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Abstract

Development of composite indicators is a challenging task given that sustainability indices
are strongly dependent on how the sub-indicators are weighted. This is because relative
indicator weights may significantly differ based on the chosen weighting methods used in
the analysis. There is hardly any study that has paid attention to this issue so far. There-
fore, this paper aims to fill this gap in the literature by searching the robustness of selected
weighting methods, i.e. entropy-weight (EW), principal component analysis (PCA),
machine learning approaches (random forest-RF), regression analysis (RA) and benefit-of-
the-doubt (BOD) when constructing a composite indicator. To research the current sustain-
ability performance of European regions, the present study focuses on the Territorial Qual-
ity of Life Index—initially proposed by the ESPON Programme—that are aligned with the
specific targets of the Sustainable Development Goals of the 2030 Agenda. The methods to
construct composite indicators include stages of data preparation (including the estimation
of missing values with random forest method), normalization, statistical transformation of
raw data, reduction of indicators in order to ease public communication (using the PCA
method) and data interpretation, weighting of the sub-indicators using EW, PCA, RF, RA
and BOD methods and their linear weighted aggregation, and checking for robustness and
sensitivity. The results suggest that there are significant differences in the rank and spa-
tial distribution of composite indicators based on the use of different weighting methods
considered in the analysis. The results from sensitivity analysis support the robustness of
entropy-weight method among others. The methodology used in the current analysis can be
adapted to other study areas and regions internationally. The findings showed that Eastern
European countries and some Mediterranean countries have relatively lower index values
compared to other European regions; therefore, policy and planning actions are needed
covering these regions specifically.
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1 Introduction

European landscape has faced with substantial social, economic and environmental chal-
lenges due to uncontrolled growth of cities and regions during the past century. In 2016,
more than 70% of European Union (EU) citizens lived in an urban area; and it is esti-
mated that 80 percent of the total population will be living in cities by 2050 (Netherlands
Presidency, 2016). The unprecedented demographic growth and the consequent changes
in landscape do not only impact on the local environment but also have impacts on natural
environment through exploitation of natural resources to support urban economy as well
as social aspects such as urban poverty and social segregation (Michael et al., 2014; Wang
et al., 2019). The urban activities raise socio-economic and environmental challenges in
cities and regions of Europe (McPhearson et al., 2016). In 2016, EU launched the EU
Urban Agenda, which covers a range of urban issues including housing, mobility, safety,
poverty, migration, air quality, energy transition, and climate adaptation. The emphasis
here is on the urgent need to enhance urban quality of life and ensure sustainable opera-
tions in cities and urban regions.

Indicators reduce complexity so that policy decisions can be framed, provide a link-
age between science and policy, and further will assist in decision makers towards poten-
tial solutions to socio-economic and environmental problems (de Sherbinin et al., 2014).
Towards this end, indicators have generally been developed for administrative units over
which government authorities have responsibility. This requires aggregation of micro data
to administrative units, normalization, statistical transformation of raw data and data reduc-
tion in order to ease public communication and data interpretation (OECD, 2008). There
is an increasing number of countries attempted to the development of indicators that inte-
grated three prominent pillars of sustainable development for different cities and regions,
which vary according to their particular needs and goals (Brandon & Lombardi, 2005).
Development of indicators for the assessment of urbanization quality has also gained atten-
tion from scholars. There are both qualitative and quantitative methods found in the litera-
ture used for the assessment of urban sustainability. Among the studies that utilized quali-
tative methods, Feng and Chen (2010), Chen et al. (2014), and Li et al., (2019a, 2019b)
focused on quality of urbanization while Tannier and Thomas (2013), Gollin et al. (2016)
and Zhao et al. (2017a) investigated theories of urbanization and morphological charac-
teristics of cities. In this group, there are also studies examining dynamics of urbanization
including Chen et al. (2013), Cao et al. (2014), Fang et al. (2015), Ye et al. (2017), Ustao-
glu and Aydinoglu (2019), and Cai et al. (2020). There are more studies on quantitative
assessment of urbanization quality, which consist of a complete assessment of urbaniza-
tion and its drivers (Lopez et al., 2017; Ma & Sun, 2020; Ramachandra et al., 2015; Yang
et al., 2019); development of index and indices systems (Merino-Saum et al., 2020; Mori
& Yamashita, 2015; Phillis et al., 2017) and dynamic coupling of coordination between
urbanization and socio-economic and environmental development (Li et al., 2019a, 2019b;
Tomal, 2021; Zhao et al., 2017b). Two strands of literature aimed to develop indicators for
the urbanization quality assessment: The first strand includes studies of single indicators
that focused on socio-economic (Annoni & Bolsi, 2020; D’Adamo et al., 2020), land use
(Bo et al., 2019; Chen et al., 2013) and environmental (Becker et al., 2017; De Sherbinin
et al., 2014) aspects of urbanization. The second strand, on the other hand, covers studies
of synthetic composite indicators which combines social-cultural, economic, technological
and eco-environmental indicators for the development of a common index of sustainability.
The latter consists of studies examining the urban sustainability indices at the local area
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(Zhou et al., 2015), municipality/city (Zoeteman et al., 2016), regional (Yang et al., 2020)
or at the continental (ESPON, 2020) levels.

Composite indicators are popular tools, especially due to their aims of summarizing,
focusing and condensing complex information on technological development, social/socio-
cultural, economic and environmental aspects. Composite indicators are a mathematical
combination of a set of individual indicators representing different dimensions of a concept
that have no common unit of measurement (Nardo et al., 2005). It is argued that composite
indicators are simpler to interpret than researching to find a common trend in many single
indicators (Paruolo et al., 2013). In fact, composite indicators are of significance for moni-
toring multidimensional processes where the use of individual indicators is notably dif-
ficult due to the challenges in linking trends across dimensions and capturing interactions
between and within sub-systems (Dale & Beyeler, 2001; Munda, 2005). Indicator-based
monitoring of spatial development can provide planning authorities and urban managers
more flexibility in achieving sustainable development goals (Keiner, 2006). Further to this,
rankings of composite indicators force institutions and government authorities to improve
their standards (Kelley & Simmons, 2015). Composite indicators should aim to support
needs of planning for sustainable development through integrating issues identified as
important both from a scientific perspective and based on stakeholder concerns.

Even though rankings of indicators are carried out giving considerable attention, there
are yet subjectivities in their construction, which raises the need for conducting uncertainty
and sensitivity analysis on composite indicator assumptions (Becker et al., 2017; Saisana
et al., 2005). The step discussed in this paper is the weighting process which can have a
significant impact on the rankings of analysed regions/cities and subsequent policy making.
Prior to the selection of indicator aggregation method, values of weights to apply to each
sub-indicator should be specified. A wide range of composite indicators relies on equal
weights implying that all variables are given the same weight (Blancas et al., 2010; Patias
et al., 2021; UNDP, 1990; World Bank, 1999). However, not all the indicators have to be
equally important in explaining the sustainability performance rankings. Larger weights
are thus assigned to indicators which are more important than others. In such cases,
weights are directly obtained from the data using, for instance, factor analysis (FA) (Sal-
vati & Carlucci, 2014), principal component analysis (PCA) (Davino & Romano, 2014),
entropy-weight method (Zhou et al., 2015), regression analysis (Porter & Stern, 2001) or
Data Envelopment Analysis (DEA)/Benefit-of-the-Doubt (BOD) (Blancard et al., 2021)
while others estimate the weights externally to the data using expert based systems such as
conjoint analysis (Ulengin et al., 2001), budget allocation (Goedkoop & Spriensma, 2001),
public opinion (Parker, 1991), Analytical Hierarchy Process (AHP) (D’Adamo et al.,
2020), the Best—Worst method (Gomez-Limon et al., 2020) and others (see Freudenberg,
2003; Nardo et al., 2005 for a full review of the methods). In the current study, we aim to
focus on data-based weighting methods and left the expert-based systems to be examined
as a future research topic. Among the data-based methods, the most commonly used are
entropy-weight method, PCA/FA, regression analysis, machine learning approaches (i.e.
random forest), and DEA/BOD for the estimation of weights (Belu, 2009; Gan et al., 2017,
Gerdessen & Pascucci, 2013; Hou et al., 2021; Huertas et al., 2020; Porter & Stern, 2001;
Wang et al., 2015; Xavier et al., 2018). Therefore, we have decided to consider these key
five methods in the current study and left comparison of statistical methods with those of
expert-based approaches as a future research focus.

There is abundance of literature on composite indicators (Mascarenhas et al., 2015;
Yang et al., 2020; Zoeteman et al., 2016) that are mainly based on single weighting schemes
and hardly any of them researched the implications of different weighting methods on the
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results. For instance, at the pan-European level, there are examples of composite indicators
on measuring the socio-economic performance of bio-economy sectors (D’Adamo et al.,
2020), ranking innovativeness of EU member states complying with 2030 Agenda for sus-
tainable development (Szopik-Depczynska et al., 2018), monitoring regional competitive-
ness performance at the regional level across EU member states (Annoni & Dijkstra, 2013,
2019), quality of life measurements at different regional levels for the studied European
countries (ESPON, 2020), and assessing the quality of government (Fazekas, 2017), capac-
ity of the creative economy (Boal-San Miguel & Herrero-Prieto, 2020) and social progress
(Annoni & Bolsi, 2020) at the regional level in Europe. These studies have not paid par-
ticular attention to the impact of weighting procedure on composite indicator rankings.
Therefore, the current study aims at filling this gap in the literature through constructing a
composite indicator for quality of life with a specification for European regions, which is
called the ‘Territorial Quality of Life Index (TQLI)’ as defined by the ESPON, 2020 Coop-
eration Programme. Given this framework, we compare different weighting methods that
enable us to estimate weights internally to the data and examine the robustness and reli-
ability of the composite indicators estimated in the study. In particular, we aim to compare
the composite indicator values obtained from different weighting methods computed at the
NUTS?2 regional level for the EU member states.

2 Territorial quality of life indicators

As defined by ESPON (2020: 9), Territorial Quality of Life Index aims at “measuring the
capabilities of all living beings to survive and flourish in a place, thanks to the economic,
social and ecological conditions that support life in that place.” According to this descrip-
tion, in the personal sphere, quality of human life corresponds to personal health and
safety needs and needs for housing and basic utilities and in the socio-economic sphere,
economic well-being, social and policy factors are being considered to support survival
and flourishing of all people living in the place (ESPON, 2020). Finally, the ecological
sphere concerns the quality of life of all living beings with a particular focus on the qual-
ity of environment as a key determinant of the territorial quality of life (ESPON, 2020).
To measure the progress towards the Sustainable Development Goals (SDGs), the indica-
tors in the current study were selected to cover the sustainability aspects specified under
the ESPON’s: (1) personal sphere, (2) socio-economic sphere, and (3) ecological sphere.
Figure 1 presents the three dimensions of territorial quality of life and indicators and sub-
indicators corresponding to each sphere that constructs the composite indicator. In the per-
sonal sphere, for instance, there are indicators of availability, accessibility and affordability
of housing, basic utilities, education and health services, personal health and safety. In the
socio-economic sphere, there are enablers of good mobility, digital connectivity, work and
consumption choices, social and cultural life as well as indicators of inclusive economy and
healthy society. Finally, ecological sphere comprises availability and maintenance of green
infrastructure and protected areas, healthy environment and climate change indicators.
Besides social/cultural and ecological domains, there are other factors explaining sus-
tainability (e.g. economic indicators) that are linked to regional competitiveness and pros-
perity. Dijkstra et al. (2011) defined regional competitiveness as ‘the ability to offer an
attractive and sustainable environment for firms and residents to live and work’. It is noted
(Annoni & Dijkstra, 2013) that regional competitiveness should be calculated for func-
tional economic regions to take into account the functional economic links. As highlighted
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Fig. 1 Territorial Quality of Life Index (TQLI) development framework. Note Figure adapted from ESPON
(2020) using the methodology given in Fig. 1 of Burgass et al. (2017)

by Dijkstra et al. (2011), NUTS2 regions can be considered as administrative and statistical
regions which do not consider the functional economic linkages. For instance, in Europe,
there are several cities including London, Brussels, Prague, Berlin, Amsterdam and Wien,
which are administratively divided into NUTS2 regions where commuting zone of a city
is not covered within the administrative boundaries. Annoni and Dijkstra (2013) suggested
merging the region with the one containing the city if the region has at least 40% of its
population inside the commuting zone. We followed the same procedure and merged one
or more neighbouring regions with the region containing the main city for Brussels (BE),
Prague (CZ), Berlin (DE), Amsterdam (NL) and Wien (AT) (Table 1). As an example, in
Table 1, the NUTS2 boundary defining Brandenburg (DE40) was merged with the NUTS2
boundary of Berlin city (DE30), and the resulting NUTS2 polygon in Arc map is named as
‘DEO0O’. The indicators associated with the newly formed NUTS2 region (e.g. DE0O) were
computed in such a way that for instance, regarding population or GDP, the correspond-
ing values (e.g. values assigned to DE30 and DE40) were summed to get the unique value
for the new NUTS2 region (e.g. DE0O); and for instance, regarding accessibility or access
to services, the population weighted average values were computed for the newly created
NUTS?2 region (e.g. DE0O). All the values of indicators for these newly merged NUTS2
regions (the last column in Table 1) were computed either using summation or averaging
the original values that were provided for official NUTS2 regions shown in the second col-
umn of Table 1.

We did not include London in the analysis given that UK ended its membership to the
European Union on 31 January 2020 and currently it is not a EU member state. Through
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Table 1 NUTS2 classification

Merged regions based on  Official NUTS2 region New
adopted for TQLI. Source .
t tterns d
Annoni and Dijkstra (2013) commuting patterns f;;ii
Wien AT12: Niederosterreich AT00
AT13: Wien
Brussels BE10: Reg. Bruxelles BEOO

BE24: Prov. Vlaams-Brabant
BE31: Prov. Brabant Wallon

Prague CZ01: Praha CZ00
CZ02: Stredni Cechy

Berlin DE30: Berlin DEO00
DEA40: Brandenburg

Amsterdam NL23: Flevoland NLO0O

NL32: Noord-Holland

excluding UK and merging the regions as explained in Table 1, we had a total of 223
NUTS2 regions that were considered in the study to construct the Territorial Quality of
Life (TQL) composite indicators.

3 Methodology

The methodological framework used for the construction of composite indicators is sum-
marized in Fig. 2, which will be explained in detail in the following sub-sections. Accord-
ing to Fig. 2, first, data were compiled from various sources, data quality was checked, and
missing values were estimated for the data. Next, data were selected and sub-indicators
were constructed based on data quality and its suitability to be aligned with the aims of the
study. This is followed by normalization of the sub-indicators so that indicators will be at
a comparable scale. Due to existence of collinearity among sub-indicators, the number of
sub-indicators was reduced to 30 using the principal component analysis (PCA), which is a
method principally used to eliminate correlation across variables. Weighting was applied to
final sub-indicators using the methods including entropy-weight, PCA, random forest (RF),
regression and BOD. The sub-indicators were aggregated using weighted linear aggre-
gation method. To check the robustness of the weighting methods used in the analysis, a
sensitivity analysis was applied to each of the composite indicators that were constructed
using different weighting methods. Finally, composite indicators were visualized for com-
munication and dissemination purposes.

3.1 Data

In the current study, TQLIs were compiled based on the indicator construction framework
presented in Fig. 1 and availability of data was also influential in the selection of indicators.

" The NUTS?2 regions of the EU countries as of 2021 can be seen in: https://ec.europa.eu/eurostat/web/

nuts/nuts-maps.
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Fig. 2 Different stages of construction of the composite indicator in our study

The indicators included in the study and their data sources are given in Table 7 in Appendix. It
is important to note that our key data sources are the databases obtained from Eurostat, Euro-
pean Environment Agency (EEA) and ESPON. There are also other data sources used in the
study which are detailed in Table 7. As it can be seen in the table, the data are provided at the
country (NUTSO0), regional (NUTS1 or NUTS2) or more local (NUTS3) levels. Therefore, all
the data were aggregated or disaggregated to the NUTS2 level, which is the statistical unit of
our study that we aim to construct the composite indicators.
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3.2 Estimation of the missing values in the dataset

The missing data are a vital issue in many statistical models and machine learning algorithms
given that these models mainly rely on complete data sets. There are different methods to deal
with the missing data problem ranging from simple approaches such as omitting the observa-
tions with missing values or mean imputation (Little & Rubin, 1987) for more sophisticated
ones such as regression models (Bo et al., 2004), expectation—-maximization (EM) approach
(Nelwamondo et al., 2007) or nonparametric methods including classification and regression
trees (CART) (Burgette & Reiter, 2010) and K-nearest neighbour (K-NN) (Tutz & Ramdan,
2014).

Because we had issues of multicollinearity and nonlinearity observed across parameters
in the original dataset, we used classification with random forest (RF) approach, which is
nonparametric and does not rely on distributional assumptions on the data (see Stekhoven
& Biihlmann, 2012). According to the RF proximity imputation technique, the data are first
roughly imputed using strawman imputation. Here, missing values for continuous variables
are imputed using the median of non-missing values, and for missing categorical variables,
the most frequently occurring non-missing value is used (Tang & Ishwaran, 2017). The RF is
fitted to this imputed data. Using the resulting forest, the nx n (n is the sample size) symmetric
proximity matrix is computed and used to impute the original missing values. For continuous
predictors, the proximity weighted average of non-missing data is used; and for categorical
predictors, the largest average proximity over non-missing data is used. The updated data are
used to grow a new RF, and the procedure is iterated. The details on RF classification will be
elaborated in the following sections.

3.3 Normalization of indicators

Prior to the PCA, all the indicators were standardized so that the indicators have values
between 0 and 1. For a positive indicator, we used Eq. (1); and to represent a negative indica-
tor, Eq. (2) being used.

(x,-j — min(xi))

% = ey

(max(xi) — min(xi))

(xl»j - min(xl-))

gp=1-

2

(max(x,-) — min(xi))

3.4 Principal component analysis (PCA) used for re-arrangement of indicators

Although indicator system can provide comprehensive information on the quality of life at
the territorial or city scale, it is important to note that individual indicators, which are gen-
erally correlated with each other, may provide unnecessarily repetitive information. To set
it differently, instead of using all the available indicators, the use of a set of comprehensive
indicators is more manageable and handy from the perspective of policy makers and urban
managers (Fraser et al., 2006; Liu et al., 2020; Newman, 1999). Therefore, the aim should
be to minimize the overlapping information among individual indicators through construct-
ing a comprehensive set of indices that represent the quality of urban liveability in regions

@ Springer



Building composite indicators for the territorial quality...

and cities. To this aim, principal component analysis (PCA) provides the means to trans-
form the correlated indicators into a new set of uncorrelated variables under the condition
of maintaining the main information of the given sample. PCA quantifies how each indica-
tor relates to the others in a given factorial space -where rotation of factors is performed
(i.e. orthogonal vs. oblique rotations), which provides an understanding of whether differ-
ent indicators correspond to the same factor; being therefore correlated. This allows us to
identify the set of comprehensive indicators that better help explain differences in quality
of living. PCA was applied to the 109 indicators which represent the total number of sub-
indicators that are available at the regional level for the EU member states.

The principal components (PCs) were extracted according to the eigenvalue criterion
where usually eigenvalues greater than 1.0 and in other cases greater than 0.5 are explan-
atory. The proportion of variance among the original variables that is explained by the
corresponding PC was calculated next. Here, the values close to 1 indicated that common
factors well represent the main information of the original indicators whereas values close
to 0 indicated the opposite. This is followed by obtaining the PC matrix, also known as
the PC loadings that showed weight of each PC in relation to each original indicator. The
final matrix was rotated using the varimax criterion® to obtain loadings that would assist in
calculating the final values for each PC. Regarding the PC loadings, PC score coefficients
were examined and only one indicator associated with the highest score coefficient was
selected from each PC to represent the other correlated indicators corresponding to the
same PC loading. Therefore, we reduced the number of indicators to 30 and constructed a
set of comprehensive indicators to analyse the territorial quality of living in Europe.

3.5 Weighting methods used in the study

As the literature suggests, there is no unique method for weighting the indicators. In fact,
it is asserted by European Commission (EC) that “no uniformly agreed methodology exists
to weight individual indicators before aggregating them into a composite indicator” (EC,
2021). For comparative purposes, the current study focuses on five different weighting
methods which are: (1) entropy-weight method, (2) PCA, (3) random forest (RF) classifica-
tion, (4) regression analysis, and (5) BOD.

3.5.1 Entropy-weight method

The entropy-weight method, which was initially developed by Shannon and Weaver (1947),
is based on measuring the uncertainty in information, which relates to probability theory.
Originally, the concept of entropy was measured by ‘H’, which satisfies some properties
for all p; within an estimated joint probability distribution P. It was shown that the only
function which satisfies these properties is H = — Z:’ pilog(p;)(Shannon & Weaver, 1947).
If there is large difference between the alternatives, the criterion will give large amount
of information and is therefore considered as an important factor. Nevertheless, it can be

2 Varimax searches for a rotation (a linear combination) of the ori 'nal factors such that the variance of the
loadings is maximized where we maximize the equation:v = Y. (¢ L_]jz z) with q g being the squared
loading of the jth variable on the I factor and g q -, is the mean of the squared loadings. Followmg a varimax
rotation, each original variable tends to be aﬂsomated with one (or a small number) of factors, and each fac-
tor represents only a small number of variables.
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applied for the assessment of significance of the factors in the multicriteria analysis (Del-
gado-Villanueva & Romero Gil, 2016). Assuming that there are m objects for evaluation,
each having n evaluation criteria, the decision matrix can be formed as: X= {z,-j; i=1,....m;
j=1,...,n}. The decision matrix ‘X’ is normalized for each criterion Cj where Pij represents
the normalized values.

Zij

Py = T A3)

i=1 Zij

The entropy E; of each criterion C; is calculated as given in Eq. (4)
m
E =—-g ) Pyin(Py) 4)
i=1

where g is a constant, i.e. g=(In(m))~'. Given E; the degree of divergence D; of the intrin-
sic information in each criterion C; is calculated in Eq. (5). Finally, the entropy weight w;
of each criterion C; is calculated by Eq. (6).

D;=1-E Q)

D;

=5 (©)

j=1"J

3.5.2 PCA method

Intending to compute the weights of the indicators, we applied the PCA to the selected
comprehensive indicator set having a total of 30 indicators, which were explained in
Sect. 3.2. For the selection of factors, we followed the standard principles explained in
Nicoletti et al. (1999), which include: (i) the associated eigenvalues need to be greater than
one; (ii) the factor should contribute individually to the explanation of overall variance by
more than 10%; (iii) the factor contributes cumulatively to the overall variance by more
than 60%. In our case, the factors with eigenvalues larger than 1 are the first eight, some
of which explained individually more than 10% of the total variance while some others are
less than 10%, and overall they accounted for more than 65% of the variance. The weights
were constructed from the matrix of factor loadings following the rotation (e.g. varimax).
In the subject matrix, the square of factor loadings represents the proportion of the total
unit variance of the indicator which is explained by the factor. This is aligned with the
approach introduced by Nicoletti et al. (1999) in that the subject study is based on grouping
the sub-indicators with the highest factor loadings in intermediate composite indicators.
In our case, there are eight intermediate composite indicators.® After determination of the
weights of all indicators, these were standardized so that all the weights sum up to 1.

3 As an example, the first composite includes X1 (weight: 0.162), X23 (weight: 0.093), X29 (weight:

0.119), X42 (weight: 0.067), X43 (weight: 0.107). The second is formed by X71 (weight: 0.096), X76
(weight: 0.064), X87 (weight: 0.172), X90 (weight: 0.148), X94 (weight: 0.126), and the third only by X14
(weight: 0.096) (see Table 7 in Appendix for the indicator codes and their explanation).
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3.5.3 Machine learning approaches (random forest)

Random forests (RF) (Breiman, 2001) are examples of nonparametric techniques consist-
ing of a combination of tree predictors where each tree is generated from different subsets
from the training dataset using a random vector sampled independently from the input vec-
tor. Bagging is a method to generate a training data set by randomly drawing data from the
original dataset or a randomly selected part of the training set be used for the construction
of individual trees for each feature combination (Breiman, 1996). In the RF applications,
training set generally consists about 70% of the data from the original dataset, leaving
about one-third of the data out from every tree grown. The latter is the so-called ‘out-of-
bag’ (OOB) (out of the bootstrap sampling) data. The number of variables used (n) at each
node to generate a tree and the number of trees to be grown (k) are user-defined parameters
considered in RF classifications. At each node of the tree, a subset of randomly chosen
parameters is selected and the predictor variable resulting in the best split is used to do a
binary split on that node (Liaw & Wiener, 2002). Each tree gives a classification which
is validated using the OOB data and the RF predictor is formed by averaging of gener-
alization error over k trees. In comparison to parametric techniques, this method provides
higher prediction accuracy and provides information about the underlying modelling mech-
anism as well as reporting the importance of the predictor variables.

Gini Index (Breiman et al., 1984) is one of the commonly used variable selection meas-
ures in tree induction, which measures impurity of a variable with respect to output. Gini
importance score provides a relative ranking of the features, which is a by-product in the
training of the random forest classifier: at each node = within the binary trees 7 of the random
forest, the optimal split is sought using the Gini impurity i(z) measuring how well a potential
split is separating the samples of the two classes in this particular node (Breiman, 2001).* In
fact, Gini importance can be used as a general indicator of feature relevance (Menze et al.,
2009). The RF classification approach applied in this study used the Gini Index as a proxy for
measuring the importance of each indicator, which were used as weights. These weights were
normalized to sum up to one prior to the application to the subject indicators.

3.5.4 Regression approach

Linear regression models explicate the relationship between a large number of indicators
X;» Xy ..X,,; and an output measure Y;, being the objective to be attained. A multiple (lin-
ear) regression model is estimated to find out the relative weights of sub-indicators, which
is given as ¥, = & + f,X,; + - + f},X,; where 1 = 1, ..., M where Y, indicates the objective
that sub-indicators aim to measure, « is the constant, and j,,..., §, are the regression coeffi-
cients (weights) of the associated sub-indicators represented by X|,,...,X,,. The equation was
estimated with OLS technique using our comprehensive set of indicators being independent
variables; and EU territorial quality index constructed in the EU ESPON, 2020 Cooperation

4 Gini impurity i(z) can be calculated as: i(t) = 1 — pl /’o where p, = L bemg the fraction of the n; sam-
ples from the class k = {0, 1} out of the total of n samples at node 7. Its fncrease Ai that results from split-
ting and sending the samples to two sub-nodes T, and T, by a threshold t;, on variable € is defined as:
Ai(t) = i(tr) — p,i(t)) — p,i(z,). Concerning all variables 6 available at the node and all possible thresholds
to, the pair {6, 7, } leading to a maximal Ai is determined. The decrease in Gini impurity resulting from this
optimal split Aiy(z,T) is recorded and accumulated for all nodes 7 in all trees T in the forest, individually
for all variables 6: I5(0) = Y Y, Aig(z, T). The resulting Gini importance index (I) indicates how often a

T t
particular feature 8 was selected for a split and how large its overall discriminative value was for the classi-
fication problem (see Menze et al., 2009 for the formulas).
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Programme (see ESPON, 2020) was considered as the dependent variable. The coefficient
estimated from the regression model quantifies the relative effect of each indicator on the
measured output; therefore, we used the estimates of regression coefficients as weights in
order to construct the composite indicator at the regional level in Europe.

3.5.5 Benefit-of-the-doubt

The data envelopment analysis (DEA) centres on measuring relative efficiency of homo-
geneous set of decision making units (DMUs) through applying linear programming tools
(Charnes et al., 1978). Benefit-of-the-doubt (BOD) approach, originally developed for the
macroeconomic performance assessment and recently adopted to the index theory, is an
application of the DEA (Cherchye & Kuosmanen, 2002). Following Melyn and Moesen
(1991) and Cherchye et al. (2007), the BOD model has been increasingly used for con-
structing composite indicators (CIs). The composite indicator is defined as the ratio of a
country’s (or region’s) performance over its benchmark performance:
Zgl L4iWgi

M
2imi LW,

ClL =

L

)

where 1, is the normalized score of g sub-indicator (g=1,...,Q) for country i and Wy, is
the corresponding weight. Cherchye et al. (2004) suggested the method of solving a maxi-
mization problem for obtaining the benchmark:

[Y
I =I'(w) = argmax <2 quwq) )
g=1

Ike(1,...M)

I* is the score of the hypothetical country that maximizes the overall performance
given a set of weights w. The next step is the determination of optimum set of weights
for each country, which is obtained by solving the following problem in Eq. (9) subject
to non-negativity constraints on weights.

[
Zq:l Iqiwqi

CIf = argmax

1
Wepd=l.Q  pax < ¢ I.w >
Lke(l,..M) Z‘Fl k" qi

where i=1,...,.M 9)

The resulting composite index takes values between 0 and 1 where O is the lowest
possible performance and 1 is the benchmark value. Equation (9) can be reduced to a
linear programming problem through multiplying all weights by a common factor and
solving the following optimization problem.
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Q
jol—
CIY = argmax Z Liwgi
gq=1

wqi
st
9]
2q=1 Lywy <1
quZO
Vi=1,....MNg=1,....0

(10)

Regarding the BOD model, initially a 5% restriction was imposed to the lower weight
bound value so that each sub-indicator should have a relative contribution of at least 5% to
the CI value. The reason for imposing such a restriction is that CIs cannot be constructed
by excluding some of its constituent sub-indicators through assigning a corresponding zero
weight value (Rogge, 2018). In fact, all dimensions contributing to the CI value should be
considered in the analysis aiming to provide at least some valuable information.

3.6 Aggregation of indicators

To calculate a region’s quality of life index, we multiply our comprehensive set of indi-
cators (of 30) with the corresponding weights obtained from the first four approaches
(entropy-weight, PCA, RF and regression model) and sum them up separately to represent
the impacts of weights obtained from four different methods on the Territorial Quality of
Life Index (TQLI) for each of the NUTS2 regions (Eq. 11).

Y
TQLI = Zczq,.wq where g=1,...,0;i=1,....M
P (11)

with } w,=1;0<w, <1

In Eq. (11), CI,; is the gth composite indicator assigned to region i that was normalized
and selected by the PCA model, and w, is the corresponding weight of the gth indica-
tor. BOD model assigns virtual weights in the process of computing CIs, and the subject
method provides TQLIs computed as the model outcome. Therefore, Eq. (11) does not
apply to BOD model and we present the estimations from the subject model directly pro-
vided as TQLIs.

3.7 Sensitivity analysis

For conducting sensitivity analysis, the model can be written as follows:
Y =0, %, 0 x,) (12)

where the x; are the input variables and y is named as the model response. Through apply-
ing sensitivity analysis, we aim to quantify the influence of input factors on the model
outcome. The application of sensitivity analysis techniques enables the exploration of the
entire interval for each input variable and is not based on any assumption on the model’s
structure (e.g. linearity or additivity). As highlighted by Chen et al. (2010), the applica-
tion of sensitivity analysis increases the compatibility of results. In the case of our model,
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we consider the influence of change in indicator weights on the model outcome. As in all
sensitivity analysis methods, we will examine the relative influence of each x; on y through
searching the value of dy/dx;, which is known as the i-th elemental effect (EE;) employing
an one factor at a time (OAT) calculation scheme which fixes at each step all input vari-
ables except the one the effect of which is being calculated.

In the current study, we conducted a sensitivity analysis for different ranges to all
criteria, which are the composite indicators that were computed through the applica-
tion of alternative weighting methods. Following Romano et al. (2015) and Ustaoglu
and Aydinoglu (2020), sensitivity testing was applied to the highest weights which
were computed using entropy-weight, PCA, RF, and regression analysis approaches.
Regarding the BOD method, the weights of each criterion were computed virtually
in the model; therefore it is not possible to change the weights manually to search
for its impact on the model outcomes. In the BOD model, initially a 5% restriction
was imposed to the lower weight bound value. For the purpose of sensitivity analysis,
the model outcomes corresponding to 5% restriction were compared to the outcomes
where a 2.5% restriction was applied to the lower weight bound value.

Regarding the weights obtained from entropy-weight, PCA, RF and regression anal-
ysis, a series of sensitivity analysis was performed where a quarter percent changed
each criterion weight (i.e. the highest weight) (e.g. +25,+50,+75%) (see Chen et al.,
2010; Perpina et al., 2013). Changing the value of x; in Eq. (12), it should be noted
that the weights of the remaining variables were adjusted proportionally so that it sat-
isfies the additivity constraint where all weights sum up to one. The summary of the
sensitivity analysis applied in this study is given in Table 2. The results on sensitivity
analysis will be elaborated later on in Sect. 4.3.

4 Results
4.1 Selection of the indicators from PCA

Table 3 shows the individual variance explained from each PC and the indicators
selected from each PC based on their high score coefficients. Because thirty PC were
retained, the total number of selected indicators from each PC sums up to thirty. These
are the highlighted indicators in Table 3 with bold colour; also including those given
in the table notes. From Table 3, we note that the first eighteen PCs account to more
than 80% of data variance: 26.6, 10.8 and 8.4% for the first, second and third factors,
respectively. Correlations between indicators and PCs indicate that the first factor is
mainly correlated to governance indicators, while the second and the third factors are
correlated to economic development and health & work indicators, respectively. PCs
correlations to other factors can be seen in Table 3.

4.2 Main results from TQLIs based on different weighting methods

The weights that were computed based on the application of four different methods
(entropy-weight, PCA, RF, regression analysis) are presented in Fig. 3. In the figure, the
most notable result is that the two highest weights associated with X23 (higher education
attainment rate) and X41 (life expectancy) indicators were obtained from the regression
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Table 2 Criteria for sensitivity analysis

Weights of the sub-indica- ~ Method used for the weight  Sensitivity Test

tors subject to sensitivity calculation
testing
Development of urban use  Entropy-weight +25%,+50%,+75% change in the value of
per capita (X79) the highest weights
Emissions of CO2 per capita PCA +25%,+50%,+75% change in the value of
(X58) the highest weights
Control of corruption (X1)  Random forest +25%,+50%, +75% change in the value of
the highest weights
Life expectancy (X41) Regression analysis +25%, +50%, +75% change in the value of
the highest weights
NA BOD 5% and 2.5% restrictions were imposed to

lower weight bound value

analysis approach. Other methods, i.e. RF, entropy-weight and PCA, have also provided
considerably high weights regarding X1 (control of corruption), X41 (life expectancy) and
X58 (CO2 emissions per capita) indicators, respectively. The weights of the remaining
indicators are relatively smaller where the regression analysis method produced the small-
est weights particularly for the X67 (supply—demand balance from water retention index),
X69 (fresh water consumption), X85 (total employment in CBM sectors) and X25 (early
school leavers) indicators. Based on entropy-weight and RF approaches, the influence
of X14 (crime rates), X25 (early school leavers), and X103 (change in a number of days
with snow cover) are fairly equal, whereas it is the case for X87 (poor access to primary
schools), X90 (ratio of closest doctors), and X95 (poor accessibility to shops) indicators
when PCA and regression analysis methods were used. The top five indicators that retained
the highest weighting based on the weighting method used in the analysis are summarized
in Table 4. We note from the table that the highly weighted sub-indicators are mainly asso-
ciated with environment, governance, health, education and work classifications. It is clear
from these findings that the use of different methods for the calculation of weights resulted
in significant differences in the distribution of weights associated with each of the sub-
indicator specified in the study.

Figure 4 presents the values of TQLIs resulting from the use of five different methods
where the warm colours show the lower index values with cold colours indicating the high-
est values. From the figure, the distribution of index values across the EU countries seems
to be similar when entropy-weight and PCA were used as the indicator weighting schemes
in the construction of composite indicators. There are also similarities in the index val-
ues that were computed from RF classification and regression analysis methods. Although
there are similarities of the index values computed for particular NUTS2 regions, the dis-
tribution of index values is considerably different in the case of BOD in comparison with
index values developed from other weighting methods. Further differences in the distri-
bution of index values can be seen in Fig. 5, which presents the frequency distribution
of TQLIs based on the use of alternative weighting methods. Overall, though there are
similarities, the distribution and ranking of index values vary significantly for each of the
alternative weighting method used in the analysis.

It appeared from the index values computed from entropy-weight, PCA, RF and regres-
sion approaches that Sweden and Finland are the two countries reported the highest value
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Table 3 Variance explained by principal components and selected indicators

PC number PC name PC loadings> 1.0 Code Variance
Original variables explained (%)
1 Governance Control of Corruption X1 26.6
Government Effectiveness X2
Regulatory Quality X4
Rule of Law X5
Voice and Accountability X6
Public service quality X8
Impartiality X9
Corruption in public services X10
Trust in the legal system X12
Not employed persons (% pop15_29) X30
Internet at home X31
2 Economic Road accident fatalities X40 10.8
Develop- Disposable income of households X44
ment Total employment (btw 15-64) X46
Unemployment X47
Employment in high-tech sectors X49
Employment in Science & Technology X50
Total waste production (metric tones) X60

Total turnover generated by material providers’ activities ~ X82
(million euro)

Total employment in technology providers sectors X83

Total turnover generated by technology providers sectors X84
(million euro)

3 Health & Lower secondary education completion (%pop25-64) X24 8.4
Work Involuntary part-time/temporary employment X27
Hearth diseases death rate X36
Premature mortality (<65) X39
Life expectancy X41
MEAN_PM2.5 emissions X56
MEAN_PM10 emissions X57
4 Access to Poor access to primary schools X87 8.1
Services Poor access to secondary schools X88
Poor access to hospitals X89
Poor access to pharmacies X91
Poor access to bank offices X92
Poor access to train station X93
Poor access to shops X96
Poor access to regional centres X97
5 Environmen-  Coverage percentage of GI within a region (%) X66 5.7
tal Quality  Share of agricultural area in protected areas X75
Percentage share of agricultural use areas X78
Employment in material providers for the circular X81
economy

Change in annual mean number of days with snow cover X103
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Table 3 (continued)

PC number PC name PC loadings> 1.0 Code Variance
Original variables explained (%)
6 Soil Protec- MEAN_Ozone3 emissions X55 3.7
tion
Soil retention X71
Soil sealing in a region X74
Percentage share of agricultural use areas X78
Annual amount of raw material extracted from natural X80
environment (1000 tones)
7 Quality and Burdensome cost of housing X18 32
Afford- Lack of adequate heating X22
ability of
Housi Early school leavers X25
ousing
MEAN_PM10 emissions X57
Uncollected sewage X62
Development of urban use per capita 2000-2018 X79
8 Green Land Green infrastructure initiatives X7 2.8
Higher education attainment rate (%) pop_25_64 X23
Cancer death rate X35
EU trademark applications per million inhabitant X52
Forest area within a region between 2012_2018 X72
9 Security of Political Stability and Absence of Violence/Terrorism X3 2.1
Citizens Assaulted/Mugged (%) X17
Higher education attainment rate (%) pop_25_64 X23
Early school leavers (%) X25
10 Quality of Internet access (%) X34 2
Public Unmet medical needs (%) X42
Services . .
CO, emissions per capita X58
Sewage treatment X63
12 Public Health ~ Cancer death rate X35 1.5
EU trademark applications per million inhabitant X52
Uncollected sewage X62
13 Education &  Early school leavers X25 1.4
Environ- CO, emissions per capita X58
t
e Electricity generated by renewable energy sources (PJ) X59
Area of NATURA2000 areas relative to NUTS2 region X73
area
14 Quality of Crime rates X14 1.3
CQmmunl- Higher education attainment rate (%) pop_25_64 X23
ties
Community design applications per million inhabitants X53
Area of NATURA2000 areas relative to NUTS2 X73
region area
Crime rates X14 1.3
Higher education attainment rate (%) pop_25_64 X23
Community design applications per million inhabitants X53
Area of NATURA2000 areas relative to NUTS2 region X73
area
15 Security Money stolen X16 1.1
of Urban Lifelong learning X29
Areas
Cancer death rate X35
Number of vulnerability causes X65
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Table 3 (continued)

PC number PC name PC loadings> 1.0 Code Variance
Original variables explained (%)
16 Environmen- ~ Number of hazards Xo64 1
tal Sustain- o .
ability Total employment in Circular Business Models (CBM) X85
sectors
Total turnover generated by CBM sectors X86
Poor accessibility to shops X95
17 Social Well-  Housing quality X19 1
being Suicide death rate X37
18 Basic Human  Assaulted/Mugged X17 0.9
Needs Unmet medical needs X42
Insufficient food X43
Total variance 0.83

explained

Other than these, the selected indicators from PC loadings> 0.5 are: PC-19: Share of urban area in pro-
tected areas (X76); PC-20: Freshwater consumption (Lt/day/capita) (X69); PC-21: Supply—demand balance
quantified by Water Retention Index (X67); PC-22: Early school leavers (X25); PC-23: Electricity gener-
ated by renewable energy sources (PJ) (X59); PC-24: Area of NATURA2000 land relative to NUTS2 region
area (X73); PC-25: Crime rates (X14); PC-26: Municipal solid waste recycling rate (X61); PC-27: Total
employment in CBM sectors (X85); PC-28: Soil retention (X71); PC-29: Ratio of closest doctors (X90);
PC-30: Poor access to urban morphological zones (jobs) (X94)

0l
= Weights (Entropy)  ®Weights (PCA)  ®Weights (RF)  ®Weights (Regression)

02

0.0%

Waights

Jm M i Lol

X1 XI14 XI7 XI19 X23 9 X35 X41 X42 X4} X350 XSS XS8 X59¢ X61 X67 Né9 76 X79 X&5 X87 XSO X904 X9

Sub-criteria

Fig.3 Weights obtained from entropy-weight, PCA, RF and regression methods

of territorial quality of life in Europe. This is also true for some other NUTS2 regions that
are located mostly in western EU countries but they are small in number. In general, these
cover capital regions and regions comprising large cities indicating that high quality of
life indices were observed in Paris, Brussels but also in regions like Warsaw in Poland,
Lisbon and Porto in Portugal, Wien in Austria, Prague in Czech Republic and others. The
lowest values were reported for the regions in Eastern Europe, particularly for Bulgaria
and Romania. According to BOD method, the regions in Sweden, Denmark, Netherlands,
Belgium, western Germany, western France and northern Spain account for the highest
values of territorial quality of life whereas Eastern Europe and some Baltic countries (i.e.
Lithuania and Latvia) reported the lowest values. This also includes some wider parts of
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Table 4 The top weighted (sub) indicators across four different weighting methods

Weighting method Main indicator Top weighted sub-indicators Weights
Entropy-weight Environment (Land) 1) X79 (Development of urban use 0.059
per capita)
Health 2) X35 (Cancer diseases death rate) 0.055
Education & Work 3) X23 (Higher education attainment  0.054
rate)
Environment (Green Infrastructure) 4) X73 (Area of NATURA2000 areas) 0.05
Environment (Air quality) 5) X55 (Mean Ozone3 concentration)  0.049
PCA Environment (Air quality) 1) X58 (CO, emissions per capita) 0.083
Environment (Green Infrastructure) 2) X73 (Area of NATURA2000 areas) 0.049
Health 3) X35 (Cancer diseases death rate) 0.047
Health 4) X41 (Life expectancy) 0.047
Environment (Land) 5) X79 (Development of urban use 0.046
per capita)
RF Governance 1) X1 (Control of corruption) 0.109
Health 2) X41 (Life expectancy) 0.083
Environment (Waste) 3) X61 (Municipal solid waste recy- 0.06
cling rate)
Environment (Water) 4) X69 (Freshwater consumption) 0.06
Education & Work 5) X29 (Lifelong learning) 0.057
Regression Health 1) X41 (Life expectancy) 0.128
Education & Work 2) X23 (Higher education attainment ~ 0.111
rate)
Governance 3) X1 (Control of corruption) 0.093
Environment (Air quality) 4) X58 (CO, emissions per capita) 0.072

Environment (Green Infrastructure) 5) X73 (Area of NATURA2000 areas) 0.058

Mediterranean countries where southern Italy and Greece are such examples that are asso-
ciated with low performance values in terms of territorial quality of living.

Table 5 presents the descriptive statistics of TQLIs with respect to the five different
weighting methods used in the analysis. As shown in the table, territorial quality of life
in European regions has a mean value ranging from 0.499+0.064 SD to 0.622+0.187
SD; the former represents the value from entropy-weight method, while the latter is the
value from the BOD. The min and max index values range between 0.06 and 0.96, both
reported from the BOD method. The intervals of min and max values are quite similar for
the regression and RF classification approaches. These intervals are quite different regard-
ing entropy-weight and PCA methods, the former ranges between 0.29 and 0.66 and the
latter between 0.41 and 0.71. Examining the correlations among territorial quality of life
indices developed from different weighting methods (Table 6) indicated that TQLIs from
entropy-weight method have a high and significant correlation coefficient with those devel-
oped from the PCA. The TQLIs from RF classification method also correlate well with the
indices obtained from regression analysis approach, and have the lowest correlation with
those of the BOD method. We note that TQLIs from BOD method in general have the low-
est correlations with the rest of the indices developed from entropy-weight, PCA, RF and
regression approaches. This is mainly due to the fact that different from other methods, the
indices constructed by BOD are ratio based where the relative performance of a particular
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Fig.4 Spatial distribution of the TQLI based on the results of different weighting methods applied to EU
countries
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Fig.5 Frequency distribution of Composite Indicators (CIs) (i.e. TQLIs) based on alternative weighting
methods

unit is compared with a benchmark performance value, which is acquired endogenously
through linear optimization. Here the benchmark is based on the maximum weighted sum
of a decision unit which applies the same weight as the one to be assessed in the analysis.
Therefore, the benchmark can be unit dependent if no decision unit has the highest score
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Table 5. De.scripti\./e stati.stigs of Method Mean SD Min Max
the territorial quality of life in

EU countries based on different .
weighting methods TQLI (entropy-weight) 0.499 0.064 0.29 0.66

TQLI (PCA) 0.569 0.055 0.41 0.71
TQLI (regression) 0.561 0.083 0.34 0.72
TQLI (RF) 0.584 0.092 0.35 0.75
TQLI (BOD) 0.622 0.187 0.06 0.96

Table 6 Correlation among indices of territorial quality of life from different weighting methods

TQLI TQLI (PCA) TQLI(RF) TQLI (regression) TQLI (BOD)
(entropy-
weight)

TQLI (entropy-weight) 1

TQLI (PCA) 0.968* 1

TQLI (RF) 0.902* 0.908°* 1

TQLI (regression) 0.917* 0.921* 0.942%* 1

TQLI (BOD) 0.547* 0.556* 0.628* 0.541%* 1

TOQLI Territorial Quality of Life Indicators; *significance at 10% level

in all indicators. This implies that there is no unique benchmark applicable in the subject
method for the decision units considered in the study.

4.3 Findings from sensitivity analysis

Figure 6 presents the one factor at a time (OAT) sensitivity analysis applied to the weights
of the sub-indicators where the highest weights were changed+25,+50, and+75%
(Table 2) and the remaining weights were adjusted accordingly so that the weights sum up
to one. The results in Fig. 6 represent each of the four weighting schemes used in the analy-
sis. The percentage change in the composite indicator value when there are quarter percent
changes in the value of weights varied between —0.28 and 0.32 in entropy-weight method;
—0.75 and 1.50 in PCA; —0.50 and 1.20 in RF; and —0.50 and 0.75 in regression analysis
approaches. Therefore, entropy-weight method showed the least sensitivity of the changes
in the values of composite indicators to the changes in value of weights, which is followed
by regression and RF methods, respectively. The highest sensitivities were observed in the
model which applied the PCA method for the calculation of weights.

Because OAT sensitivity analysis is not applicable to the BOD method, the BOD model
outcomes corresponding to 5% restriction were compared to the outcomes where a 2.5%
restriction was applied to the lower weight bound value. The resulting percentage changes
in the value of composite indicators are presented in Fig. 7. From the figure, the composite
indicator values are highly sensitive to the changes in the lower weight bound value. More
than 100% changes in the value of composite indicators were observed for the NUTS2
regions located in Greece, Germany, Bulgaria, Italy and Netherlands. The smallest changes
were observed for the NUTS2 regions in Poland, France, Finland, Belgium and Austria.
The changes reported for other regions range between —75% and +75%.
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Fig. 7 Results of sensitivity analysis applied to BOD model. Note The figure demonstrates % change in the
value of composite indicators for each NUTS2 region following the sensitivity analysis applied to BOD
model

5 Discussion

Although there has been rising awareness by government and public on urban quality of life
particularly in the recent decades, quality of urban living is still understudied, especially at
the NUTS regional level in the EU member states. Based on our constructed set of indica-
tors aligned with the social, economic and environmental aspects of sustainability, this study
aimed to fill the gap in the literature through searching the impact of using five different
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weighting methods in the construction of composite indicators on the ranking and value
of Territorial Quality of Life (TQL) indices in Europe. The findings from this study not
only adds further evidence to support policy making and strategy development regarding
the NUTS2 regions in Europe but contribute to the literature from two perspectives. First,
this study presents an enhanced methodological framework in the construction of composite
indicators (Booysen, 2002; Nardo et al., 2005) that is based on data preparation, normaliza-
tion, statistical transformation of raw data, reduction of indicators in order to ease public
communication and data interpretation, weighting of the sub-indicators and their aggrega-
tion, and checking for robustness and sensitivity applied to the TQLISs at the regional level in
Europe as specified in the study. This methodological framework can be applied in any study
aimed to construct composite indicators to assess urban and regional quality of living (Mori
& Yamashita, 2015; Pravitasari et al., 2018) or to research other sustainability-related top-
ics such as social progress (Jitmaneeroj, 2017), competitiveness and innovativeness (Annoni
& Dijkstra, 2013; Myszczyszyn et al., 2021), transportation (Reisi et al., 2014), agriculture
(Xavier et al., 2018), ecosystems and environment (Smith et al., 2013) or energy (Mainali
et al., 2014). Second, we showed that the values and rankings of composite indicators are
dependent on how the sub-indicators are weighted through focusing on five different data-
based weighting methods in the construction of composite indicators. We mainly consid-
ered assessing the data-based weighting methods in the study and excluded the expert-based
approaches for two reasons: First, there is a high cost of organizing stakeholders that should
evaluate the sub (indicators) at the pan-European level. Second, weighting methods based
on expert views are more powerful at finer scales than coarser scales (Gan et al., 2017)
given that public opinions on controversial issues are spatially auto correlated (Van de Kerk
& Manuel, 2008). This implies that expert-based evaluations reflect the local conditions and
they cannot be adopted to larger scales (Gan et al., 2017). In fact, statistical approaches are
more effective in coarse spatial scales (Mayer, 2008) which is the case in our study which
rely on political boundaries of the NUTS2 regions in Europe.

Through the application of sensitivity analysis, we analysed the robustness of five alter-
native weighting methods. Therefore, the results from sensitivity analysis can serve as an
input to other studies in their selection of the most appropriate weighting method to be
used for their construction of composite indicators. Sensitivity analysis showed that TQLIs
are less sensitive to the changes in weights computed from entropy-weight method, which
can be considered as a robust and flexible method in the construction of composite indica-
tors. The sensitivities of TQLIs to the changes in weights are relatively higher in the PCA
and RF classification methods in comparison to entropy-weight method, and we found
modest sensitivities in the case of regression analysis approach. From the sensitivity analy-
sis applied to BOD, we found very high sensitivities in the model outcomes particularly for
some NUTS2 regions located in Greece, and there are also some others in Italy, Germany
and Bulgaria accounting for 100-500% changes in the index values when there is 2.5%
change in the restriction applied to the lower weight bound value. We conclude that the
highest sensitivities were observed in the BOD method; and therefore there are increasing
input uncertainties in the construction of composite indicators resulting from the BOD.

In the literature, there is no clear justification in the choice for one weighting method
rather than another. That is because each method has its advantages and disadvantages. For
instance, the main advantage of the entropy-weight method is that it calculates the weights
avoiding the influence of subjective factors. But this way, it does not account the deci-
sion makers’ preferences on the specified indicators. To encounter the preferences of deci-
sion makers into the analysis, the entropy method is now widely integrated to well-known
multicriteria analysis approaches such as AHP (Zhao & Wang, 2019), Fuzzy Best—Worst
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(Tian et al., 2018), VIKOR (Fei et al., 2019) and TOPSIS (Li et al., 2014) models. Regard-
ing PCA, one advantage using the subject method is that the model does not introduce
any manipulation of weights through ad-hoc restrictions (Chen et al., 2020; Nardo et al.,
2005) and it reduces the risk of double weighting which may occur in the equal weighting
method (Islam et al., 2020; Yeheyis et al., 2013). There are also a number of drawbacks
with the use of the PCA model: First, the meaning of the factors which are extracted using
the PCA may be difficult to interpret given that some unrelated indicators may be grouped
into the same factor due to high correlations with the subject factor (Gan et al., 2017).
Second, the method is sensitive to modifications of the original data which may change the
set of weights used in the composite (Nardo et al., 2005). Further, the optimum number
of dimensions can change if different methods for factor extraction and rotation are used
(OECD, 2008). Another disadvantage of the method is that it is sensitive to the presence of
outliers and small sample problems that may result in difficulties in the statistical identifi-
cation and economic interpretation (Nardo et al., 2005). Regression analysis, on the other
hand, is a useful technique that uncovers the relationship between a set of indicators and
a single output. The method performs well even if the component indicators are not cor-
related and it is useful to update and validate the applied set of weights (Gan et al., 2017).
One limitation of the method is the multicollinearity issue which is common in sustainabil-
ity assessments. A possible solution to this problem is to associate the PCA with regression
analysis (Nardo et al., 2005; Ul-Saufie et al., 2013). A further limitation is the need of large
amount of data to produce estimates with specific statistical properties. With the use of the
data, it is expected that selected indicators can properly explain the variation of the objec-
tive variable, which is usually not the case. It is therefore important to select an appropri-
ate response variable which can reflect the main objective and be well explained by the
selected indicators (Gan et al., 2017).

RF models show good practical performance, particularly in high-dimensional settings.
In fact, the RF model can work well with large dimensional databases aimed at ranking pre-
dictors through retaining many benefits of decision trees but achieving better results through
the use of bagging on samples. Through introducing randomness to the data at the model-
ling level, RFs have been shown to produce accurate and robust results. One further advan-
tage of RFs is that the procedure automatically predicts the probability with which an item
belongs to a certain class (Guns & Rousseau, 2014). This is not the case, for instance, for
support vector machines and neural networks which require a time consuming cross-valida-
tion procedure to obtain probability estimates (Liaw & Wiener, 2002; Platt, 1999). Another
advantage of RF is that it allows to model nonlinear relationships and the technique is
robust against overfitting (Breiman, 2001). A disadvantage of applying the RF:s is that there
are growing computational intensity with the increase of calibration data and covariates as
well as the high sensitivity of predictions to input data quality. Different from the explained
four methods, BOD is an application of the DEA which optimizes the relative performance
of a given set of indicators through integrating the processes of weighting, aggregation and
index formation. Because weights are retrieved virtually in the model, this would help to
identify trade-offs that aim to mitigate some of the difficulties arising from linear aggrega-
tion methods (Nardo et al., 2005). The weights are selected to maximize the index for each
decision unit; therefore policy makers could not complain about unfair weighting. However,
impossible cross-country comparisons, multiplicity of potential results, incomparability
among the results, and lack of transparency in the weighting procedure are the major disad-
vantages of the subject method (Nardo et al., 2005; Yeheyis et al., 2013). From the sensitiv-
ity analysis, we found that entropy-weight method is the most robust one that has the least
sensitivity to the changes in weight values. To our knowledge, there is no published case
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study focusing on the assessment of the different statistical weighting methods, therefore
we are unable to compare our findings on the influence of weights on regions performances
with those of international findings. However, this can be specified as a future research topic
to provide cross-city/region or cross-country comparisons.

The results from the four different weighting methods (other than BOD) revealed that
territorial quality of living in Europe had a strong positive relationship particularly with the
environment, health, education and work, and governance dimensions. This is supported in
many studies arguing that urban quality of life is a multidimensional index that represents the
importance of each dimension of urban sustainability (Shen et al., 2011; Zhou et al., 2015;
Zoeteman et al., 2016; Yang et al., 2020). Environment and health have been assigned a pri-
mary role given that land consumption, green infrastructure, air pollution, waste and water,
and environmental health can have a significant role in the perceptions of territorial quality of
life of the European citizens. Education, institutional trust and good governance are the other
priorities given that high quality education and trust in governmental institutions are key fac-
tors for the quality of community life that can improve the quality of living in the EU member
states. Which factor contributes most to the satisfaction of territorial quality of living tend to
vary significantly based on the weighting method used in the analysis. From entropy-weight
and PCA, environment is the most significant factor associated with the highest weight among
other criteria, whereas it is the governance and health when RF and regression approaches
are used. Therefore, it is recommended that one needs to be cautious in the selection of the
weighting method for the construction of composite indicators and a sensitivity analysis is
certainly required that will assist in the method decisions.

6 Conclusion

The NUTS2 regions of the EU member states were used as our case study. We assessed
the territorial quality of life through focusing on sustainability indicators that were
normalized and reduced, weighted and aggregated to obtain the final composite indica-
tor values aimed at assessing the performance of the European regions. The results and
rankings of composite indicators rely on how the subindicators are weighted. To this
aim, this paper analysed the robustness of five alternative weighting methods (entropy-
weight, PCA, RF, regression and BOD) and compared the results obtained for TQLIs
related to each NUTS2 region. Our findings confirmed that the value and ranking of
TQLIs differ significantly with the use of different weighting methods. Therefore, the
end users need to understand how the indices were calculated and how the weighting
methodology may influence their performance.

From sensitivity analysis, we found that entropy-weight method is the most robust
one resulting in the lowest sensitivities to the changes in weights among others. By
contrast, the uncertainties are the highest in the case of the BOD method. Because
we did not cover the expert-based methods for the calculation of weights, these
can be considered in the future research where our findings can be compared with
those that will be obtained from expert-based approaches. However, it is important
to mention that a future construction of composite indicators based on expert-based
methods should consider NUTS2 regions in Europe as the unit of analysis for more
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accurate comparison. The methodological framework of the study can be adapted
to other study areas or regions to construct quality of life composite indicators. The
uncertainties in the construction of indicators are not only limited to the weighting
methods. There are other methodological issues including the data (i.e. the indica-
tors) included in the analysis, normalization and aggregation methods that influence
the value and ranking of the composite indicators. However, these can be specified
as future research topics.

The rankings of the TQLIs (Fig. 4) indicated that the regions in the Eastern Europe,
particularly Romania and Bulgaria, have resulted in the lowest indicator values. Low
performance values were also observed for Mediterranean regions including southern
Italy and Greece, and southern parts of Spain and Portugal are also included. Com-
pared to northern and western EU countries, the eastern countries and some regions of
the southern countries have relatively less economic development; also, they are facing
with problems regarding the natural environment, health, education, governance, and
institutional quality among others.

These findings have several policy implications. First, to improve territorial qual-
ity of living in the poor performance regions, EU and government authorities should
monitor the TQLIs and provide the means for regional and local authorities regard-
ing public investments and new regulations to improve the quality of life. Special
efforts need to be devoted to various kinds of environmental problems including air
pollution, land management, green infrastructure, waste treatment and clean water
provision along with public health, safety, education, institutional quality and gov-
ernance. Second, private sector, citizens and other stakeholders should be included
in policy co-creation processes during the planning and construction processes for
high quality cities. It is expected that they contribute to the definition of quality of
life as well as contribute to a better understanding of citizens’ needs for provision of
goods and services to improve quality of living in collaboration with regional and
local authorities. Lastly, the poor performance regions identified in this study should
be considered in the post-2020 EU Cohesion Policy Framework to support engag-
ing investments for facilitating economic recovery as well as providing high-quality
environment, convenient transportation, improved social services, good governance
and institutional quality.

Appendix

See Table 7.
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