selected countries is more than 51%; the average probability
of entering energy poverty is 5.4%. Statistics demonstrate that there are slightly more
chances to remain in energy poverty than to escape it. Although, the average probability of
transitioning to non-energy poverty is almost 9 times higher compared to the probability of
moving to energy poverty, yet the high retention rate signifies problems households have
with escaping energy poverty within four years.

Table 2. One-step transition probability matrices for 17 countries.

Country/Transitions Energy Poor to
Energy Poor

Energy Poor to
Non-Energy Poor

Non-Energy Poor to
Energy Poor

Non-Energy Poor to
Non-Energy Poor

BE 0.409 0.591 0.026 0.974
BG 0.970 0.030 0.016 0.984
CY 0.435 0.565 0.124 0.876
CZ 0.524 0.476 0.017 0.983
DE 0.476 0.524 0.018 0.982
EL 0.681 0.319 0.104 0.896
ES 0.321 0.679 0.056 0.944
FR 0.454 0.546 0.031 0.969
HR 0.583 0.417 0.050 0.950
HU 0.499 0.501 0.046 0.954
IT 0.328 0.672 0.086 0.914
LT 0.829 0.171 0.073 0.927
LV 0.478 0.522 0.111 0.889
MT 0.336 0.664 0.054 0.946
PL 0.501 0.499 0.036 0.964
RO 0.692 0.308 0.038 0.962
SI 0.250 0.750 0.031 0.969
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The maximum value of the energy poverty retention rate is noted in Bulgaria (97%)
and the minimum in Slovenia (25%). The results point to striking differences between
European countries. In some countries, energy poverty seems to be unstable in the long
run, whereas in others it is very difficult to escape energy poverty. In line with [23], we
indicate that French households have a higher probability to leave energy poverty than to
stay in it. Our results differ from the conclusions drawn by [22], who claim that the state of
energy poverty in Spain measured by a subjective indicator is more pervasive. According
to our results, and in comparison to other countries of Europe, Spain is better off in terms of
energy poverty persistence. A possible difference results from the measurement technique
used and the data span which—in the case of [22]—is close to the global financial crisis
period that might have an impact on the ubiquity of energy poverty. The distribution of
transition probability is an interesting point to consider in discussing the long-term policy
effects.

Transition paths in groups of countries show some similarities. Based on Table 2, we
group countries minimizing the total within-cluster variance. As demonstrated in Figure 5,
3 distinct groups are identified. The first group consists of 9 countries (Belgium, Croatia,
Cyprus, Czechia, France, Germany, Hungary, Latvia, Poland), while the second (Bulgaria,
Greece, Lithuania, Romania) and the third (Italy, Spain, Malta, Slovenia) of 4 countries
each. The results are robust to alternative k-means clustering technique (Figure A1). The
suggested optimal number of clusters is 3–4. The same groups are obtained in 3-cluster
partitioning.
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Figure 5. Clustering based on transition probability matrices.

Figure 6 presents the distribution of transition probabilities in each group and all
17 countries. The results obtained in Group 1 are close to Europe-17. Several outliers are
identified in this group, such as Croatia, in which the energy poverty retention rate is 58.3%,
and Cyprus and Lithuania, in which the chances to transit into energy poverty are high, i.e.,
12.4% and 11.1%, respectively. Group 1 is also characterized by small overall dispersion,
which means that member countries of this group share a lot of similarities in terms of
their transition probability. Groups 2 and 3 have rather dissimilar distributions, especially
the ones concerning energy poverty transitions. We could say that in Group 2 energy
poverty appears to be more persistent. Furthermore, there is high variability in non-energy
poverty probabilities among countries from Group 2, as shown by the interquartile range.
Countries in Group 3 are better off in terms of energy poverty persistence. By contrast,
movements from non-energy poverty to energy poverty are more intensive in Group 3
than in Group 1.
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Second, we examine the determinants of escaping energy poverty in a four-year time
perspective by building a binomial mixed effect model. In this part, our sample is limited
to household members that declare problems with keeping the home warm in the base
year 2015. Our response variable indicates successful energy poverty escape if a household
changes its status from unable to keep the home warm in 2015 to able to keep the home
warm in 2018. Factors that have an impact on escaping energy poverty are included in
the model, and we also construct several “happy” scenario variables that indicate positive
changes happening to household members in 2018. Positive changes are associated with
getting income, i.e., the change of economic status from being inactive to active or retired,
with renovation, i.e., having no leaks/damp/rot, and with being able to make ends meet
and settle arrears on utility bills in 2018 compared to 2015. Variables indicating favorable
changes are frequently used in modeling poverty dynamics [44,45].

The results of the mixed-effect regression are presented in Table 3. The overwhelming
majority of fixed effect variables are very significant. The age variable is a rare exception.
We observe that good (with no leaks/damp/rot) or renovated buildings, tertiary and
even secondary education, owner tenure status, living in a large family, and employment
significantly increase the probability of exiting energy poverty. Tenants have limited
possibilities to invest in house renovation compared to owners. By sharing a house, large
families can save on energy costs. Poverty, measured by either income-based or subjective
indicators, impedes the ability to escape energy poverty. Young age is positively associated
with the ability to get out of energy poverty. The results also reveal the high significance
of positive changes, particularly of the ability to make ends meet. Our study supports
the evidence provided by [21], that one-person households and old age, among others,
decrease the probability to move out of energy poverty. In addition, the strong impact of
house renovation and employment on the ability to leave energy poverty is also confirmed
by [23]. In our model, the status of a tenant impedes energy poverty escapes. As reported
in the literature, rented housing is usually associated with energy poverty and a wide
range of structural disadvantages [46].
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Table 3. The results of the mixed effect model.

The Fixed Effect Coefficients Estimate Std. Error z Value Pr(>|z|)

(Intercept) −0.343 0.254 −1.353 0.176
Leaks/damp/rot: no leaks/damp/rot 0.487 0.067 7.262 0.000 ***

Tenure status: tenant −0.298 0.061 −4.874 0.000 ***
Poverty: poor −0.313 0.055 −5.708 0.000 ***

Ability to make ends meet: easily 0.800 0.070 11.425 0.000 ***
Age: middle-aged −0.013 0.083 −0.156 0.876

Age: young 0.064 0.115 0.555 0.579
Household size: medium family 0.304 0.058 5.228 0.000 ***

Household size: large family 0.427 0.083 5.166 0.000 ***
Education: secondary 0.107 0.066 1.619 0.106

Education: tertiary 0.260 0.095 2.730 0.006 **
Economic status: inactive −0.358 0.068 −5.297 0.000 ***
Economic status: retired −0.158 0.091 −1.734 0.083 .

Positive changes: become active/retired 0.400 0.088 4.545 0.000 ***
Positive changes: renovation 0.844 0.091 9.287 0.000 ***

Positive changes: able to make ends meet 1.729 0.086 20.000 0.000 ***
Positive changes: settle arrears on utility bills 0.474 0.068 6.925 0.000 ***

Random effects: Variance SD

country (Intercept) 0.8667 0.931

Notes: Significance codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’. Goodness of fit: AIC 10,349.7; BIC 10,479.7.

Figure 7 shows the distribution of varying intercepts across countries, which is a
grouping factor in our model. Consequently, 17 conditional modes of the random effect
are extracted from the model. In general, the distribution of intercepts corresponds to
the hierarchical clustering results conducted on the basis of transition probability paths.
While the majority of countries have a positive value of the intercept, some countries, such
as Bulgaria, Lithuania, Romania, and Greece, stand out. The among-countries standard
deviation of the intercept is 0.93. To test the significance of the country’s random effect, we
use the likelihood-ratio test of the full model (model 2) and the reduced model (model 1),
i.e., the model without country variable. Table 4 shows that adding country random effect
results in a much better model.
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Table 4. ANOVA test of the country’s random effect significance.

Model Parameters AIC BIC Log-Likelihood Deviance Chisq D Pr (>Chisq)

1 17 12,417 12,540 −6191.3 12,383
2 18 10,350 10,480 −5156.8 10,314 2068.9 1 0.000 ***

Notes: Significance codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’.

The country’s random effect could be attributed to geographical factors, such as
climate, a level of socio-economic development, and a degree of urbanization, which play
a non-negligible role in energy poverty persistence [20].

Not all 17 countries contain variables that might be useful for the analysis. To estimate
the significance of some missing variables, such as regions (DB040), degree of urbanization
(DB100), dwelling type (HH010), year of contract or purchasing or installation (HH031),
and a number of rooms (HH030), we include these variables and shrink the number of
countries in a dataset to 14. We exclude Germany, Slovenia, and Latvia, reducing the total
number of observations by 5.6%. The new dataset consists of 9573 households. The results
of the mixed model for 14 countries are presented in Table A1. The second mixed effect
model has two grouping factors, i.e., country and region. Except for the new installation,
the added variables carry small or negligible significance. The among-regions standard
deviation of the intercept is 0.49. We apply the same test of the random effect significance.
This time, we exclude the region variable from the reduced model. The ANOVA output
provides evidence that including regions would significantly improve the model (Table A2).
However, we should account for the low representation in the vast majority of regions,
which might distort the results. In light of the above arguments, we conclude that the
initial set of countries and variables provides a good fit to the model.

6. Conclusions

This study focuses on the persistence of energy poverty in 17 European countries by
considering the transition probability paths of households in each country. We rely on
the latest available longitudinal data from the EU-SILC, waves 2015–2018, and use the
subjective energy poverty indicator, which is the ability to keep homes warm. This indicator
allows for applying a uniform approach to measuring energy poverty in countries having
different socio-economic environments. The subjective energy poverty measure does not
require additional assumptions or thresholds tuning. The persistence of energy poverty
is understood as a probability of staying in the same condition in 4 years. Following the
DTMC process, we discover three groups of countries that have similar patterns of moving
in and out of two states: energy poverty and non-energy poverty. The grouping results are
robust to alternative k-means clustering.

The analysis helps to understand the dynamics of energy poverty in 17 countries. The
results suggest that households in some countries face serious problems in transitioning
from energy poverty. For example, in a group of Bulgaria, Greece, Lithuania, and Romania,
we observe the highest energy poverty retention rate compared to other groups. On
average, the chances to remain in energy poverty in this group equal 80%, which signifies
that the situation is close to the energy poverty trap. By contrast, in the group of Italy, Malta,
Spain, and Slovenia, the average probability of moving out of energy poverty (31%) is the
lowest among all groups. The average retention rate of energy poverty in the remaining
countries (48.4%) is close to the European average results (51.5%). The high value of the
interquartile range of the energy poverty retention rate (72%) points to a great disparity
between countries in terms of energy poverty persistence. The lack of cohesion within the
European countries and a clear division into groups should be further considered in the
European region and energy poverty policy.

The study also examines the factors that trigger energy poverty exits in a 4-year time
perspective in households classified as energy poor at the beginning of the observation
period. This part of the analysis is based on a dataset consisting of 10150 observations
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from all countries. Regression results from the mixed effect model reveal a strong effect
of the among-country varying intercept. The determinants of escaping energy poverty
include, e.g., housing conditions, poverty, employment, education, and tenure status. Most
variables have a high significance. Young age, ability to make ends meet, and higher
education are positively associated with the chances to exit energy poverty. Poverty and
renovation of the building are the positive changes that exert the greatest impact on the
chances to escape energy poverty. Policy makers may consider the key determinants of
escaping energy poverty in formulating policies aimed at energy poverty alleviation.

We would like to convey several messages to policy makers. First, the level of energy
poverty computed for each country should be accompanied by persistence analysis. In
a four-year period, in many countries energy poverty is not a stable state, whereas in
others the situation is almost a trap. The persistence of energy poverty determines policy
mechanisms. Second, we suggest relying more on short-term policy actions and preventive
measures in countries where energy poverty is less persistent. For example, short-term
actions might include houses renovation and raising public awareness, etc. In countries
where energy poverty is hard to escape, long-term strategies and complex policies improv-
ing socio-economic situation, i.e., employment and taxation, should be a priority. Short-
and long-term policies should be combined in both cases. Third, the regional disparity
between European countries point to a lack of cohesion within the EU. Some countries,
such as Greece, Bulgaria, Lithuania, and Bulgaria, are much worse off when it comes to
the persistence of energy poverty. EU regional policy is one of the instruments suitable to
tackle the issue. Fourth, we identify the determinants of energy poverty escapes common
to energy-poor households from all analyzed countries. Demographic, technical, and
socio-economic factors are the drivers in escaping energy poverty, which suggests common
EU policy. EU-wide policies aimed to improve these factors can be effective in combating
energy poverty in all countries. Fifth, the dynamics of energy poverty should be monitored
on a regular basis as it offers a valuable insight into the effectiveness of the respective
policies and provides a forward-looking policy perspective.

The limitation of this analysis is related to the availability of data. Although the
EU-SILC is harmonized across many European countries, there are differences in datasets.
In order to conduct the mixed-effect regression analysis, we have to select countries that
contain more than one hundred energy-poor households in the initial period, which also
limits the number of countries. Further studies on this topic may include the analysis of
energy poverty profiles and the determinants of escaping energy poverty in each country.
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Table A1. The results of the mixed effect model for 14 countries (with additional variables).

Fixed Effects Coefficients: Estimate Std. Error z Value Pr (>|z|)

(Intercept) −0.434 0.300 −1.449 0.147
Leaks/damp/rot: no leaks/damp/rot 0.497 0.073 6.824 0.000 ***

Tenure status: tenant −0.306 0.067 −4.541 0.000 ***
Poverty: poor −0.348 0.059 −5.941 0.000 ***

Ability to make ends meet: easily 0.768 0.074 10.370 0.000 ***
Age: middle-aged −0.080 0.087 −0.928 0.353

Age: young −0.013 0.120 −0.109 0.914
Household size: medium family 0.352 0.063 5.636 0.000 ***

Household size: large family 0.375 0.090 4.159 0.000 ***
Education: secondary 0.164 0.070 2.332 0.020 *

Education: tertiary 0.421 0.104 4.062 0.000 ***
Economic status: inactive −0.354 0.071 −4.961 0.000 ***
Economic status: retired −0.212 0.095 −2.224 0.026 *

Degree of urbanization: intermediate area −0.091 0.074 −1.234 0.217
Degree of urbanization: thinly populated area 0.159 0.078 2.046 0.041 *

Dwelling type: blocks of flats 0.014 0.069 0.197 0.844
Number of rooms: up to 4 rooms −0.119 0.070 −1.703 0.089 .

Number of rooms: more than 4 rooms −0.021 0.079 −0.271 0.787
Positive changes: become active/retired 0.408 0.093 4.395 0.000 ***

Positive changes: renovation 0.818 0.097 8.394 0.000 ***
Positive changes: able to make ends meet 1.784 0.091 19.635 0.000 ***

Positive changes: settle arrears on utility bills 0.509 0.072 7.018 0.000 ***
Positive changes: new installation 0.333 0.077 4.317 0.000 ***

Random effects: Variance SD

region (Intercept) 0.2489 0.4989
country (Intercept) 0.8714 0.9335

Notes: Significance codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’. Goodness of fit: AIC 9560.2; BIC 9739.3.
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Table A2. ANOVA test of the region’s random effect significance.

Model Parameters AIC BIC Log-Likelihood Deviance Chisq D Pr (>Chisq)

1 24 9687.4 9859.4 −4819.7 9639.4
2 25 9560.2 9739.3 −4755.1 9510.2 129.24 1 0.000 ***

Notes: Significance codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’.
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