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Abstract 

Families that cannot afford basic energy amenities are considered to live in energy poverty. Socioeconomic 

and environmental factors such as income inequality, building inefficiency, and climate change exacerbate this 

condition. This study proposes an innovative composite index that measures vulnerability by combining four 

different aspects of vulnerability: building, climatic, social, and economic. The regional composite index 

incorporates sub-indexes such as household income, residential energy cost, and housing characteristics to 

map the areas affected mostly by energy poverty. Official data from sources such as Hellenic Statistical 

Authority (ELSTAT) and Eurostat is used to establish these indicators. To assign objective weights to the 

various criteria, the study employs the entropy-weighted technique. This ensures that the research accurately 

represents regional vulnerability levels. The findings highlight significant regional disparities, with Eastern 

Macedonia and Thrace showing the highest levels of vulnerability while Attica exhibits the lowest. By providing 

decision-makers with a helpful tool, this composite metric seeks to address the structural and immediate causes 

of energy poverty while also helping policymakers develop targeted policies and initiatives. 
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1. Introduction 

An additional aspect of poverty, known as “energy 

poverty,” poses difficulties for today's societies [1]. 

Since 2010, scientists and decision-makers have been 

systematically addressing energy poverty [2]. The 

inability of a household to afford an adequate level of 

thermal comfort in their homes is referred to as 

“energy poverty” [3]. Climate change also affects the 

extent of energy poverty [4]. Therefore, ensuring 

adequate levels of cooling inside dwellings is 

considered crucial, especially in regions of Southern 

Europe that are faced with high temperatures, 

particularly during the summer season, threatening 

both the health of citizens and the general level of 

well-being [5]. 

There are significant differences in the prevalence 

of energy poverty across Europe [6]. Of all Member 

States, the countries of Eastern and Southern Europe 

are at the top when it comes to energy poverty [7]. 

Lower disposable income and high unemployment 

rates are exacerbating the problem in southern 

Europe [8] and [9]. In particular, declining household 

income during the financial crisis led to increased 

vulnerability as severe austerity measures were 

enforced [10]. The COVID-19 pandemic and the 

energy crisis resulting from the conflict between 

Russia and Ukraine led to an increase in energy 

poverty [11]. In the wake of the energy crisis, energy 

prices rose significantly, which led to an increase in 

energy costs [12]. The proportion of people unable to 

adequately heat their homes increased by 20% in the 

first year of the COVID-19 pandemic [13]. In 

response, several EU states have taken measures to 

reduce energy poverty and support low-income 

households in the wake of COVID-19 and during the 

2021-2022 energy crisis [14].  

Therefore, the level of energy poverty is directly 

related to the economic stability of society and is 

influenced by the distribution of energy expenditure 

and the financial resources available to the 

population [15]. Most studies conducted in Greece 

mainly used simple objective or subjective measures 

to quantify the extent of energy poverty at the 

national level [16] and [17]. A few researchers have 

also focused on studying the socioeconomic 

characteristics of energy-poor households at national 

and regional levels [18]. 
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In Greece, energy poverty is reinforced by several 

socio-economic determinants such as disposable 

income, educational level and the demographic 

composition of household members. It is estimated 

that approximately 10% of households face chronic 

energy deprivation [18]. Furthermore, in literature 

studies highlight the social dimension of energy 

poverty with significant inequalities recorded among 

vulnerable population groups with limited access to 

economic resources and burdened health conditions 

[19]. Vulnerability to energy poverty is more acute, 

in the mountainous areas of Greece which is 

attributed to the degraded and poorly upgraded 

building stock, increased energy cost and 

inadequately efficient heating systems, resulting in 

energy poverty levels that exceed the national 

average [20]. Energy poverty mainly affects the 

elderly population of Greece who face more 

difficulties in paying utility bills, highlighting the 

need for the adoption of targeted strategies aimed at 

this demographic group [21]. To improve the quality 

of life of Greek households and achieve the 

sustainable goal of equal access to green and 

affordable energy, it is necessary to strengthen 

Community energy initiatives [22]. Since until 

recently no composite measure has been proposed to 

quantify vulnerability levels at a smaller spatial scale 

beyond the national level, this point highlights a 

significant gap in the literature. While most existing 

research has focused on national-level assessments or 

household-level determinants, few studies have 

attempted to analyze regional disparities of the 

energy poverty vulnerability through the construction 

of composite indexes [23][24] and [25]. To provide a 

comprehensive tool to capture, track, and assess 

Greece's vulnerability over time, this study proposes 

a novel composite indicator. Its main advantage is the 

possibility of identifying areas that are more likely to 

be negatively affected by the phenomenon and suffer 

from energy deprivation. In addition, it serves as a 

useful decision-making tool, allowing decision-

makers to propose targeted mitigation and adaptation 

plans in areas where vulnerability is increasing.  

The main objective of the present study is to fill 

the gap identified in the existing literature by: (a) 

constructing a composite and innovative index that 

captures the spatio-temporal dynamics of energy 

poverty in Greece; (b) identifying regions where 

vulnerability levels increase or decrease over time; 

and (c) formulating evidence-based policy 

recommendations to mitigate the adverse impacts of 

energy poverty. 

 

2. Literature Review 

Vulnerability to energy poverty is influenced by 

several factors [26]. These variables include, among 

others, income, energy costs, and whether household 

members live in apartments that have not been 

energy-efficiently modernized [27] and [28]. In 

addition, since some population groups such as the 

elderly, children, renters, single parents, etc. are 

naturally more vulnerable than others, 

socioeconomic and demographic factors also 

contribute to and shape the level of vulnerability 

[29][30] and [31]. The location of the apartment 

should be considered [29]. Rural areas are naturally 

more vulnerable due to aging building stock, energy-

inefficient housing, and limited access to modern 

energy resources [32] and [33]. 

The extent of energy poverty is determined 

primarily by two methods: (a) the energy expenditure 

approach, which is an objective approach, and (b) the 

consensual approach, which is a subjective approach 

[34]. In the first case, the distribution of energy 

expenditure in relation to disposable income is 

examined [35]. Households are classified as energy 

poor if the ratio of energy expenditure to income 

exceeds a predefined threshold [36]. By considering 

qualitative factors, drawn mainly from European 

surveys (EU-SILC) that capture participants' 

attitudes and perceptions regarding the level of 

energy deficiency they observe in their homes, the 

subjective approach assesses energy poverty levels 

[37]. The simplicity of calculation is the main 

advantage of using objective measurements [38]. The 

expenditure approach has been used in several 

studies to calculate the extent of fuel poverty. The 

arbitrary use of the threshold without documentation 

is the main disadvantage of the objective method for 

estimating energy poverty in a region [39]. 

Subjective methods have the advantage of 

enabling comparative analyses between the areas 

under consideration [40]. Since this data collection 

method relies on questionnaire surveys, its main flaw 

is exclusion bias [41]. Therefore, individuals often 

conceal their actual situation to avoid being classified 

as energy poor [42]. Many scholars argue that using 

single metrics to measure the extent of energy 

poverty does not adequately capture all facets of the 

problem due to its complexity [13] and [14]. 

Composite measures address the issues posed by 

previous measurement techniques and should be used 

to measure and analyze the extent of energy poverty 

[41] and [43]. A composite indicator was developed 

to measure the extent of energy poverty in the Italian 

provinces [44].  
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To estimate vulnerability levels, the proposed index 

considered the characteristics of the building stock, 

energy prices and household disposable income. 

Similarly, to capture the complexity of energy 

poverty and measure the level of vulnerability in 

European countries, a composite index was proposed 

that considered factors such as the lack of natural 

light, household financial distress, thermal comfort, 

and the home's energy efficiency [45]. To assess the 

vulnerability levels of Irish households to energy 

poverty, a composite index consisting of ten sub-

indices categorized into three thematic dimensions 

household composition, building characteristics, and 

dwelling heat demand was developed [46].  

In Poland, a composite index was created to 

determine the vulnerability of households to energy 

poverty. This index combined objective and 

subjective measurements to assess the extent of 

energy poverty. The data required to construct this 

index came from the Household Budget Survey and 

the European Union Survey of Household Income 

and Living Conditions [47]. Additionally, the policy 

dimension, which captures European-level measures 

to reduce energy poverty, was integrated into the 

composite metric to estimate vulnerability levels 

[48]. Policy dimension refers to a series of actions for 

the alleviation of energy poverty. These interventions 

can be categorized as either short-term, which 

include allowances for low-income households to 

cover their basic energy needs, or long-term, which 

encompass energy retrofit programs aimed at 

upgrading the housing sector and increasing the 

penetration of renewable energy sources to ensure 

affordable energy for all citizens [49]. 

 

3. Material and Methods 

3.1 Study Area 

Greece is divided into 13 regions corresponding to 

NUTS 2 level and 51 prefectures corresponding to 

NUTS 3 level according to the classification 

proposed by Eurostat [50] as illustrated in Figure 1. 

Greece covers an area of 132000 sq. km, and its 

population is estimated at 10,500.000 inhabitants. 

More than 30% of the total population of the country 

resides in the region of Attica and almost 20% resides 

in the Region of Central Macedonia. In total, the 

population of these two regions accounts for more 

than 50% of the country's population [51]. 

 

3.2 Construction of a Composite Indicator for the 

Assessment of Regional Energy Poverty 

Vulnerability 

The creation and use of composite indicators has 

become increasingly common in the global literature 

in recent years [52]. They can be useful evaluation 

and decision-making aids and can help ensure that the 

comparative analysis and classification of the spatial 

units under consideration is successful [53].  
 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

Figure 1: Administrative boundaries of Greece’s Regions 
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A theoretical framework that serves as a basis for 

measuring the phenomenon under consideration 

should consider dimensions that are either directly or 

indirectly related to it [54]. To study the 

multidimensional nature of vulnerability in the 

Selangor region of Malaysia, a composite index was 

proposed by [55]. Figure 2 shows the basic 

procedures for creating the Composite Regional 

Energy Poverty Vulnerability Index. This systematic 

approach provides a comprehensive framework to 

detect energy poverty at the regional level. The 

assessment of regional vulnerability to energy 

poverty (REVPOV) starts with the definition of 

vulnerability and the identification of factors that 

exacerbate it. The most important indicators are 

chosen across four thematic fields: Economic, 

Building, Social, and Location & Climatic. The list 

of indicators that capture different aspects of 

vulnerability is presented in Table 1.  

Furthermore, analytical techniques, including 

outlier identification using the Interquartile Range 

(IQR) method and normalization with the Min-Max 

approach, are implemented on the set of indicators 

during the data processing. Weights are assigned to 

the selected indicators according to the Shannon 

Entropy approach. The weighted indicators are 

combined using a linear weighted average method to 

generate composite sub-indicators for each 

dimension. In the end, these composite sub-

indicators are merged into an overall composite index 

(REVPOV), which operates as an integrated tool for 

evaluating vulnerability levels across time and space. 

 

3.3 Selection of Indicators 

Official databases (ELSTAT, Eurostat and OECD) 

provide data that quantify and track the extent of 

regional vulnerability to energy poverty over time. 

Table 1 presents the indicators used to assess the 

level of vulnerability in the regions of Greece. Due to 

the lack of data at intra-regional level (NUTS 3), the 

composite indicator was structured at regional level 

(NUTS 2). Table 1 provides an overview of the four 

thematic dimensions that capture the 

multidimensional nature of energy poverty 

vulnerability. Specifically, the Economic Dimension 

encompasses indicators that reflect the economic 

hardship of the population. Among these indicators, 

disposable income (DHINCC) is one of the most 

important factors. As income decreases, the 

likelihood of a household to face energy deprivation 

rises [56]. Income-poor households (AROP) are 

more likely to experience energy deprivation 

conditions as they lack the financial capacity to cope 

with potential increases in energy prices [57]. 

Similarly, unemployed households (UNER) are 

prone to energy insecurity due to limited income 

resources [58]. Gross Domestic Product (GDPC) 

serves a proxy indicator of a region’s economic 

growth; a decline in GDPC increases the risk of 

transitioning into energy poverty [18]. Lastly, 

income inequality (INCDIS) is a crucial factor that 

exacerbates energy poverty by increasing the income 

gap between socio-economic groups [59]. The 

Building Dimension brings together indicators whose 

presence or absence can exacerbate the levels of 

energy poverty vulnerability. 
 

 
Figure 2: Regional vulnerability to energy poverty study workflow 
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Table 1: List of indicators included in the construction of the composite indicator 
 

Dimension of 

Vulnerability 
Description of sub-indexes Abbreviation Unit 

Impact on 

Vulnerability 
Data Sources 

Economic 

Dimension 

Disposable household 

income per capita 
DHINCC pps/cap Negative impact EUROSTAT 

Gross domestic product per 

capita 
GDPC pps/cap Negative impact EUROSTAT 

Unemployement rate UNER % Positive impact EUROSTAT 

High share of energy 

expenditures 
HSENEXP         % Positive impact ELSTAT 

Income inequality INCDIS % Positive impact EUROSTAT 

At risk of poverty rate AROP % Positive impact EUROSTAT 

Building  

Dimension 

Detached dwellings DTCH % Positive impact ELSTAT 

Average size of dwellings 

over 100 m2 
ASIZE % Positive impact ELSTAT 

Construction period 

before 1980 
CONST % Positive impact ELSTAT 

Households equipped with 

wood stoves for space 

heating 

STOVHEAT % Positive impact ELSTAT 

Energy Performance 

Certificates 
EPC % Positive impact ELSTAT 

Households using LPG 

appliances for cooking 
LPGSTVE % Positive impact ELSTAT 

Social Dimension 

Households with 5 or more 

members 
MEMB % Positive impact ELSTAT 

Single-parent households SINGPA % Positive impact ELSTAT 

Households of elderly 

persons 
ELDHH % Positive impact ELSTAT 

Low educational attainment LEDU % Positive impact ELSTAT 

Tenant households TENTH % Positive impact ELSTAT 

Part time employment 

incidence 
PTEMP % Positive impact OECD 

Location  & 

Climatic 

Dimension 

Population Density POPDEN Pop/km2 Negative impact ELSTAT 

Household density RUR_HH % Positive impact ELSTAT 

Climatic risk CLIMRISK 
Degree 

days 
Positive impact OECD 

Number of days with strong 

heat stress (>38℃) 
HEATSTR 

Number 

of days 
Positive impact OECD 

 

The age of the dwelling (CONST) is a crucial 

parameter that enhances the risk of a household 

experiencing energy deprivation, as it is associated 

with the energy efficiency and the living conditions 

inside the dwelling [60]. The size of the dwelling 

(ASIZE) can influence the residential energy cost, 

leading many households to not ensure adequate 

heating and cooling conditions inside their dwelling 

[61]. Households using wood stoves for heating 

(STOVHEAT) and LPG for cooking (LPGSTVE) are 

more prone to experiencing energy poverty due to the 

lack of access to modern and environmentally 

friendly sources of energy [62]. Low energy-efficient 

dwellings (EPC) are more vulnerable to energy 

poverty as they record increased energy consumption 

levels compared to energy-upgraded dwellings 

[63]. The presence of detached households (DTCH) 

is a crucial factor that increases vulnerability to 

energy poverty, as it is associated with higher levels 

of material deprivation [64]. The Social Dimension 

includes indicators that capture the vulnerability of 

the population to energy poverty. Large households 

(MEMB) are by nature more vulnerable to 

experiencing energy deprivation as their energy 

expenditures increase significantly [65]. Single-

parent households (SINGPA) are unable to cope with 

unforeseen expenditures due to their limited financial 

resources [61]. 
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Households of elderly people (ELDHH) are prone to 

energy poverty as they spend most of the day inside 

the dwelling, so a large share of their income is spent 

on ensuring adequate levels of heating and cooling 

[66]. Households living in rental properties (TENTH) 

cannot afford to carry out substantial and long-term 

interventions inside the dwellings (changes to the 

heating system, energy efficiency upgrades, etc.) 

[58]. People with a low educational attainment 

(LEDU) are vulnerable, as their income is inadequate 

to cover energy costs, and they also lack the capacity 

building to adopt sustainable energy-saving practices 

[65]. Residing in job-insecure households (PTEMP) 

is a crucial parameter to consider while approaching 

the issue of energy poverty, as they experience 

economic hardship due to their constrained income 

[67]. 

The Location and Climatic Dimension 

incorporate a set of determinants used to quantify the 

vulnerability. Population density (POPDEN) is a 

parameter used in the assessment of vulnerability 

levels [68]. A higher risk of energy poverty is linked 

to lower population density levels. The percentage of 

the population residing in rural areas (RUR_HH) 

exhibits higher vulnerability to energy poverty due to 

limited access to modern energy resources [69]. The 

climate risk indicator (CLIMRISK) incorporates the 

number of days when heating and cooling of 

dwellings is required [70]. The heat stress index 

(HEATSTR) captures the number of days where the 

temperature exceeds 38℃. The higher the values of 

this indicator, the higher the risk of energy poverty 

[71]. 

 

3.4 Data Treatment and Selection of Normalization 

Method 

When dealing with missing values in the pre-

processing phase of the indicators, we follow the 

methodology of [72]. We also examine the presence 

of outliers at the high and low ends of the variable 

distribution. The interquartile range (IQR) method is 

used to detect outliers [73]. The construction of the 

composite index to assess vulnerability levels to 

energy poverty in Greece was conducted at the 

NUTS-2 level (regional scale). Until now, most 

studies in Greece have not focused on the 

geographical dimension of the phenomenon, despite 

its recognition in the existing literature. The study 

aims to map the levels of vulnerability to energy 

poverty to highlight the uneven geographical 

distribution of the phenomenon. Most of the 

indicators covering aspects of the multidimensional 

nature of vulnerability to energy poverty are derived 

from the ELSTAT’s Annual Family Budget Survey 

(HBS), which provides data at the NUTS-2 level.  

This constitutes the main limitation of this study, as 

it fails to capture the intra-regional disparities. These 

disparities are represented at the NUTS-3 scale, 

where the Eurostat typologies adopted by Member 

States are typically applied. Nevertheless, the 

analyses carried out at the regional level are 

considered crucial for the design and development of 

effective strategies to address energy poverty. Table 

2 illustrates the outliers and extreme values for all 

sub-indicators that form the composite indicator for 

assessing energy poverty vulnerability for the study 

period (2018-2020). We replace the outliers at the top 

and bottom of the sub-indicator distribution with the 

values of the upper and lower outer bounds, 

respectively, to reduce statistical noise. The 

indicators were normalized using the min-max 

normalization technique [74]. Applying this 

normalization technique has several advantages. The 

most important are their ease of use, their ability to 

preserve the relationship between the original data 

and their ability to perform comparative analyzes 

between the spatial units considered [72]. In order to 

take both positive and negative criteria into account 

in the calculation, the min-max method was modified 

[49]. To facilitate cross-time comparisons, we set the 

maximum value for each sub-index in the 

normalization phase as the highest value of all spatial 

units considered for the analysis period (2018-2020). 

To determine the lowest value, we used a similar 

procedure [46]. 

 

Normalize the sub-indicators that positively affect 

vulnerability levels using Equation 1: 

 

( )
( ) ( )( )

min
100

max minpos

ij j ij

ij

j ij j ij

X X
r

X X

 −
=  

−    
Equation 1 

 

Normalize the sub-indicators that negatively affect 

vulnerability levels using Equation 2: 

 

( )

- min ( )
1 100

max ( ) - min ( )neg

ij j ij

ij

j ij j ij

X X
r

X X

 
= −  
    

Equation 2 

 

Where:  

    rij(pos) =  The normalized value of the indicator  

                  positively impacts vulnerability 

    rij(neg) = The normalized value of the indicator  

                  negatively impacts vulnerability 

minj(Xij) = The indicator's minimum value  

                  corresponds to criterion j 

maxj(Xij)= The indicator's maximum value    

                  corresponds to criterion j 
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Table 2: Presentation of outliers per indicator for the investigation period 2018 to 2020 
 

Thematic Dimensions/sub-

indexes 

Outliers Lower Bound (LB) & Upper Bound (UB) 

2018 2019 2020 

Economic 

Dimension 

DHINCC Non outlier detected Non outlier detected Non outlier detected 

GDPC 
Attica-UB (27400 

pps/cap) 

Attica-UB (28300 

pps/cap) 

Attica-UB (25700 

pps/cap) 

UNER Non outlier detected Non outlier detected 
Peloponnese-LB 

(11.4%) 

HSENEXP Non outlier detected Non outlier detected Non outlier detected 

INCDIS Non outlier detected Non outlier detected Non outlier detected 

AROP Non outlier detected Non outlier detected Non outlier detected 

Building 

Dimension 

DTCH Attica-LB (12.1%) Non outlier detected Non outlier detected 

ASIZE Non outlier detected Non outlier detected Non outlier detected 

CONST Non outlier detected Non outlier detected Non outlier detected 

STOVHEAT 
East Macedonia & 

Thrace-UB (30.1%) 
Non outlier detected Non outlier detected 

EPC Non outlier detected Non outlier detected Non outlier detected 

LPGSTVE Non outlier detected Non outlier detected Non outlier detected 

Social 

Dimension 

MEMB Non outliers detected Non outliers detected 
Attica-LB (5.4%); 

Crete-LB (5.3%) 

SINGPA Non outliers detected Non outliers detected Non outliers detected 

ELDHH 
Ionian Islands-UB 

(24.2%) 

Ionian Islands-UB 

(32.8%) 

Ionian Islands-UB 

(28.6%) 

LEDU Attica-LB (17.2%) Non outliers detected Attica-LB (13.3%) 

TENTH Non outliers detected Non outliers detected Non outliers detected 

PTEMP Non outliers detected Non outliers detected Non outliers detected 

Location/ 

Climatic 

Dimension 

   POPDEN 
Attica-UB (984.6 

Pop/km2) 

Attica-UB (981.2 

Pop/km2) 

Attica-UB (980.3 

Pop/km2) 

RUR_HH Non outliers detected Attica-LB (1%) Non outliers detected 

CLIMRISK Non outliers detected Non outliers detected Non outliers detected 

HEATSTR Non outliers detected Non outliers detected Non outliers detected 
 

Note: The interquartile range (IQR) method is used to detect possible outliers. The presence of outliers and extreme 

values could negatively influence the calculation process of the composite indexes. To avoid this misinterpretation, 

we replaced extreme values with the corresponding lower or upper bound to maintain statistical consistency and 

ensure comparability across regions. This capping technique minimizes distortion in the vulnerability assessment 

while retaining meaningful variation among regions. 

 

3.5 Shannon’s Entropy Weighted Method 

Using the entropy-weighted method, weights are 

assigned to the relevant criteria according to the 

extent of their diversification [75]. The degree of 

diversification increases with the variance of the 

values in the criteria examined [76]. In this case, the 

criterion examined has a higher weight [77]. This 

weighting technique was chosen due to its objective 

results, which are insensitive to disagreements 

between decision makers involved in the process 

[78]. Shannon’s objective method of entropy is 

extensively used in the construction of composite 

indices, as it offers several advantages over both 

objective and subjective weight assignment methods 

[79]. A key advantage of the method is its ability to 

assign greater weights to criteria that exhibit higher 

variance by utilizing the information contained in the 

data itself [80].  

Moreover, unlike the equal weighting (EW) method, 

which assigns equal weights to each criterion, 

Shannon’s method allows for a deeper understanding 

of the differences between decision-making units 

(DMUs) [81]. The main advantage of the entropy 

method over the objective Benefit-of-the-Doubt 

(BoD) method lies in its computational simplicity 

and the assignment of common weights to all DMUs, 

which facilitates comparative analysis [81]. Finally, 

the comparative advantage of the entropy method 

over the subjective Analytical Hierarchy Process 

(AHP) is found in its elimination of the need for 

expert judgment in assigning weights to criteria, 

making it simpler to implement and more suitable 

when quantitative criteria are being weighted [82]. 

We discuss the five implementation stages of the 

method below [77]: 
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Step 1: Building the matrix of “criteria-alternatives” 

for the multi-criteria problem using Equation 3: 

 

11 1

1

n

m mn

X X

X X

 
 
 
 
   

Equation 3 

Where:  

      Xmn = The value of the indicator in relation to  

                  region (n) and criteria (m). 

 

Step 2: Normalize the criteria according to the way 

they positively or negatively impact the multi-criteria 

problem: 

 

Normalizes the criteria that have a positive impact on 

the multi-criteria problem using Equation 4: 

( )( )
max

ij

ij pos

j ij

X
s

X
=

 
Equation 4 

 

Normalizes the criteria that negatively impact the 

multi-criteria problem Equation 5: 

( )
( )

min j ij

ij neg

ij

X
s

X
=

 
Equation 5 

 

Where: 

        sij(pos) = The normalized value of the indicators  

                     has a positive impact on the multi- 

                     criteria problem 

        sij(neg) = The normalized value of the indicators  

                     has a negative impact on the multi- 

                     criteria problem 

   minj(Xij) = The minimum value of the indicator  

                     corresponds to criterion j 

  maxj(Xij) = The maximum value of the indicator  

                     corresponds to criterion j 

 

Step 3: Calculating the ratio Rij using Equation 6: 
 

1

ij

ij n

iji

s
R

s
=

=


 

Equation 6 

Where:  
    Rij = Divide the normalized index  

    Sij = The normalized values of criteria j 

 

Step 4: Determine the entropy using Equation 7: 
 

( )( )1
ln

n

nj ij iji
E Y R R

=
= −   

Equation 7 

 

Where: 

      Enj =The entropy coefficient takes values from  

               the closed interval [0, 1] 

        Y = 1/ln(n) where (n) corresponds to the set of  

               spatial units considered 

 

Here, a simplifying assumption to streamline the 

mathematical calculation. More precisely, when 

calculating entropy coefficient Enj, if Rij = 0 it is 

assumed that both Rij ×ln(Rij) = 0 

 

Step 5: Calculation of the degree of deviation (Divj) 

and weighting of the criteria (Ewj) using Equations 8 

and 9, respectively: 

 

Divj = |1 - Eij| 

Equation 8  

Where: 

     Divj = The degree of differentiation of the criteria 

(j) involved in the multi-criteria problem: 

 

1

j

j n

j

i

Div
Ew

Div
=

=


 

Equation 9 

Where: 

      Ewj = The weight corresponding to criterion j 

 

3.6 Aggregation Method for the Synthesis of Regional 

Composite Indicator 

Combining the normalized and weighted sub-

indicators that help measure the phenomenon is the 

final step in creating composite indicators. Each 

analyst comes to a different conclusion depending on 

the method chosen [83]. This study uses the linear 

aggregation technique to create the composite 

regional index that measures the degree of 

vulnerability to energy poverty [84]. From the 

weighted average of the normalized indicators 

categorized in each topic dimension, we derive the 

four composite indicators. The arithmetic mean of the 

four composite indicators serves as the basis for our 

overall assessment of the vulnerability level, since in 

our opinion each dimension contributes equally to the 

final vulnerability level. The overall composite 

regional energy poverty vulnerability index is 

expressed in Equation 10:  

 

 
1

4
c c c c cREVPOV ECOVUL BUILDVUL SOCVUL LOCLIMVUL=  + + +

 
Equation 10 

Where: 

        REVPOVc = The arithmetic mean that represents  

                             a region's c overall vulnerability to  

                             energy poverty 
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The classification methodology used to map the 

vulnerability levels of the four composite indicators 

SOCVUL, BUILDVUL, ECOVUL, and 

LOCLIMVUL each capturing different dimensions 

of the multidimensional energy poverty, as well as 

for the overall index of REVPOV, is based on the 

equal interval approach. This classification scheme 

divides the range of attribute values into five equally 

sized classes, ranging from very low to very high 

vulnerability, and has been applied to assess energy 

poverty vulnerability in urban neighborhoods of 

Oberhausen, and can be serve as an effective tool to 

support evidence-based policymaking [85]. 

Moreover, the approach can be generalized to other 

case study areas, including Greece. 

 

3.7 Sensitivity Analysis of Weighting Schemes 

We conducted a simple sensitivity analysis to assess 

the REVPOV's response to changes in different 

weighting schemes [86]. The composite index was 

recalculated using different weight options, such as 

equal weights for the baseline scenario and the 

Shannon entropy weighted method for an alternative 

scenario, and we examined how the scores for each 

DMU, which are the 13 administrative regions of 

Greece, changed. In order to evaluate the sensitivity 

of our composite index we examined the following 

parameters: a) The Mean Absolute Difference 

(MAD) measures the average absolute deviation of 

the composite scores from the baseline scenario and 

provides a straightforward metric for sensitivity b) 

Spearman’s rank correlation coefficient (ρ) was 

calculated to assess the degree of agreement between 

the rankings, and c) rank shifts were analyzed to 

capture the number and magnitude of changes in 

position. 

 

4. Results and Discussion 

Figure 3 presents the weight distribution across four 

thematic axes reflecting the multidimensional aspects 

of vulnerability to energy poverty for the years 2018, 

2019 and 2020.  

 

 
 

Figure 3: Vulnerability weight distributions based on Shannon’s entropy:  

(a) economic vulnerability (b) building vulnerability (c) social vulnerability  

(d) location and climatic vulnerability 
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The objective weighting method prioritizes the High 

Energy Costs (HSENEXP) criterion, assigning it a 

weight of 78% in 2018, establishing it as the main 

factor influencing economic vulnerability 

(ECOVUL) for that year. By 2020, the importance of 

this criterion had decreased, resulting in a reduction 

in its weight by 18 percentage points. We use the 

objective, data-driven Shannon Entropy method to 

determine the weights of indicators. Higher weights 

are distributed to these indicators that present greater 

variability, and therefore, they carry more 

information. The HSENEXP is a dominant criterion 

in our case since the high variance recorded between 

examined regions led to a lower entropy value and 

therefore to greater weight [79]. The criterion for 

assessing the share of the population in poor income 

(AROP) has gained importance over time, with its 

weight increasing to 20% in 2020, a significant 

increase compared to previous years. Throughout the 

three-year period, the criteria for assessing household 

disposable income (DHINCC) and income inequality 

(INCDIS) consistently demonstrated limited validity 

as their weights remained below 5%, indicating a 

small contribution to overall economic hardship. 

 

The Building Vulnerability Assessment Index 

(BUILDVUL) highlights two important factors: 

reliance on energy-inefficient appliances for 

household activities such as cooking and heating, and 

limited access to modern energy resources. In 2018, 

the proportion of households using LPG stoves for 

cooking (LPGSTVE) was 45.5%, while traditional 

use of heating devices such as wood stoves 

(STOVHEAT) was assigned a weight of 37 percent. 

By 2020, STOVHEAT's weight rose by 15 

percentage points, while LPGSTVE's weight fell in 

line with that. The weighting of the construction 

period (CONST) and apartment size (ASIZE) criteria 

remained low throughout and did not exceed 5% in 

any year, which limited their influence on the overall 

vulnerability index. 

 

The Composite Social Vulnerability Index 

(SOCVUL) consistently prioritized the criterion 

related to the proportion of single-parent households 

(SINGPA) across all three years. In 2018, SINGPA 

received a weighting of 55%, making it the dominant 

factor in the index. However, by 2020, its weight had 

declined by 21 percentage points, reflecting a shift in 

the distribution of vulnerability factors. In contrast, 

the weights for the criteria measuring the proportion 

of older households (ELDHH) and renter households 

(TENTHH) increased significantly in 2020, with an 

increase of 30 and 58 percentage points, respectively, 

compared to their values in 2018. The low 

educational attainment criterion (LEDU), on the 

other hand, had a smaller influence on the 

construction of the composite index and contributed 

minimally to the assessment of social vulnerability 

throughout the study period. The results of the 

entropy-weighted method highlight the lower 

influence of the LEDU criterion. This indicator 

exhibited low variation across different regions, 

which means it carries less information and 

ultimately receives less weight [79]. 

 

The Composite Index for Location and Climatic 

Vulnerability (LOCLIMVUL) includes four key 

criteria that measure vulnerability resulting from 

residential location and regional climatic conditions. 

Two criteria cover geographical aspects - population 

density (POPDEN) and the proportion of rural 

households (RUR_HH) - while the other two are 

climate-related and focus on climate risks 

(CLIMRISK) and heat stress (HEATSTR). In 2018, 

the POPDEN criterion was the most influential with 

a weighting of 34%. By 2020, its contribution had 

increased dramatically, increasing by 59 percentage 

points, underscoring the growing importance of 

population density in determining vulnerability. 

Conversely, the CLIMRISK criterion consistently 

contributed less to the overall vulnerability index, 

with its weight remaining below 5% in 2020, 

suggesting that it played a relatively minor role in 

assessing vulnerability over the three-year period.  

 

The composite indicators ECOVUL, BUILDVUL, 

SOCVUL, and LOCLIMVUL capture different 

aspects of vulnerability to energy poverty (Figure 4). 

The values of the composite indicators vary from 0 

(very low vulnerability) to 100 (very high 

vulnerability). Regions recording high values in the 

composite indexes (>80) are depicted in dark red, 

indicating increased levels of vulnerability, while 

areas with low values (<20) are depicted in light red, 

indicating increased resilience. Figure 4 (a) shows the 

spatial distribution of the ECOVUL composite index 

for the year 2018 in the 13 administrative regions of 

Greece. The region of South Aegean records the 

lowest vulnerability (10.5) in contrast to the region of 

Western Macedonia, which shows the highest 

vulnerability (95.1). The high levels of economic 

hardship recorded by the region of Western 

Macedonia are due to increased energy expenditure 

and the unemployment rate, while the contribution of 

other economic factors to the deterioration of 

vulnerability levels is limited. Figure 4(b) shows the 

values of the BUILDVUL index for the year 2018 in 

the 13 regions of Greece. The region of Eastern 

Macedonia and Thrace records the highest levels of 

vulnerability (91.6).
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Figure 4: Energy poverty vulnerability of Greece in 2018 (a) economic vulnerability,  

(b) Social vulnerability, (c) building vulnerability, (d) location and climatic vulnerability 

 

The Attica region has the lowest vulnerability levels 

(7.1) in comparison to the other regions. Factors that 

increase building vulnerability in Eastern Macedonia 

and Thrace include the types of houses and the use of 

outdated energy sources for basic household needs. 

Furthermore, the regions of Sterea Ellada, South 

Aegean, and Central Macedonia exhibit low 

vulnerability. The values of the SOCVUL index are 

depicted in Figure 4(c). Out of the 13 regions of 

Greece, the region of Western Greece is the one that 

shows the highest levels of social vulnerability 

(62.8), while the region of Epirus is the one that 

presents the most improved picture, recording the 

lowest value for the year 2018. The high levels of 

social vulnerability recorded in the regions of 

Thessaly and Western Greece are mainly attributed 

to the increased presence of single-parent households 

and labor insecurity. 

The LOCLIMVUL indicator (Figure 4 (d)) for 

2018 assesses the vulnerability levels in relation to 

location and climatic conditions. The region of 

Peloponnese showed the highest vulnerability (72.3), 

while the region of Attica showed the lowest levels 

of vulnerability (32.5). The main determinants that 

contributed to the strengthening of vulnerability 

levels were population density, heat stress, and the 

households residing in rural areas. 

Urban overheating and climatic risk are crucial 

parameters that significantly exacerbate cooling 

energy demand and increase the energy burden of 

low-income households in Athens [71]. For instance, 

low-income households were found to be more 

vulnerable in excess heating and climatic variations 

since they consume more energy per unit area for 

cooling compared to wealthier households due to 

poor building insulation and lack of cooling systems. 

Moreover, during heatwaves, indoor temperatures in 

such energy deprived households reached critical 

levels, exposing residents to extreme health risks [5]. 

Based on the spatial analysis presented in Figure 5, 

the following observations can be made regarding 

regional disparities in energy poverty vulnerability. 

More specifically, the regions of Eastern Macedonia 

and Thrace (70.8), Sterea Ellada (59.6), Thessaly 

(59.1), and West Macedonia (58.3) showed the 

highest levels of vulnerability, while the regions of 

Attica (26.7), South Aegean (33.7), and Crete (39.7) 

recorded the lowest. The prevalence of vulnerability 

to energy poverty in these regions is mainly due to 

the presence of high vulnerability scores across the 

fοur key thematic dimensions that compose the 

REVPOV. The maximum value is presented in the 

region of Eastern Macedonia and Thrace, which 

geographically belongs to Northern Greece.  

 

(a) (b) 

(c) (d) 
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Figure 5: Spatial distribution of regional energy poverty vulnerability of Greece in 2018 
 

 
 

Figure 6:  Energy poverty vulnerability of Greece in 2019 (a) economic vulnerability,  

(b) social vulnerability, (c) building vulnerability, (d) location and climatic vulnerability 

 

Although social vulnerability (SOCVUL) in this 

region is at medium levels, the combined burden of 

the other dimensions leads to an overall high 

vulnerability to energy poverty (Figure 4). These 

findings confirm the trend recorded in previous 

studies, which point to the increased vulnerability of 

the regions of Northern Greece to energy poverty 

[24] and [25]. In contrast, the island regions of the 

South Aegean and Crete have the lowest values of the 

index, which may be linked to higher employment in 

the tourism sector, milder climatic conditions [50]. 

Figure 6 illustrates the four combined indicators, 

which are added together to create the overall energy 

poverty vulnerability assessment index. More 

specifically, the composite index ECOVUL for the 

year 2019 (Figure 6(a)) assesses the financial distress 

of households in the 13 regions of Greece. The lowest 

levels of vulnerability are recorded in the regions of 

Attica (7.8), South Aegean (7.3), and Crete (9.0).  

 

(a) (b) 

(c) (d) 
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While high levels of vulnerability (>70) are found in 

the region of Western Macedonia, which continues to 

maintain its top position in the ranking of regions in 

Greece. Increased energy expenditure, which is more 

than twice the median national energy expenditure, 

seems to significantly contribute to the final levels of 

economic vulnerability compared to the other 

economic sub-indices. Figure 6(b) shows the spatial 

distribution of the BUILDVUL index for the year 

2019 in the regions of Greece. The regions of Eastern 

Macedonia and Thrace (75.8), Ionian Islands (64.6), 

and Central Greece and Western Macedonia (70.1) 

have the highest levels of building vulnerability. 

Attica (7.7), Western Greece (16.2), South Aegean 

(19.3), and Central Macedonia (21.4) have the lowest 

levels of building vulnerability. The factors that make 

up the overall measure of building vulnerability show 

that the inability of households to access modern 

energy sources for basic needs significantly affects 

the final vulnerability levels [62]. 

The SOCVUL indicator (Figure 6(c)) captures 

social vulnerability spatially in the 13 regions of 

Greece. Increased levels of social vulnerability were 

found in the regions of Western Macedonia (69.9), 

Western Greece (61.7), and Attica (60.5), while the 

lowest values in the composite index were found in 

the regions of South Aegean (17.0), Sterea Ellada 

(28.8), and Peloponnese (36.5). The presence of 

single-parent households is the most important 

determinant that shapes, to a significant extent, the 

levels of social precariousness between regions [61]. 

Furthermore, the LOCLIMVUL index (Figure 6(d)) 

assesses the levels of vulnerability associated with 

the location of the dwelling and climatic conditions. 

More specifically, among the 13 regions, high values 

(>70) in this indicator were found in the regions of 

Epirus (80.9), Western Macedonia (78.4), 

Peloponnese (76.1), and Sterea Ellada (75.2), while 

low levels of vulnerability (<30) were found in the 

region of Attica. Households living in rural areas, 

heat stress, and population density all influenced the 

vulnerability levels of LOCLIMVUL in 2019. 

The spatial distribution of energy poverty 

vulnerability, as illustrated in Figure 7, reveals 

significant regional disparities across Greece. The 

regions of Attica, Crete, and South Aegean have the 

lowest levels of vulnerability to energy poverty, 

occupying the last positions in the ranking. These 

regions register high values in the LOCLIMVUL and 

SOCVUL indicators related to the socio-

demographic conditions of households, the climatic 

conditions that shape electricity consumption 

patterns, and the challenges posed by living in rural 

areas. In contrast, low performance is recorded for 

the ECOVUL and BUILDVUL indicators, which 

assess the economic situation of households and 

living conditions. On the contrary, the region of 

Western Macedonia has a high value in the overall 

REVPOV indicator (around 70), indicating a strong 

vulnerability to energy poverty. This deterioration is 

attributed to the coexistence of unfavorable 

conditions in all structural indicators: limited 

financial resources, old and non-modernized building 

stock, socially vulnerable groups, unfavorable 

climate, and the challenge of living in rural areas. 

Figure 8 depicts the spatial distribution of the four 

composite indexes that capture different aspects of 

vulnerability to energy poverty across the 13 

administrative regions of Greece in 2020.  

 

 
 

Figure 7: Spatial distribution of regional energy poverty vulnerability of Greece in 2019 
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Figure 8: Energy poverty vulnerability of Greece in 2020 (a) economic vulnerability,  

 (b) social vulnerability, (c) building vulnerability, (d) location and climatic vulnerability 

 

Economic vulnerability (Figure 8(a)) appears 

particularly high in the regions of Western 

Macedonia (81) and Eastern Macedonia and Thrace 

(74.3), while Attica, on the contrary, shows a very 

low value of the index (<20). 46.2% of the regions (6 

out of 13) fall into the category of medium economic 

hardship. The high vulnerability observed, mainly in 

the regions of Northern Greece, is primarily 

attributed to the high rate of energy expenditures and 

the proportion of households at risk of poverty and 

social exclusion (see Figure 3).  

The BUILDVUL index (Figure 8(b)) captures the 

levels of building vulnerability in the regions of 

Greece in 2020. The spatial analysis shows high 

levels of vulnerability (>70) in the region of Eastern 

Macedonia and Thrace. In contrast, low values of the 

index (<20) were recorded in the regions of Attica, 

Central Macedonia, and Central Greece. 

Approximately 7 out of 13 administrative regions 

recorded medium levels of vulnerability (between 40 

and 60 percentage points) in the given year. 

Considering the factors that compose the 

BUILDVUL index, it is worth noting that the 

accessibility of residents to conventional energy 

sources for covering basic household needs appears 

to have a significant impact on building vulnerability 

levels. Social vulnerability levels vary spatially 

across the 13 regions of Greece in 2020 (Figure 8(c)). 

The regions of the South Aegean and Crete recorded 

the highest values (>60) compared to the other 

regions. Conversely, the regions of Sterea Ellada 

(26.3) and North Aegean (29.7) demonstrate the 

lowest levels of social vulnerability and rank in the 

last two positions. Furthermore, single-parent 

households, renting homes, and unstable jobs are 

among the factors that significantly influence the 

final scores of the SOCVUL index in the regions 

being studied during the reference year [65] and [69]. 

Figure 8(d) illustrates the spatial distribution of the 

LOCLIMVUL index in 2020 in the 13 regions of 

Greece. The regions of Epirus (84.6), Western 

Macedonia (82.4), Central Greece (83.3), and 

Peloponnese (82.5) recorded high levels of 

vulnerability. In contrast, in 2020, the Attica region 

(18.9) demonstrated exceptionally low values of 

vulnerability. Living in rural areas and facing high 

temperatures are key factors that raise vulnerability 

levels related to climate and location, which 

ultimately affects the LOCLIMVUL index [69] and 

[71]. Figure 9 presents the results of the REVPOV. 

In 2020, the 13 regions of Greece recorded different 

levels of vulnerability, which demonstrates the 

uneven geographical distribution of the phenomenon 

[1] and [3].  

 

(a) (b) 

(c) (d) 
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Figure 9: Spatial distribution of regional energy poverty vulnerability of Greece in 2019  

 

Table 3: Descriptive Statistics of REVPOV index in Greece across the study period (2018-2020) 
 

Descriptive Statistics 
Years of Analysis 

2018 2019 2020 

REVPOV 

Min 26.7 26.3 23 

Max 70.8 69.9 67.9 

Average 48.2 45.3 49.3 

Median 46.8 45.3 48.9 

1st Quartile (Q1) 44.2 37.8 45.6 

3rd Quartile (Q3) 58.3 51.2 54.7 

Skewness 0.09 0.32 -0.50 

Kurtosis 0.20 0.26 1.33 

 

The regions of Eastern Macedonia and Thrace (67.9) 

and Western Macedonia (66.3) showed the highest 

levels of vulnerability. The REVPOV registered low 

values (<40) in the Attica and South Aegean regions. 

Moreover, most of the regions (10 out of 13) recorded 

moderate levels of vulnerability to energy poverty in 

2020. The high scores in the four key indicators, 

which aggregate the overall index, account for the 

high vulnerability values observed in Northern 

Greece (Figure 8). The regions of Eastern 

Macedonia, Thrace, and Western Macedonia in 

Northern Greece exhibit the highest vulnerability to 

energy poverty during the examined period (see 

Figures 5, 7 and 9). The highest vulnerability is 

reinforced by the co-existence of causal factors that 

deteriorate the levels of energy security between the 

two examined areas. Firstly, economic instability and 

the poor quality of existing dwellings contribute to 

the prevalence of energy precarity in Eastern 

Macedonia and Thrace [25]. Furthermore, the 

geographical isolation of Eastern Macedonia and 

Thrace deteriorates economic development and 

enhances inequalities between societal groups. On 

the other hand, the high levels of vulnerability in 

Western Macedonia are mainly related to 

decarbonization transition, which, despite its 

multiple benefits for the environment and well-being, 

has socio-economic impacts associated with job 

losses and the gradual deindustrialization of the 

energy market [23] and [25]. 

The robustness of the REVPOV was evaluated 

through a sensitivity analysis comparing the two 

alternative weighting schemes during the study 

period 2018-2020. The results showed that the MAD 

ranged from 4.5 to 5.3, and Spearman’s rank 

correlation remained high (≥0.88) during this period. 

These findings indicate strong agreement between 

the two weighting scenarios. Furthermore, it is worth 

mentioning that the rank shifts of regions were 

limited, with a mean shift below 1.3 and maximum 

shifts not exceeding 4 ranks. The composite index 

remains relatively stable at weight changes, and this 

indicates that it could be used as a trustworthy and 

credible tool for policy making [86]. The descriptive 

statistics of the REVPOV for the overall assessment 

of energy poverty vulnerability present the following 

findings (see Table 3). 
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Figure 10: (a) Mean percentage change in REVOPOV across Greek regions by period (2018–2019 vs.  

2019–2020), with standard deviations as error bars  

(b) Temporal evolution of energy poverty vulnerability in Greece’s regions from 2018 to 2020 

 

In 2018, the average energy poverty vulnerability 

value was 48.2 and the median 46.8, while in 2019, 

there was a decrease in both values. In 2020, 

however, there was an increase in the average (49.3) 

and median (48.9). The change in asymmetry is 

noteworthy: from slightly positive in 2018 (0.09) and 

2019 (0.32), it becomes negative in 2020 (-0.50), 

indicating that more regions showed values higher 

than the average. Overall, the evidence suggests a 

worsening of inequalities and an increase in 

uncertainty in 2020. These findings align with the 

seminal work of assessing energy poverty levels in 

Greece [24]. 

A paired-sample t-test was performed to compare 

the average percentage change in the REVOPOV 

index in the 13 administrative regions of Greece 

between 2018-2019 and 2019-2020 (Figure 10(a)). 

The results showed that there was a statistically 

significant difference between the two time periods, 

t(12) = 2.41, p = .033, d = 0.67, suggesting a 

moderate effect size. The mean percentage change 

for the 2018-2019 period was M = -5.76, SD = 11.49, 

while for the 2019-2020 period was M = 9.85, SD = 

14.43. A Shapiro-Wilk test of normality was 

performed beforehand, which revealed no significant 

deviation from the normal distribution (W = 0.972, p 

= 0.919), confirming the validity of the use of the 

parametric test. During the period 2019-2020, a 

significant increase in the values of the composite 

index REVPOV was recorded compared to 2018-

2019 in all the regions of Greece. The percentage 

increase was particularly pronounced in the island 

regions (North Aegean, South Aegean, Crete), which 

showed an increase of more than 20 percentage 

points compared to the mainland regions (Figure 

10(b)). The outbreak of the Covid-19 pandemic 

further increased the levels of socio-economic 

vulnerability, especially in regions with a high 

dependence on tourism activities. The imposition of 

restrictive measures led to a significant reduction in 

income for businesses, increasing the risk of 

transition to energy poverty during the period under 

review [87]. 

 

5. Conclusions 

The study presented the creation of an innovative 

composite indicator for the regional assessment and 

evaluation of energy poverty levels in Greece. This 

index incorporates a set of determinants that capture 

aspects of the phenomenon in terms of household 

economic hardship, building, and social 

vulnerability, as well as various climatic factors. The 

composite index results emphasize the phenomenon's 

spatial heterogeneity, which contributes to the 

intensification and strengthening of regional 

inequalities. For the study period (2018-2020) the 

regions of Eastern Macedonia and Thrace, Western 

Macedonia, Thessaly, and Sterea Ellada appear to 

have higher levels of vulnerability, in contrast to the 

regions of Attica and South Aegean. The composite 

indicator plays a dual role. On the one hand, it 

enables decision-makers to identify areas affected by 

the harmful effects of the phenomenon, allowing 

them to design more effective strategies aimed at 

addressing the structural causes of energy poverty. 

On the other hand, by monitoring vulnerability levels 

(a) (b) 
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over time, it helps policymakers evaluate existing 

interventions and adjust strategies accordingly. 

Future research is recommended to better 

understand and address the challenges of energy 

poverty. First of all, future research should focus on 

assessing vulnerability levels at the intra-regional 

scale (NUTS-3) to highlight the spatial disparities 

between urban and rural areas. Additionally, future 

studies should explore the interaction between energy 

poverty and climate change by identifying areas that 

are becoming vulnerable due to climate 

variability. Finally, case studies should also be 

conducted to investigate the benefits of renewable 

energy penetration in mitigating energy vulnerability 

by ensuring that all socio-economic groups have 

equitable access to affordable and environmentally 

friendly energy. 

 

6. Policy Recommendations 

The study's findings suggest that strategies to reduce 

vulnerability levels should concentrate on specific 

measures. Furthermore, it is recommended to provide 

subsidies, as short-term measures, to regions with 

significant economic vulnerability to mitigate the 

immediate effects of energy poverty and assist 

households with a high share of energy expenses. 

Upgrading the energy efficiency of the building stock 

in areas with high building vulnerability and 

providing subsidies to equip households with energy-

efficient household appliances, is also proposed. 

Adapting such measures shall contribute 

significantly to mitigating long-term energy poverty 

levels. 

From 2012 onwards, heating allowances will be 

granted to specific categories of consumers to cover 

their energy costs. During the energy crisis, it is 

foreseen that these allowances will be extended to 

cover other groups of consumers and different types 

of energy sources. One of the most important 

measures to mitigate energy poverty has been the 

protection of vulnerable consumers through the 

provision of social household tariffs. From 2017, 

low-income households received financial support to 

prevent electricity cuts due to unpaid debts. At the 

same time, since 2011 to date, energy upgrading 

programs for residential buildings, such as the 

“‘Energy Savings at Home, have been implemented, 

which aim to provide financial support to households 

for the energy upgrading of their homes. It is worth 

noting that incentives are foreseen to support the 

installation of Renewable Energy Sources (RES) 

projects by energy communities to meet the energy 

needs of both their members and vulnerable 

consumers. These actions are aligned with the Greek 

National Energy and Climate Plan (NECP), which 

emphasizes equitable access to clean energy.  

A quantitative target has been set to reduce energy 

poverty levels, as defined in the NECP, by at least 

50% and 75% in 2025 and 2030 respectively. 

Finally, the study highlights the necessity of 

strengthening social support mechanisms, 

particularly in areas with high levels of social 

vulnerability, by offering financial support to elderly 

people and single-parent households to significantly 

reduce their vulnerability. To address the growing 

threat of exposure to extreme weather events, it is 

recommended that national and regional energy 

poverty policies integrate climate change adaptation 

strategies, including the promotion of renewable 

energy sources and energy-efficient technologies. 

 

References 

 

[1] Bouzarovski, S., Thomson, H. and Cornelis, M., 

(2021). Confronting Energy Poverty in Europe: 

A Research and Policy Agenda. Energies, Vol. 

14(4). https://doi.org/10.3390/en14040858. 

[2] Primc, K., Dominko, M. and Slabe-Erker, R., 

(2021). 30 Years of Energy and Fuel Poverty 

Research: A Retrospective Analysis and Future 

Trends. Journal of Cleaner Production, Vol 

301. https://doi.org/10.1016/j.jclepro.2021.127 

003. 

[3] Bouzarovski, S. and Petrova, S., (2015). A 

Global Perspective on Domestic Energy 

Deprivation: Overcoming the Energy Poverty–

Fuel Poverty Binary. Energy Research & Social 

Science, Vol. 10. https://doi.org/10.1016/j.erss. 

2015.06.007. 

[4] Ward, K., Lauf, S., Kleinschmit, B. and 

Endlicher, W., (2016). Heat Waves and Urban 

Heat Islands in Europe: A Review of Relevant 

Drivers. Science of The Total Environment, Vol. 

569–570. https://doi.org/10.1016/j.scitotenv.20 

16.06.119. 

[5] Thomson, H., Simcock, N., Bouzarovski, S. and 

Petrova, S., (2019). Energy Poverty and Indoor 

Cooling: An Overlooked Issue in Europe. 

Energy and Buildings, Vol. 196. https://doi.org/ 

10.1016/j.enbuild.2019.05.014. 

[6] Oliveras, L., Borrell, C., González-Pijuan, I., 

Gotsens, M., López, M. J., Palència, L., 

Artazcoz, L. and Marí-Dell’Olmo, M., (2021). 

The Association of Energy Poverty with Health 

and Wellbeing in Children in a Mediterranean 

City. International Journal of Environmental 

Research and Public Health, Vol. 18(11). 

https://doi.org/10.3390/ijerph18115961. 

[7] Recalde, M., Peralta, A., Oliveras, L., Tirado-

Herrero, S., Borrell, C., Palència, L., Gotsens, 

M., Artazcoz, L. and Marí-Dell’Olmo, M., 

(2019). Structural Energy Poverty Vulnerability 



 

International Journal of Geoinformatics, Vol. 21, No. 7, July, 2025 

ISSN: 1686-6576 (Printed)  |  ISSN  2673-0014 (Online) | © Geoinformatics International  

33 

and Excess Winter Mortality in the European 

Union: Exploring the Association between 

Structural Determinants and Health. Energy 

Policy, Vol. 133. https://doi.org/10.1016/j.enpo 

l.2019.07.005. 

[8] Papada, L., Katsoulakos, N., Doulos, I., 

Kaliampakos, D. and Damigos, D., (2019). 

Analyzing Energy Poverty with Fuzzy 

Cognitive Maps: A Step-Forward Towards a 

More Holistic Approach. Energy Sources, Part 

B: Economics, Planning, and Policy, Vol. 

14(5). https://doi.org/10.1080/15567249.2019. 

1634162. 

[9] Dagoumas, A. and Kitsios, F., (2014). 

Assessing the Impact of the Economic Crisis on 

Energy Poverty in Greece. Sustainable Cities 

and Society, Vol. 13. https://doi.org/10.1016/j.s 

cs.2014.02.004. 

[10] Papada, L. and Kaliampakos, D., (2016). 

Measuring Energy Poverty in Greece. Energy 

Policy, Vol. 94. https://doi.org/10.1016/j.enpol. 

2016.04.004. 

[11] Siksnelyte-Butkiene, I., (2022). Combating 

Energy Poverty in the Face of the COVID-19 

Pandemic and the Global Economic 

Uncertainty. Energies, Vol. 15(10). https://doi. 

org/10.3390/en15103649. 

[12] Baker, S. H., Carley, S. and Konisky, D. M., 

(2021). Energy Insecurity and the Urgent Need 

for Utility Disconnection Protections. Energy 

Policy, Vol. 159. https://doi.org/10.1016/j.enp 

ol.2021.112663. 

[13] Siksnelyte-Butkiene, I., Streimikiene, D., 

Lekavicius, V. and Balezentis, T., (2021). 

Energy Poverty Indicators: A Systematic 

Literature Review and Comprehensive Analysis 

of Integrity. Sustainable Cities and Society, 

Vol. 67. https://doi.org/10.1016/j.scs.2021.102 

756. 

[14] Kashour, M. and Jaber, M. M., (2024). 

Revisiting Energy Poverty Measurement for the 

European Union. Energy Research & Social 

Science, Vol. 109. https://doi.org/10.1016/j.e 

rss.2024.103420. 

[15] Che, X. and Jiang, M., (2021). Economic Policy 

Uncertainty, Financial Expenditure and Energy 

Poverty: Evidence Based on a Panel Threshold 

Model. Sustainability, Vol. 13(21). https://doi. 

org/10.3390/su132111594. 

[16] Spiliotis, E., Arsenopoulos, A., Kanellou, E., 

Psarras, J. and Kontogiorgos, P., (2020). A 

Multi-Sourced Data Based Framework for 

Assisting Utilities Identify Energy Poor 

Households: A Case-Study in Greece. Energy 

Sources, Part B: Economics, Planning, and 

Policy, Vol. 15. https://doi.org/10.1080/155672 

49.2020.1739783. 

[17] Papada, L. and Kaliampakos, D., (2018). A 

Stochastic Model for Energy Poverty Analysis. 

Energy Policy, Vol. 116. https://doi.org/10.10 

16/j.enpol.2018.02.004. 

[18] Halkos, G. and Kostakis, I., (2023). Exploring 

the Persistence and Transience of Energy 

Poverty: Evidence from a Greek household 

Survey. Energy Efficiency, Vol. 16(6). 

https://doi.org/10.1007/s12053-023-10137-1. 

[19] Fragkos, P., Kanellou, E., Konstantopoulos, G., 

Nikas, A., Fragkiadakis, K., Filipidou, F. and 

Doukas, H., (2023). Energy Poverty and Just 

Transition in Greece. In: Bardazzi, R., Pazienza, 

M.G. (eds) Vulnerable Households in Energy 

Transition. Studies in Energy, Resource and 

Environmental Economics. Springer, Cham. 

https://doi.org/10.1007/978-3-031-35684-1_10 

[20] Balaskas, A., Papada, L., Katsoulakos, N., 

Damigos, D. and Kaliampakos, D., (2021). 

Energy Poverty in the Mountainous Town of 

Metsovo, Greece. Journal of Mountain Science, 

Vol. 18(9). https://doi.org/10.1007/s11629-020 

-6436-1. 

[21] Sardianou, E., (2024). Understanding Energy 

Poverty among the Elderly: Insights from 

Household Survey in Greece. Energies, Vol. 

17(1). https://doi.org/10.3390/en17010094.  

[22] Konstantopoulos, G., Kanellou, E. and 

Kontogiannis, K., (2023). Exploring the 

Community Energy Actions to Alleviate 

Energy Poverty in the Greek Context. Technical 

Annuals, Vol. 1(2). https://doi.org/10.12681/ 

ta.34183. 

[23] Boemi, N. S. and Papadopoulos, A. M., (2019). 

Energy Poverty and Energy Efficiency 

Improvements: A Longitudinal Approach for 

Hellenic Households. Energy and Buildings, 

Vol. 197. https://doi.org/10.1016/j.enbuild.20 

19.05.027. 

[24] Papada, L. and Kaliampakos, D., (2016). 

Measuring Energy Poverty in Greece. Energy 

Policy, Vol 94. https://doi.org/10.1016/j.enpo 

l.2016.04.004.  

[25] Boemi, N. S. and Papadopoulos, A. M., (2019). 

Monitoring Εnergy Poverty in Northern Greece: 

the Energy Poverty Phenomenon. International 

Journal of Sustainable Energy, Vol. 38(1). 

https://doi.org/10.1080/14786451.2017.130493

9  

[26] Bednar, D. J. and Reames, T. G. (2020). 

Recognition of and Response to Energy Poverty 

in the United States. Nature Energy, Vol. 5(6). 

https://doi.org/10.1038/s41560-020-0582-0. 



 

International Journal of Geoinformatics, Vol. 21, No. 7, July, 2025 

ISSN: 1686-6576 (Printed)  |  ISSN  2673-0014 (Online) | © Geoinformatics International  

[27] Dlzar Al Kez, Foley, A., Lowans, C. and 

Furszyfer, D., (2024). Energy Poverty 

Assessment: Indicators and Implications for 

Developing and Developed Countries. Energy 

Conversion and Management, Vol. 307. 

https://doi.org/10.1016/j.enconman.2024.1183

24. 

[28] Bouzarovski, S. and Cauvain, J., (2016). Spaces 

of Exception: Governing Fuel Poverty in 

England’s Multiple Occupancy Housing Sector. 

Space and Polity, Vol. 20(3). https://doi.org/ 

10.1080/13562576.2016.1228194. 

[29] Calver, P. and Simcock, N., (2021). Demand 

Response and Energy Justice: A Critical 

Overview of Ethical Risks and Opportunities 

within Digital, Decentralised, and 

Decarbonised Futures. Energy Policy, Vol. 151. 

https://doi.org/10.1016/j.enpol.2021.112198. 

[30] Barnicoat, G. and Danson, M., (2015). The 

Ageing Population and Smart Metering: A Field 

Study of Householders’ Attitudes and 

Behaviours Towards Energy Use in Scotland. 

Energy Research & Social Science, Vol. 9. 

https://doi.org/10.1016/j.erss.2015.08.020. 

[31] O’Sullivan, K. C., Viggers, H. E. and Howden-

Chapman, P. L., (2014). The Influence of 

Electricity Prepayment Meter Use on 

Household Energy Behaviour. Sustainable 

Cities and Society, Vol. 13. https://doi.org/10.1 

016/j.scs.2013.10.004. 

[32] Bouzarovski, S. and Simcock, N., (2017). 

Spatializing Energy Justice. Energy Policy, 

Vol. 107. https://doi.org/10.1016/j.enpol.2017. 

03.064. 

[33] Gouveia, J. P., Palma, P. and Simoes, S. G., 

(2019). Energy Poverty Vulnerability Index: A 

Multidimensional Tool to Identify Hotspots for 

Local Action. Energy Reports, Vol. 5. 

https://doi.org/10.1016/j.egyr.2018.12.004. 

[34] Katsoulakos, N. M. and Kaliampakos, D. C., 

(2018). The Energy Identity of Mountainous 

Areas: The Example of Greece. Journal of 

Mountain Science, Vol. 15(7). https://doi.org/ 

10.1007/s11629-018-4830-8. 

[35] Herrero, S. T., (2017). Energy Poverty 

Indicators: A Critical Review of Methods. 

Indoor and Built Environment, Vol. 26(7). 

https://doi.org/10.1177/1420326x17718054. 

[36] Ntaintasis, E., Mirasgedis, S. and Tourkolias, 

C., (2019). Comparing Different 

Methodological Approaches for Measuring 

Energy Poverty: Evidence from a Survey in the 

Region of Attika, Greece. Energy Policy, Vol. 

125. https://doi.org/10.1016/j.enpol.2018.10.0 

48. 

[37] 4Bollino, C. A. and Botti, F., (2017). Energy 

Poverty in Europe: A Multidimensional 

Approach. PSL Quarterly Review, Vol. 70, 473-

507. 

[38] Thomson, H. and Snell, C., (2013). Quantifying 

the Prevalence of Fuel Poverty Across the 

European Union. Energy Policy, Vol. 52. 

https://doi.org/10.1016/j.enpol.2012.10.009. 

[39] Atsalis, A., Mirasgedis, S., Tourkolias, C. and 

Diakoulaki, D., (2016). Fuel Poverty in Greece: 

Quantitative Analysis and Implications for 

Policy. Energy and Buildings, Vol. 131. 

https://doi.org/10.1016/j.enbuild.2016.09.025. 

[40] Fizaine, F. and Kahouli, S., (2018). On the 

Power of Indicators: How the Choice of Fuel 

Poverty Indicator Affects the Identification of 

the Target Population. Applied Economics, Vol. 

51(11). https://doi.org/10.1080/00036846.201 

8.1524975. 

[41] Thomson, H., Snell, C. and Bouzarovski, S., 

(2017). Health, Well-Being and Energy Poverty 

in Europe: A Comparative Study of 32 

European Countries. International Journal of 

Environmental Research and Public Health, 

Vol. 14(6). https://doi.org/10.3390/ijerph14060 

584. 

[42] Karpinska, L. and Śmiech, S., (2020). Invisible 

Energy Poverty? Analysing Housing Costs in 

Central and Eastern Europe. Energy Research 

& Social Science, Vol. 70. https://doi.org/10. 

1016/j.erss.2020.101670. 

[43] Llorca, M., Rodriguez-Alvarez, A. and Jamasb, 

T., (2020). Objective vs. Subjective Fuel 

Poverty and Self-Assessed Health. Energy 

Economics, Vol. 87. https://doi.org/10.1016 

/j.eneco.2020.104736. 

[44] O’Sullivan, K. C., Howden-Chapman, P. L. and 

Fougere, G. M., (2015). Fuel Poverty, Policy, 

and Equity in New Zealand: The Promise of 

Prepayment Metering. Energy Research & 

Social Science, Vol. 7. https://doi.org/10.1016/ 

j.erss.2015.03.008. 

[45] Fabbri, K. (2015). Building and Fuel Poverty, 

an Index to Measure Fuel Poverty: An Italian 

Case Study. Energy, Vol. 89. https://doi.org/10. 

1016/j.energy.2015.07.073. 

[46] Maxim, A., Mihai, C., Apostoaie, C. M., 

Popescu, C., Istrate, C. and Bostan, I., (2016). 

Implications and Measurement of Energy 

Poverty across the European Union. 

Sustainability, Vol. 8(5). https://doi.org/10.3 

390/su8050483. 

[47] Kelly, J. A., Clinch, J. P., Kelleher, L. and 

Shahab, S., (2020). Enabling a Just Transition: 

A composite Indicator for Assessing Home-

Heating Energy-Poverty Risk and the Impact of 



 

International Journal of Geoinformatics, Vol. 21, No. 7, July, 2025 

ISSN: 1686-6576 (Printed)  |  ISSN  2673-0014 (Online) | © Geoinformatics International  

35 

Environmental Policy Measures. Energy 

Policy, Vol. 146. https://doi.org/10.1016/j.enp 

ol.2020.111791. 

[48] Sokołowski, J., Lewandowski, P., Kiełczewska, 

A. and Bouzarovski, S., (2020). A 

Multidimensional Index to Measure Energy 

Poverty: The Polish Case. Energy Sources, Part 

B: Economics, Planning, and Policy, Vol. 

15(2). https://doi.org/10.1080/15567249.2020. 

1742817. 

[49] Primc, K. and Slabe-Erker, R., (2020). Social 

Policy or Energy Policy? Time to Reconsider 

Energy Poverty Policies. Energy for 

Sustainable Development, Vol. 55. https://doi. 

org/10.1016/j.esd.2020.01.001. 

[50] Artelaris, P., (2017). Geographies of Crisis in 

Greece: A Social Well-Being approach. 

Geoforum, Vol. 84. https://doi.org/10.1016/j. 

geoforum.2017.06.003  

[51] ELSTAT. (2021). Population-Housing 

Censuses 1821–2021. Piraeus: Hellenic 

Statistical Authority. https://www.statistics.gr/ 

2021-census-pop-hous-results  

[52] Ruiz, F., El Gibari, S., Cabello, J. M. and 

Gómez, T., (2020). MRP-WSCI: Multiple 

Reference Point Based Weak and Strong 

Composite Indicators. Omega, Vol. 95. 

https://doi.org/10.1016/j.omega.2019.04.003. 

[53] Greco, S., Ishizaka, A., Tasiou, M. and Torrisi, 

G., (2019). On the Methodological Framework 

of Composite Indices: A Review of the Issues 

of Weighting, Aggregation, and Robustness. 

Social Indicators Research. Vol. 141(1). 

https://doi.org/10.1007/s11205-017-1832-9.  

[54] Hudrliková, L., (2013). Composite Indicators as 

a Useful Tool for International Comparison: 

The Europe 2020 Example. Prague Economic 

Papers, Vol. 22(4). https://doi.org/10.18267/j.p 

ep.462. 

[55] Ramli, M. W. A. and Alias, N. E., (2024). 

Multidimensional Vulnerability Mapping 

Using GIS and Catastrophe Theory. 

International Journal of Geoinformatics, Vol. 

20(8). https://doi.org/10.52939/ijg.v20i8.3443.  

[56] Gonzalez-Eguino, M., (2015). Energy Poverty: 

an Overview. Renewable and Sustainable 

Energy Reviews, Vol. 47. https://doi.org/10. 

1016/j.rser.2015.03.013. 

[57] Zang, D., Li, F. and Chandio, A. A., (2021). 

Factors of Energy Poverty: Evidence from 

Tibet, China. Sustainability, Vol. 13(17). 

https://doi.org/10.3390/su13179738. 

[58] Middlemiss L. and Gillard, R., (2015). Fuel 

Poverty from the Bottom-up: Household 

Energy Vulnerability through the Lived 

Experience of the Fuel Poor Characterizing. 

Energy Research & Social Science, Vol. 6. 

https://doi.org/10.1016/j.erss.2015.02.001.  

[59] Bardazzi, R., Bortolotti, L. and Pazienza, M. G., 

(2021). To Eat and not to Heat? Energy Poverty 

and Income Inequality in Italian Regions.  

Energy Research and Social Science, Vol. 73. 

https://doi.org/10.1016/j.erss.2021.101946. 

[60] Mei, X. and Seo, B. K., (2024). The 

Relationships among Housing, Energy Poverty, 

and Health: A Scoping Review. Energy for 

Sustainable Development, Vol. 83. https://doi. 

org/10.1016/j.esd.2024.101568.  

[61] Healy, J. D.  and Clinch, J. P., (2004). 

Quantifying the Severity of Fuel Poverty, Its 

Relationship with Poor Housing and Reasons 

for Non-Investment in Energy-Saving 

Measures in Ireland. Energy Policy, Vol. 32(2). 

https://doi.org/10.1016/S0301-4215(02)00265-

3. 

[62] Pereira, D. S. and Marques, A. C., (2023).  How 

Do Energy Forms Impact Energy Poverty? An 

Analysis of European Degrees of Urbanization. 

Energy Policy. Vol. 173.  https://doi.org/10.10 

16/j.enpol.2022.113346. 

[63] Walker, G., (2008). Decentralised Systems and 

Fuel Poverty: Are There Any Links or Risks?. 

Energy Policy, Vol. 36(12), 4514-4517. 

https://doi.org/10.1016/j.enpol.2008.09.020.   

[64] Boardman, B., (1991). Fuel Poverty is 

Different. Policy Studies, Vol. 12(4). 

https://doi.org/10.1080/01442879108423600.  

[65] Legendre, B. and Ricci, O., (2015). Measuring 

Fuel Poverty in France: which Households Are 

the Most Fuel Vulnerable?. Energy Economics, 

Vol. 49. https://doi.org/10.1016/j.eneco.2015. 

01.022. 

[66] Chard, R. and Walker, G., (2016). Living with 

Fuel Poverty in Older Age: Coping Strategies 

and their Problematic Implications. Energy 

Research & Social Science, Vol. 16. https://doi. 

org/10.1016/j.erss.2016.03.004. 

[67] Costa-Campi, M. T., Jove-Llopis, E., Planelles-

Cortes, J. and Trujillo-Baute, E., (2024). 

Determinants of Energy Poverty: Trends in 

Spain in Times of Economic Change (2006– 

2021). Economics of Energy and 

Environmental Policy, Vol. 13(1). 

https://doi.org/10.5547/2160-5890.13.1.mcos. 

[68] Mahumane, G. and Mulder, P., (2022). 

Urbanization of Energy Poverty? The Case of 

Mozambique. Renewable and Sustainable 

Energy Reviews, Vol. 158. https://doi.org/10 

.1016/j.rser.2022.112089.  

 

 



 

International Journal of Geoinformatics, Vol. 21, No. 7, July, 2025 

ISSN: 1686-6576 (Printed)  |  ISSN  2673-0014 (Online) | © Geoinformatics International  

36 

[69] Aristondo, O. and Onaindia, E., (2018). 

Counting Energy Poverty in Spain between 

2004 and 2015. Energy Policy, Vol. 113. 

https://doi.org/10.1016/j.enpol.2017.11.027. 

[70] Santamouris, M., Alevizos, S. M., Aslanoglou, 

L., Mantzios, D., Milonas, P., Sarelli, I. and 

Paravantis, J. A., (2014). Freezing the Poor—

Indoor Environmental Quality in Low and Very 

Low-Income Households during the Winter 

Period in Athens. Energy and Buildings, Vol. 

70, 61-70. https://doi.org/10.1016/j.enbuild.2 

013.11.074. 

[71] Santamouris, M. and Kolokotsa, D., (2015). On 

the Impact of Urban Overheating and Extreme 

Climatic Conditions on Housing, Energy, 

Comfort and Environmental Quality of 

Vulnerable Population in Europe. Energy and 

Buildings, Vol. 98. https://doi.org/10.1016/ 

j.enbuild.2014.08.050. 

[72] Hollanders, H. and Es-Sadki, N., (2022). 

European Innovation Scoreboard: 

Μethodology Report. https://research-and-

innovation.ec.europa.eu/system/files/2022-

09/ec_rtd_eis-2022-methodology-report.pdf. 

[73] Pérez-Vicente, S. and Expósito Ruiz, M., 

(2009). Descriptive Statistics. Allergologia et 

Immunopathologia. Vol. 37(6), 314-320. 

https://doi.org/10.1016/j.aller.2009.10.005. 

[74] Mazziotta, M. and Pareto, A., (2017). Synthesis 

of Indicators: The Composite Indicators 

Approach. In: Maggino, F. (eds) Complexity in 

Society: From Indicators Construction to their 

Synthesis. Social Indicators Research Series, 

Springer. Vol. 70. https://doi.org/10.1007/978-

3-319-60595-1_7.  

[75] Aljehani, L. (2024). Quantifying Urban 

Expansion in Small Cities: A Case Study of the 

Al-Qassim Region, Saudi Arabia. International 

Journal of Geoinformatics, Vol. 20(6), 82–94. 

https://doi.org/10.52939/ijg.v20i6.3337. 

[76] Shen, L., Zhou, J., Skitmore, M. and Xia, B., 

(2015). Application of a Hybrid Entropy–

McKinsey Matrix Method in Evaluating 

Sustainable Urbanization: A China Case Study. 

Cities, Vol. 42. https://doi.org/10.1016/j.cities. 

2014.06.006. 

[77] Zheng, S., Fu, Y., Lai, K. K. and Liang, L., 

(2017). An Improvement to Multiple Criteria 

ABC Inventory Classification Using Shannon 

Entropy. Journal of Systems Science and 

Complexity, Vol. 30(4). https://doi.org/10.1007 

/s11424-017-5061-8. 

 

 

 

[78] Ali, B., Globe, L., and Salh, A. (2025). 

Analyzing Directional Urban Sprawl from 1978 

to 2023 Using Shannon Entropy Analysis on 

Landsat Imagery: A Case Study in Ramadi City, 

Iraq. International Journal of Geoinformatics, 

Vol. 21(3), 62–70. https://doi.org/10.52939/ijg. 

v21i3.3995 

[79] Shannon, C. E., (1948). A Mathematical Theory 

of Communication. Bell System Technical 

Journal, Vol. 27. http://dx.doi.org/10.1002 /j.1 

538-7305.1948.tb01338.x. 

[80] Pomerol, J. C. and Romero, B. S., (2020). 

Multicriterion Decision in Management: 

Principles and Practice. Norwell: Kluwer 

Academic Publishers. 

[81] Karagiannis, R. and Karagiannis, G., (2020). 

Constructing Composite Indicators with 

Shannon Entropy: The Case of Human 

Development Index. Socio-Economic Planning 

Sciences, Vol. 70. https://doi.org/10.1016/j.se 

ps.2019.03.007. 

[82] Thammaboribal, P., Triapthti, N., and Lipiloet, 

S. (2025). Using of Analytical Hierarchy 

Process (AHP) in Disaster Management: A 

Review of Flooding and Landslide 

Susceptibility Mapping. International Journal 

of Geoinformatics, Vol. 21(4), 177–196. https:// 

doi.org/10.52939/ijg.v21i4.4091. 

[83] Pollesch, N. and Dale, V. H., (2015). 

Applications of Aggregation Theory to 

Sustainability Assessment. Ecological 

Economics, Vol. 114. https://doi.org/10.1016/ 

j.ecolecon.2015.03.011. 

[84] Langhans, S. D., Reichert, P. and Schuwirth, N., 

(2014). The method Matters: A Guide for 

Indicator Aggregation in Ecological 

Assessments. Ecological Indicators, Vol. 45. 

https://doi.org/10.1016/j.ecolind.2014.05.014. 

[85] März, S., (2018). Assessing the Fuel Poverty 

Vulnerability of Urban Neighbourhoods Using 

a Spatial Multi-Criteria Decision Analysis for 

the German City of Oberhausen. Renewable 

and Sustainable Energy Reviews, Vol. 70. 

https://doi.org/10.1016/j.rser.2017.07.006. 

[86] Saisana M., Saltelli A. and Tarantola, S., 

(2005). Uncertainty and Sensitivity Analysis 

Techniques as Tools for the Quality Assessment 

of Composite Indicators. Journal of the Royal 

Statistical Society Series A: Statistics in Society, 

Vol. 168(2). https://doi.org/10.1111/j.1467-985 

X.2005.00350.x.  

[87] Wang, R., Wu, X.  and Yin Z., (2025). The 

Effect of COVID-19 on Household Energy 

Poverty. Finance Research Letters, Vol.  84. 

https://doi.org/10.1016/j.frl.2025.107743. 
 


