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ARTICLE INFO ABSTRACT

JEL: Building sustainability composite indicators is a complex process that has been addressed according to different
Qo1 strategies. One interesting approach is based on the compromise between the maximum aggregate solution and
G5 the most balanced solution, by considering the most displaced indicator regarding the ideal. However, some
Q2 shortcomings were identified in this approach. First, several decision-making units may present an equal com-
I;‘Z:: ?::Eﬂity posite indicator, and hence the same position in the ranking, while corresponding to different sustainability

Composite indicators
Multi-criteria decision analysis
Normalized entropy

situations. Second, the use of only the maximum deviation to define the most balanced solution requires a more
integrated approach. Thus, this paper proposes a novel aggregation methodology for building sustainability
composite indicators, where a new normalized entropy indicator for the most balanced solution is proposed and

integrated with the sustainability criteria of the maximum aggregate solution and maximum deviation. The
method proposed was applied to two illustrative examples from the literature and provided promising and robust

results.

1. Introduction

One of the main purposes of natural systems is to provide goods and
services, whose consumption satisfies primary human needs
(Diaz-Balteiro et al., 2018). The use of these natural systems must pre-
serve the resources for future generations, representing the sustainable
development of a commitment between advancing human well-being
and the biosphere’s ecological limits (Moran et al., 2008).

Most studies have tried to measure sustainability using indicators
(UN, 2022; UNDP, 2019). An indicator is a quantitative or qualitative
measure derived from facts that can identify the relative position of a
decision-making unit (DMU). When analysed at regular intervals, an
indicator expresses the direction of change. Sustainability encompasses
economic, environmental, and social dimensions, which implies the
aggregation of different types of indicators into a composite indicator
(OECD, 2008).

Composite indicators should ideally measure multidimensional
concepts which cannot be captured by a single indicator (OECD, 2008).
Therefore, a composite indicator is a useful tool for performance com-
parisons, public communication and decision support in a wide spec-
trum of fields (Zhou et al., 2010).

* Corresponding author.

One of the main issues in composite indicators is the aggregation
scheme, since their quality and reliability depend greatly on the un-
derlying construction scheme and data aggregation (Zhou et al., 2010).
The OECD (2008) presents several methods for creating composite in-
dicators, including additive aggregation methods, geometric aggrega-
tion, and a non-compensatory multi-criteria approach. Several authors
have already analysed sustainability, using different aggregation
methods, as can be seen in Table 1.

It must be stressed that the study by Diaz-Balteiro and Romero
(2004a), who proposed a Multi-Criteria Decision Analysis (MCDA)
considering the “maximum aggregate sustainability’’ (an engineering
solution) and the “most balanced sustainability’’ (an ecological solu-
tion), and identifying several intermediate solutions among them that
can be used to obtain several rankings, had a considerable impact on the
literature. The “most balanced sustainability’’ refers to an equal distri-
bution sustainability among indicators, being related to the ideas of
diversity and balance of ecological sustainability.

Despite the developments of the last 20 years, the approaches pro-
posed after Diaz-Balteiro and Romero (2004a) - e.g. Diaz-Balteiro et al.
(2011), Voces et al. (2012), Diaz-Balteiro et al. (2016a), Diaz-Balteiro
et al. (2016b), Diaz-Balteiro et al. (2017a) and Diaz-Balteiro et al. (2022)
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Table 1
Authorship, context, and aggregation method of different models to analyse
sustainability.

Authors Context Aggregation method

Diaz-Balteiro and
Romero (2004a)

Diaz-Balteiro and
Romero (2004b)

Gomez-Limén and
Sanchez-Fernandez
(2010)

Singh et al. (2012)

Zhou et al. (2010)
Diaz-Balteiro et al.
(2011)

Voces et al. (2012)

Diaz-Balteiro et al.
(2016a)

Diaz-Balteiro et al.
(2016b)

Diaz-Balteiro et al.
(2017a)

Xavier et al. (2018)

Wu et al. (2018)
Tolstykh et al. (2020)

Diaz-Balteiro et al.
(2022)

Costa Freitas et al.
(2022)

Xavier et al. (2022)

Ranking analysis and
definition of compromises
between maximum
aggregate sustainability
and the ‘most balanced
sustainability

Analyse the sustainability
and define rankings of
several forest management
plans in Spain

Evaluation of agricultural
sustainability

Individual analysis of 41
sustainability indicators

Sustainability analysis
Sustainability ranking of
the paper industry in
several EU countries
Characterize the
sustainability rankings of
17 EU countries regarding
European wood
manufacturing industries.
Study northwest Spain
forest plantations’
sustainability.

Analysis of sustainability
ranking in forest
management, considering
30 plantations and 11
sustainability indicators
Identify the best
management option,
considering several climate
change scenarios

Analysis of agriculture
sustainability, defining the
rankings of considerable
sets of data

Sustainable Society Index
Sustainability of industrial
ecosystems

Circular economy,
considering three different
decision rules

Build rankings of
sustainable water use in
Portugal

Analysis of agriculture
sustainability dynamics

Multi-Criteria Decision
Analysis (MCDA)

Extended Goal
Programming (EGP)
based on MCDA

Weighted Sum of
Indicators; Product of
Weighted Indicators;
Multi-Criteria Decision
Analysis (MCDA)
Different methods:
Distance to Targets;
Principal Components
Analysis; Factor Analysis;
Geometric Mean;
Weighted Average; Sum
of Rankings; Summation;
Experts’ opinion.
Entropy

Compromise
Programming (CP) based
on MCDA

Extended Goal
Programming (EGP)
based on MCDA

Extended Goal
Programming (EGP)
based on MCDA
Extended Goal
Programming (EGP)
based on MCDA

Extended Goal
Programming (EGP)
based on MCDA

Extended Goal
Programming (EGP)
based on MCDA improved
with entropy

Shannon entropy

Entropy diversity

Compromise
Programming (CP) based
on MCDA

Compromise
Programming (CP) based
on MCDA improved with
entropy

Compromise
Programming (CP) based
on MCDA improved with
entropy

- have limitations:

- Several DMU may have the same value of sustainability in the “most
balanced” situation, despite representing different situations;

- Use of only the maximum deviation to define the “most balanced”
situation seems somewhat incomplete.

To enhance rankings, Xavier et al. (2018) and Costa Freitas et al.
(2022) applied entropy in both an EGP model and CP model. However,
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this method has not been generalized for composite indicator
aggregation.

The present study aims to solve both problems by simultaneously
integrating the following aggregation solutions: 1) maximum deviation
for the most balanced ranking; 2) entropy to measure the most balanced
ranking; 3) the best-aggregated ranking. This is an alternative to the
composite indicators’ methodological approach of Diaz-Balteiro and
Romero (2004a), which solves the problem of equal ranking position for
different sustainability levels using entropy. It also addresses the use of
more than two criteria in composite indicators.

This paper makes substantial contributions to the literature on
composite indicators and ranking analysis. First, a novel approach
generalized for all situations of ranking building is provided. Second, it
uses normalized entropy to perfect the rankings and specify the most
balanced situation, instead of the maximum deviation. Finally, an in-
tegrated approach combining the three solutions is suggested: 1)
“maximum aggregated sustainability”; 2) “most balanced sustainabil-
ity”’, using normalized entropy; 3) “most balanced sustainability’’,
using maximum deviation.

The remainder of the paper is as follows. Section two presents the
theoretical background, highlighting the major contributions and the
methodological insufficiencies. Section three presents the methodolog-
ical approach. Section four presents data and the empirical imple-
mentation. Section five details the results and section six discusses the
main findings of this research.

2. Theoretical background
2.1. Challenges in building composite indicators

According to Singh et al. (2012), building composite indicators can
pose several challenges, such as selecting data, dealing with missing
data, normalizing and standardizing data, weighting methods, and ag-
gregation methods. They can be constructed with or without weights,
depending on the specific problem and available information (Atkinson,
et al.,, 1997; Singh et al., 2012). Several steps can be considered in
building composite indicators (Narula and Reddy, 2015; Salzman 2003;
OECD 2008; Mazziotta and Pareto 2012), as follows: “1. defining the
phenomenon to be measured; 2. selecting the individual indicators; 3.
normalizing the selected indicators; 4. aggregating the normalized
indicators”.

One key issue when dealing with composite indicators is the aggre-
gation of individual indicators. The first type of aggregation methods are
the additive aggregation methods, which can be divided into several
subtypes. In one additive aggregation process, the value of each indi-
vidual indicator is summed. However, this will imply the loss of the
original information of the indicators (OECD, 2008). An alternative
aggregation method involves analysing the number of indicators that
exceed or fall below a specific benchmark (OECD, 2008), but there is
also a loss of information. The Innovation Scoreboard, which allows a
comparative analysis of innovation performance in European countries
and regional European neighbours, is an example of this method
(European Commission, 2001; OECD, 2008). Finally, the most used
linear aggregation additive method is the sum of weighted and nor-
malised individual indicators. This method was used by the UNDP for
the Human Development Index (HDI) until 2009 (UNDP, 2010). How-
ever, this form of additive aggregation imposes restrictions on the nature
of individual indicators (OECD, 2008).

Furthermore, additive aggregations may be subjacent to full
compensability, where poor performance in certain indicators can be
compensated by good performance in others (OECD, 2008). For the HDI,
this situation occurred and countries with different development levels
had a similar HDI (UNDP, 2009). Therefore, additive aggregation
methods can result in biased composite indicators that do not reflect the
information of the individual indicators considered for its calculus
(OECD, 2008), leading to situations in which DMUs with similar
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composite indicators are related to different sustainability situations.
Aggregation by geometric mean has been used for the HDI since 2010
(UNDP, 2010) and has solved several of these problems.

Kwatra et al. (2020) review several studies regarding the steps
required to build composite indicators, aggregation procedures and
weighting methods. Before that, Dewan (2006) and Singh et al. (2012)
already presented several milestones in the development of composite
indicators of sustainability. Regarding aggregation, Singh et al. (2012)
identified the use of several methods, such as principal components
analysis, weighted average, neutralising the effect of correlation, sum-
mation, arithmetic average of the normalised indicators, regression
analysis, and geometric mean.

After the review by Singh et al. (2012), we find some relevant studies
proposing composite indicators of sustainability (Bravo, 2014; Jeffrey
et al., 2016; Biggeri and Mauro, 2018; Hickel, 2020). One interesting
approach is the Mazziotta—Pareto index (MPI) which prioritizes both
high average performance and consistent performance across all in-
dicators. However, while use of the arithmetic mean in the MPI pro-
motes simplicity, it also introduces the drawback of compensability in
aggregation. The inclusion of a ’penalty’ component can be seen as an
adjustment to address the imbalance among indicators (Greco et al.,
2019).

Another alternative to compute composite indicators is the MCDA.
OECD (2008) divided the MCDA methods into compensatory and
non-compensatory. The former is characterized by the presence of
trade-offs, where a deficiency in one criterion can be compensated for by
a substantial advantage in another. The latter implies a
non-compensatory relation as the criteria weights only reflect the pref-
erences among them.

Rowley et al. (2012) examined the aggregation of sustainability in-
dicators using various MCDA approaches, highlighting the theoretical
implications of an analyst’s choices. The study provides a thorough
analysis of critical aspects for normalizing, weighting, and aggregating
indicators, while also presenting several MCDA approaches for sus-
tainability analysis.

Greco et al. (2019) reviewed the literature regarding the construc-
tion of composite indicators. Due to recent developments, the authors
focused their study on the following steps for building composite in-
dicators: weighting, aggregation, and robustness. El Gibari et al. (2019)
reviewed the MCDA methods for building composite indicators and
highlight that the compensatory facet of an aggregation method may be:
full compensatory - additive methods and compensatory MCDA ap-
proaches; partially compensatory geometric mean and partially
compensatory MCDA methods; and =zero compensatory -
non-compensatory MCDA approaches. They classified the MCDA
methods for the aggregation of composite indicators as follows:
elementary methods, value and utility-based methods, outranking
relation approach, data envelopment analysis (DEA) based methods and
distance functions-based methods.

The focus of our study is on improving the methodology presented by
Diaz-Balteiro and Romero (2004a) for ranking analysis, and the
“distanced based methods”. This approach can also define compromises
between the solution of the “maximum aggregate sustainability’’ and
the solution of the “most balanced sustainability’’, which is measured by
the maximum deviation i.e. the solution in which the minimum nor-
malised achievement across the considered indicators of sustainability is
maximised. This methodology was applied to the management of a
forest area in Spain, where a ranking of eight management alternatives
was established according to four individual indicators with equal
weights.

2.2. Distance-based methods and ranking analysis
Diaz-Balteiro and Romero (2004b) use an EGP approach with binary

variables, based on Diaz-Balteiro and Romero (2004a), to analyse the
sustainability and define rankings of several forest management plans in
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Spain. Several targets were defined for indicators concerning minimi-
zation or maximization of the individual indicators. The weights of each
individual indicator were assumed to be equal. This study provided an
iterative approach to building sustainability rankings, considering the
“maximum aggregate sustainability’’, the “most balanced sustainabil-
ity’’ solution and intermediate rankings.

Voces et al. (2010) analyse the European paper industry’s sustain-
ability at the country level and define rankings using also an EGP with
binary variables, but the study does not explore intermediate solutions
between the aggregated sustainability and the most balanced one.

Blancas et al. (2010) analyse tourism sustainability in the coastal
areas of Andalusia (Spain) using a goal programming (GP) approach,
based on the positive and negative deviations, where the final indicator
is aggregated by the weighted sum of the individual indicators.

Diaz-Balteiro et al. (2011) analyse the paper industry’s sustainability
in 17 European countries using a binary CP approach. They consider 14
indicators whose preferential weights were derived following a “pair-
wise” comparison format, using AHP, maintaining only the consistent
ones.

Lozano-Oyola et al. (2012), also using a GP, evaluate sustainable
tourism at cultural destinations in Andalusia and propose a composite
indicator based on the positive and negative deviations.

Voces et al. (2012) characterize the sustainability rankings of 17 EU
countries regarding European wood manufacturing industries by using
an EGP model where the indicator weights were derived following a
“pairwise” comparison format based on an AHP. The main factors
explaining sustainability are identified using a linear multiple regression
model.

Giménez et al. (2013) analyse the sustainable management of forest
plantations, in north-western Spain, using EGP with binary variables.
Equal preferential weights were assigned to individual indicators,
excluding relevant stakeholder opinions.

Diaz-Balteiro et al. (2016a) apply an EGP approach to study sus-
tainability in forest plantations in northwest Spain and consider the
aggregate sustainability and the most balanced one by means of mini-
mizing the maximum deviation. Then a correlation analysis was per-
formed to find statistically significant relationships in the case of
continuous explanatory variables and a Variance Analysis (ANOVA) was
implemented in variables with nominal or ordinal scales. Diaz-Balteiro
et al. (2016b) present an EGP approach to rank forest plantations’ sus-
tainability considering three solutions/orientations: “optimum average”
(best aggregate, i.e. the engineering solution), “optimum balance”
(minimization of the maximum deviation), and “maximum distance to
the anti-ideal”. Intermediate rankings among these solutions can be
obtained, and it is possible to quantify conflicts among the three
orientations.

Diaz-Balteiro et al. (2017a) use an EGP approach to identify the best
management option considering several climate change scenarios,
where different indicators are aggregated over a one hundred year
period in a forest area in Central Spain. This study innovates by pre-
senting aggregation of the indicators over a considerable period of time.

Xavier et al. (2018) study the agricultural sustainability of Portu-
guese municipalities and build rankings using an EGP approach. They
introduced several improvements on previous ranking building EGP
approaches, namely introducing an entropy approach to solve situations
of equal ranking positions. However, the entropy measure was only used
to distinguish municipalities in the same ranking position, and not as a
generalized alternative to the minimum maximum deviation in the most
balanced solution. This approach can also solve the model simulta-
neously for a considerable number of municipalities, instead of an
iterative approach. The individual indicator weights were also identified
using an EGP model (Gonzalez-Pachon and Romero, 2007; Diaz-Balteiro
et al, 2009), which can identify the minority and the majority
consensus. Pereira and Fragoso (2022), adapted the study by Xavier
et al. (2018) to study water efficiency in several municipalities in Alto
Alentejo, Portugal.
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Distance-based methods -ranking analysis

Diaz-Balteiro and Romero (2004a)
“Aggregate sustainability vs balanced sustainability”

‘*

Extended Goal Programmin; Compromise programmin
e P progn s Other studies-Entropy
R Lo T — b ; < L
! Iterative process ! E Iterative process !
Tttt [ toTTTTT | ' composite indicators
Two Solutions/criteria of Two Solutions/criteria of
sustainability sustainability Examples:

Dizaz-Baltero and Romero (2004b) ;
Voces etal. (2010)

Voces etal (2012)

Giménez et al. (2013)

Dizz-Balteiro et al. (2016a)
Diaz-Balteiro et al. (2017b)

Diaz-Balteiro et al. (2011)

Zhou et al. (2010)

Stemborn and Svirezhev (2000)

Wuetal (2018)

Three Solutions/criteria of
sustainability

Diaz-Balteiro et al. (2016b)

Three Solutions/criteria of
sustainability

Diaz-Balteiro et al. (2022)

Tolstykh et al. (2020)
Liang et al. (2017)

Limitations->entropy

Two Solutions/criteria of
sustainability
Xavier et al. (2018)

Two Solutions/criteria of
sustainability
Costa Freitaz etal (2022)

Kavier et al. (2022)

A"

Proposed approach
-Alternative methodology
-Two or more criteria
-Generalized to all composite indicators

Fig. 1. Background summary of distance-based methods.

Diaz-Balteiro et al. (2022) study the circularity of the European wood
industry using a CP approach. Three decision rules were included:
“balanced achievement in terms of proximity to the ideal”, “balanced
achievement in terms of remoteness from the anti-ideal” and “average
achievement”. This paper identifies countries regarding the three
different multicriteria solutions in several periods and provides a sta-
tistical analysis to explain the causality behind the rankings built. Costa
Freitas et al. (2022), using CP, extended these improvements and
created a full framework to analyse sustainable water use in Portugal,
including a spatial analysis and a regression analysis to identify the main
factors determining sustainable water use. The authors use entropy to
distinguish municipalities with the same ranking position. Xavier et al.
(2022) present a compromise programming approach which uses en-
tropy to improve the agricultural sustainability ranking. The authors use
an HJ-Biplot and Cluster analysis to analyse the results and establish
typologies. Two periods were considered and a spatial analysis was
carried out.

From the studies presented above, we can identify two approaches to
define rankings and both present several limitations. The first was pre-
sented by Diaz-Balteiro and Romero (2004b) and proposes an EGP
model and an iterative process in which the ranking is built unit by unit.
This approach was used in several studies (e.g. Voces et al., 2010; Dia-
z-Balteiro et al., 2011; Voces et al., 2012; Giménez et al., 2013; Dia-
z-Balteiro et al., 2016a; Diaz-Balteiro et al., 2016b; Diaz-Balteiro et al.,
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2022). The maximum deviation is used as the criterion of the most
balanced sustainability, and sometimes its value is the same for different
sustainability situations. The improvements in this research stream
include the use of three criteria (Diaz-Balteiro et al., 2022; Diaz-Balteiro
et al., 2016b) and the analysis of indicators over time (Diaz-Balteiro
et al., 2017a), as well as statistical analysis to provide further insights
into the results (Voces et al., 2012; Diaz-Balteiro et al., 2016a; Dia-
z-Balteiro et al., 2022).

A more recent research approach uses entropy to distinguish units
that have the same ranking position but are in fact different. It also
proposes a simultaneous solving of the model instead of an iterative one.
This was applied to EGP (Xavier et al., 2018) and CP (Xavier et al., 2022;
Costa Freitas et al., 2022) and in several studies was combined with
statistical analyses.

2.3. Entropy and sustainability composite indicators

Entropy approaches have been used in several studies for sustain-
ability analysis. Zhou et al. (2010) distinguish between distance-based
aggregation methods and entropy aggregation. They discuss the aggre-
gation process from an information loss perspective, related to infor-
mation theory and entropy and present an entropy-based aggregation
model, which can also deal with qualitative data and MCDA methods.

Steinborn and Svirezhev (2000) present an entropy-based indicator
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to analyse the sustainability of agroecosystems, where the concept of
entropy is taken in a physical way, instead of a statistical approach.

Wu et al. (2018) approach the Sustainable Society Index (SSI) and
state that using equal weights in aggregation is likely to neglect the
distinct impact of each dimension. Thus, they suggest applying ranked
weights and Shannon entropy in the aggregation process. This approach
may be complex because the preference scenarios would dramatically
increase with the number of dimensions.

Tolstykh et al. (2020) analyse the sustainability of industrial eco-
systems using an entropy model and applying the principles of complex
systems. They adapt the concept of entropy diversity to the innovation of
these systems. However, the study had some limitations, such as not
being applicable for scenario calculations, high volatility of estimates,
problems of specification selection when choosing data sources, high
susceptibility to the ranking method, and parameter values. Liang et al.
(2017) propose a model to measure sustainable development in Sichuan
Province by using an entropy approach and the Brusselator principles.
However, this index has some limitations: it does not contain all factors
influencing regional sustainable development, the internal logic re-
lationships between the indexes and a dynamic evaluation of the indexes
were not studied.

Fig. 1 synthetises the papers presented in this review, many of them
being based on the paper by Diaz-Balteiro and Romero (2004a).

Despite the decisive contribution to the aggregation of composite
indices using MCDA approaches by Diaz-Balteiro and Romero (2004a),
most of the studies presented above are not able to deal with the situ-
ation of equal ranking positions that correspond to different sustain-
ability levels. Only Xavier et al. (2018) developed an EGP methodology
to evaluate agricultural sustainability, introducing the use of entropy
and the resulting information index to perfect the ranking in cases of
similar composite indicators. Costa Freitas et al. (2022) also provided a
CP approach to introduce the concept of normalized entropy and solve
the problem of equal ranking positions corresponding to different sus-
tainability situations. The approach proposed in this study tackles most
of the limitations of previous studies and proposes a generalized
approach to be implemented for composite indicator aggregation,
providing an approach to complement the study by Diaz-Balteiro and
Romero (2004a).

According to Diaz-Balteiro and Romero (2004a), more importance is
attached to the most displaced criteria, as the value of the metric p in-
creases to Loo. The dilemma between ‘aggregate’ and ‘balanced’ per-
formance can be mitigated by joining both models (Diaz-Balteiro and
Romero, 2004b). An alternative measure of the most balanced solution
(Loo) is the use of normalized entropy. An entropy function measures the
uncertainty or randomness of a system and a maximum entropy implies
equal values among indicators. Thus, entropy can be used to assess the
performance of a decision-making unit (DMU) in a more nuanced way
than a convex combination of performance facets: Bottleneck (the
weakest link in the chain), Balanced and Maximum (best possible
outcome).

A convex combination of performance facets is a weighted average of
different performance measures. This approach can be useful for sum-
marizing the overall performance of a DMU, but it can also be biased if
the weights are not chosen carefully. An entropy function, on the other
hand, does not require the analyst to specify weights for different per-
formance measures and can be used to identify DMUs that are more or
less balanced about their sustainable development.

3. The analytical framework

This section presents the proposed framework for building composite
indicators, integrating simultaneously the solutions of the best aggre-
gate, minimization of the maximum deviation and normalized entropy.
Based on the suggestions of Singh et al. (2012) and Saisana and Tar-
antola (2002), we followed the approach of Diaz-Balteiro and Romero
(2004a), which comprises three main steps: 1) Definition of preferential

330

European Journal of Operational Research 326 (2025) 326-342

Table 2
Mathematical notation.
Symbol Description
I={1,...., Set of individual indicators
n}
J={1,...., Set of DMUs
m}
2 Control parameter that defines the trade-off between the best
aggregate and the most balanced
A1 and 1 Control parameters that define a linear convex combination of the best
aggregate, the maximum deviation and normalized entropy
IS; Sustainability composite indicator for DMU i
ISip-1) Sustainability composite indicator for DMU i, according to metric p=1
ISi(0) Sustainability composite indicator for DMU i, according to metric p=co
Tzij Value of the normalized indicator j for DMU i
w; Weight of indicator j
pryj Probability of the individual indicator j in DMU i
NE; Normalized entropy of DMU i.

c A very small positive parameter to avoid impossible solution for the
normalized entropy

weights; 2) Normalization of indicators and 3) Implementation of the
MCDA approach.

To define the indicators’ weights, several techniques have been
developed (Gonzalez-Pachon and Romero, 2007; Diaz-Balteiro and
Romero, 2008; OECD-JRC, 2008; Diaz-Balteiro et al., 2009; Nordstrom
et al., 2009; Gomez-Limon and Sanchez-Fernandez, 2010; Nivolianitou
et al., 2015; Diaz-Balteiro et al., 2016a; Xavier et al., 2016; Diaz-Balteiro
et al., 2017b; Shah et al., 2019). An interesting method that can be used
to compare different DMUs is the "benefit of the doubt" (BOD) (OECD,
2008; Rogge, 2018). This method is related to the Data Envelopment
analysis (DEA), for constructing composite indicators, which assigns
weights to individual indicators based on their relative performance
(Walheer, 2024; Rogge, 2018). It is sensitive to national priorities, but
has some limitations: the weights are specific to each DMU and some
estimation problems might arise (OECD, 2008). In our model we pro-
pose participatory methods to assign weights to individual indicators.
This approach involves incorporating the input of various stakeholders,
and might ensure that the composite indicator is aligned with national
policy goals.

After defining the preferential weights, it is necessary to provide the
normalization of each sustainability indicator since they are measured in
very different units. Several factors must be considered, including the
measurement units and their robustness in the presence of outliers.
(Ebert and Welsch, 2004; OECD, 2008). We used the min-max normal-
ization method, whose values range between 0 and 1 and are normalized
according to the maximum and minimum values (OECD, 2008; Dia-
z-Balteiro and Romero, 2004a; Kelemen et al., 2024), which is the most
widely used method. Other types of normalization can also be consid-
ered, such as Standardization (or z-scores), Distance to a reference, In-
dicators above or below the mean and Methods for cyclical indicators
(OECD, 2008; Diaz-Balteiro et al., 2018; Tamiz et al., (1998), but all of
them have limitations.

To implement an MCDA approach, setting targets for composite in-
dicators requires considering various factors. First, it is essential to
define clear goals and select appropriate indicators that accurately
reflect those goals. Second, setting realistic and achievable targets is
crucial, ensuring they are challenging but not impossible to achieve.
Several DMUs may have specific characteristics that may limit their
indicators and an unrealistic target setting might penalize them. Finally,
monitoring and adjustments are necessary to ensure the effectiveness of
the composite indicator (Romero, 1991; OECD, 2008).

Table 2 provides an overview of the notation used to specify our
mathematical formulation.

Diaz-Balteiro and Romero (2004a) used the metric p=1 to define the
“most sustainable’’ system, i.e. the engineering solution, which provides
the best aggregate corresponding to the smallest deviation from the
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Fig. 2. The methodological lines of approach.

ideal. In this case, the sustainability indicator IS; for DMU i may be
calculated as:

m
ISip1) = > W;RyVie {1,2,...,n} (€8]
j=1

where Wj is the preferential weight for each j indicator; R is the value of
the normalized indicator j for DMU i.

This approach aims to find the system with the highest overall sus-
tainability. However, it can hide poor performance in certain areas,
which might be unacceptable in the “broader context of sustainability”.
However, the solution for the metric p=co attaches more importance to
the most displaced criteria (individual indicators) and provides the
“most balanced sustainability’’, which maximises the following
expression (e.g., Zeleny, 1974; Diaz-Balteiro and Romero, 2004a):

ISi(00) = {m_in(Wj-I_t,-j)} vie{1,2,...,n} and Vj € {1,2,...,m} 2
j

The “most balanced sustainability” is the so called “ecological solu-
tion”. In this solution the values achieved by the sustainability indicators
are distributed equally. This reminds the concept of ecological sustain-
ability since the ecological systems have to be diverse and valorise each
of their parts to be sustainable. Thus, the “ecological solution” is about
reducing the maximum deviation among the criteria or presenting an
alternative measure that quantifies the balance among indicators. This
kind of solution is quite relevant when analysing sustainability, specially
from an ecological point of view, and underlines the ideas of balance and
equality.

Diaz-Balteiro and Romero (2004a) address all solutions from p=1 to
p=co by combining both models into a unique model, as shown in the
following convex combination of sustainability measures:
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m
IS =(1-2) {mjin(Wj»Ej)} +AY WiR;  Vie{1,2,...n} 3)
j=1

As mentioned before, one limitation of this methodology is that
multiple DMUs related to different situations may have the same value
in the ranking, leading to arbitrary ordering in rankings. This is partic-
ularly frequent in the most balanced solution where only the minimum
maximum deviation (D) is optimized. However, the entropy concept is
suitable for this type of problem and has been used to build environ-
mental indexes (Zhou et al., 2010; Steinborn and Svirezhev, 2000; Wu
et al., 2018; Liang et al., 2017).

The entropy concept was developed in the field of physics and
introduced by Shannon (1948) in information science to define a unique
function that measures the uncertainty of a collection of events. Let x be
a random variable with possible outcome values xi and probabilities px,
with k=1, 2, ..., K, subject to) ;,px = 1 - the entropy of x reaches a
maximum when the probabilities are uniform. Therefore, Shannon
(1948) defined the entropy of the distribution of probabilities, p = (p1,
p2, ..., pk), as follows:

H == plnp;
k

Normalized entropy is a way to measure how much information is in
a system and how important each piece of data is in reducing uncer-
tainty (Golan, 1988; 1994 cited by Golan et al., 1996). It is calculated as

follows:
( . zﬁkmﬁk) / In(i)
k

where S(p)is the normalized entropy indicator and In(K) is the entropy
level of the uniform distribution with K outcomes, which represents the

4

S(p) 5)
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Table 3

Notation of management alternatives and indicators in the example of “El Pinar’’.
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DMUs — S management alternatives

S1
Sz
S3
S4
Ss
Se
Sy
Sg

Maximize Net Present Value (NPV), subject to three constraints (volume control, regulation and ending inventory)
Maximize Net Present Value (NPV), with extended rotation and ending inventory constraint

Maximize Veneer volume, with extended rotation and ending inventory constraint

Maximize three objectives (NPV, veneer, volume), with extended rotation and ending inventory constraint
Maximize Net Present Value (NPV), leaving the mixed stands uncut

Maximize Veneer volume leaving the mixed stands uncut

Maximize three objectives (NPV, veneer, volume), leaving the mixed stands uncut

Maximize Net carbon, subject to three constraints (volume control, regulation, and ending inventory)

Ij indicators

I
Iz
Is
L

Net Present Value (NPV) - economic indicator (Type: “more is better’)

Ratio Harvest Area/Stand Growth - ecological indicator (Type: “less is better’’)
Average Rotation Age - forestry indicator (Type: “more is better”)

Net carbon captured by the timber stand - ecological indicator (Type: “more is better’’)

maximum uncertainty. A value of S(p) = 0 implies no uncertainty (i.e.,
pr=1 for some k and p; = 0 for all j # k). Alternatively, an S(p) = 1
implies perfect uncertainty (i.e. py=1/K forallk =1, 2, ..., K). (see Golan
et al., 1996 or Xavier et al., 2018).

The information index 1 — S(p)described by Soofi (Soofi, 1992 cited
by Golan et al., 1996) is an analogue measure to quantify uncertainty
reduction. Xavier et al. (2018), Costa Freitas et al. (2022) and Xavier
et al. (2022) have also used it to distinguish municipalities sharing an
equal ranking position. In this paper, a normalized entropy indicator is
proposed, as higher values of normalized entropy are indicative of a
more balanced distribution within the aggregation process.

To implement the proposed method, it is essential to establish the
following set of probabilities, denoted as pry:

W, R, ‘ .
Drj=—5——=~ vie{1,2,...,n} and Vj
Z]‘le (VV]RU)
1
€{1,2,...,m} with > pry=1 (6)
j=1
and the normalised entropy is calculated as follows:
=" pridn(pry + ¢
NE; = Py In(pry + ) vie{1,2,...,n} )

In(J)

where, NE; is the normalized entropy in DMU i. To prevent situations
where pr;=0 and hence avoid In(0), a very small positive parameter ¢
(c>0) was inserted. NEi varies between 0 and 1: when NEi is 1 the
weights are distributed equally (a completely balanced distribution);
when NEi is 0 all weights are concentrated in only one indicator.
Then, the following expression may be computed and the values of
the composite indicator IS; can be obtained as follows:
m
IS; = (1-A)NE; + 2> W;-Ry Vie{1,2,..,n} 8
j=1
This novel formulation incorporates the normalised entropy,
enabling solutions for the composite indicator IS; in each DMU i. How-
ever, we should emphasize that the best-aggregated solution, minimi-
zation of the maximum deviation, and normalized entropy are different
measures with unique merits. Building upon the ideas of Diaz-Balteiro
et al. (2016b) and Diaz-Balteiro et al. (2022), an alternative model is
proposed. This model allows the trade-off between these three solutions,
providing a flexible approach to address varying priorities as follows:
m
IS; = 1NE; + 1, [nein(vw.ﬁij)} +(1—d—A) Y WiRy Vie{l,2,..,n}
j=1

9

In this equation, A; and A, are control parameters, enabling the
establishment of a linear convex combination of the three measures.
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Thus, when 1-A;-A; equals 1, the result is the best-aggregated solution;
when A1 equals 1 and Ay equals 0, the outcome represents the most
balanced/uniform distribution based on the concept of normalized en-
tropy; and when A equals zero and A, equals one, the solution minimizes
the maximum deviation regarding the ideal. For values of the control
parameters A and )y such that A; + Ap € [0,1] compromises between the
three solutions can be obtained.

The mathematical formulation presented in equation (9) leads us to
design three methodological lines for ranking analysis, representing
several innovations in relation to previous approaches. Fig. 2 presents
implementation of the proposed approach.

In the first methodological line (E1), the normalized entropy indi-
cator is used to substitute the deviation of the achievement with respect
to the ideal of the most displaced indicator. This is a more comprehen-
sive measure for the most balanced situation, and it is only implemented
in cases where equal values in the ranking are obtained.

In the second methodological line (E2), the normalized entropy (NE)
indicator is always used to substitute the maximum deviation regarding
the ideal value, n"s'in(WjFij), and it is computed to create an alternative

composite indicator.

Finally, the third methodological line (E3) combines all solutions,
valorising their trade-off and providing a unique solution, which con-
siders the best aggregate sustainability, minimization of the maximum
deviation and maximization of the normalized entropy. This model takes
maximum advantage of the different measures used, never losing in-
formation, and providing a novel sustainability indicator. Despite
considerable complexity, we must highlight that the three methodo-
logical lines of approach are connected.

If necessary, the results may be analysed in a complementary way.
For instance, the first two methodological lines are connected as the
values obtained by E2 may serve as a reference for the improved ranking
obtained using the approach proposed by Diaz-Balteiro and Romero
(2004a) in E1 and vice versa. In turn, E2 and E3 may serve mainly as a
complementary ranking of information to guide the decision-maker.

Although our approach includes as criteria two balanced solutions
(minimization of the maximum deviation and normalized entropy), the
aggregation method used is partially compensatory. As mentioned
before, the compensatory methods are associated with the existence of
trade-offs, where a disadvantage in one criterion can be offset by a
sufficiently large advantage in another, while in the non-compensatory
methods no trade-off occurs. These concepts may be related to weak and
strong sustainability. The strong sustainability paradigm does not allow
compensations between the different criteria while the weak sustain-
ability paradigm allows this kind of compensation (Ruiz et al., 2011).

Weak sustainability is related to the compensatory methods and is
useful to guide economic decision-making. It considers the value of
natural capital and the potential for technological progress to offset the
loss of natural capital. Compensatory methods present several
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Table 4 Table 5
The data used from the example of the public forest “El Pinar’’. The results obtained for illustrative example 1.
Management Alternatives Indicators Manag. Alt./A 1 0.7 0.5 0.3 0.2 0
11 12 13 14 S1 0.563 0.422 0.328 0.234 0.187 0.093
S2 0.360 0.252 0.180 0.108 0.072 0.000
:; (1]22 ggg gz; 833 S3 0.450 0.328 0.246 0.165 0.124 0.043
<3 0'33 0'17 0'99 0'31 S4 0.373 0.261 0.186 0.112 0.075 0.000
<4 0.86 0'05 0.58 0'00 S5 0.568 0.397 0.284 0.170 0.114 0.000
S5 0.76 1'00 0'00 0'51 S6 0.400 0.280 0.200 0.120 0.080 0.000
6 0'00 0'44 1'00 0.16 S7 0.630 0.466 0.356 0.247 0.192 0.083
: ! : ) A . . 1311 .242 .1
<7 0.59 073 0.33 0.87 S8 0.798 0.589 0.450 0.3 0.24 0.103
S8 0.86 0.92 0.41 1.00 S; - Maximize Net Present Value (NPV), subject to three constraints (volume
Weights wj 0.25 0.25 0.25 0.25 control, regulation and ending inventory); S, - Maximize Net Present Value

(source: Diaz-Balteiro and Romero 2004a)

advantages to tackle sustainability (Banihabib et al., 2017) being more
flexible and allowing a more holistic view of sustainability, recognizing
the interconnections among different aspects. For example, a country
with a high level of environmental protection might have a lower score
in economic development score, but compensatory methods would still
permit an interesting score overall. Sustainability is a complex issue with
many different dimensions and compensatory methods can help to
identify trade-offs between different aspects. Therefore, it is important
not to forfeit compensatory methods and to have a model that can
identify the best aggregate and the most balanced solutions. This is the
case of the approach proposed in this paper.

4. Data and empirical implementation

The proposed methodological approach was implemented using the
data of two examples from the literature: the study by Diaz-Balteiro and
Romero (2004a) and the Human Sustainable Development Index (Bravo,
2014).

The former example is related to management of the public forest “El
Pinar”’, covered mainly by conifers, located in northeast Spain at an
average altitude of 1100 m. This example considers 8 S management
alternatives (DMUs) and 4 Jj indicators as presented in Table 3.

The data used are available in Diaz-Balteiro and Romero (2004a) and
are normalized and rounded to centesimal units (Table 4). As in the
paper, equal weights (w;) were attributed to each indicator.

For the second example, we used a study that proposes an adaptation
of the Human Development Index (HDI) to measure sustainable devel-
opment (Bravo, 2014). The HDI is a metric of human development
comprising three dimensions and four indicators (Hickel, 2020) and
calculated as the geometric mean of life expectancy at birth, education
(average years of schooling and expected years of schooling) and income
(Gross National Income-GNI per capita, PPP purchasing power parity)
on a natural logarithmic scale. Each of these indicators is indexed within
a range defined by maximum and minimum values (Hickel, 2020;
UNDP, 2019).

HDI has important limitations, one of them being the absence of an
ecological sustainability indicator. This is a crucial issue, which poses a
significant challenge as concerns about climate change and ecological
issues increase (Hickel, 2020; UNDP, 2019). Moran et al. (2008) sug-
gests assessing the evolution of sustainable development dimensions by
using HDI as an “indicator of development and the Ecological Footprint
as an indicator of human demand on the biosphere”. Neumayer et al.
(2001) highlights the importance of linking HDI with sustainability,
which would allow the United Nations Development Programme
(UNDP) to analyse whether a country is putting the well-being of future
generations at risk.

Neumayer (2012) suggests there is no substantial difference between
human development and sustainable development. Several studies in
the literature support this notion, indicating how sustainability and
human development can mutually reinforce each other, emphasizing the
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(NPV), with extended rotation and ending inventory constraint; S3 - Maximize
Veneer volume, with extended rotation and ending inventory constraint; Sy -
Maximize three objectives (NPV, veneer, volume), with extended rotation and
ending inventory constraint; Ss - Maximize Net Present Value (NPV), leaving the
mixed stands uncut; Sg - Maximize Veneer volume leaving the mixed stands
uncut; Sy - Maximize three objectives (NPV, veneer, volume), leaving the mixed
stands uncut; Sg - Maximize Net carbon, subject to three constraints (volume
control, regulation, and ending inventory).

(Source: model results)

relationship between social progress and sustainable practices.

Many researchers have studied the ecological limitations of HDI (e.g.
Desai, 1995; Ramathan, 1999; De La Vega and Urrutia, 2001; Neumayer,
2001; Morse, 2003; ; Pelenc et al., 2013), and several studies have tried
to integrate environmental dimensions into HDI (Hickel, 2020). One of
the most important contributions was made by Togtokh and Gaffney
(2010), later enhanced by Bravo (2014), who included an index of CO»
emissions besides the usual indicators, resulting in the creation of the
Human Sustainable Development Index. This index is calculated using a
geometric mean as follows:

HSDI = \"/Ilife'Ieducation ~Iincame ~Iemissions (10)
where the HSDI is the Human Sustainable Development Index; I, is the
index of life expectancy; Leqycqrion is the index of education; Ijcome is the
index of income; and Iomissions 1S the index related to CO2 emissions.

Hickel (2020) makes a significant contribution to the field of sus-
tainable development by proposing a modification to the Human
Development Index (HDI) that accounts for ecological impact. This
modification led to establishing the Sustainable Development Index
(SDI). Hickel’s approach provides a new perspective on sustainable
development, showing that each component of the HDI correlates with
ecological impact on an exponential curve. Therefore, as life expectancy,
education, and income improve, ecological impact increases exponen-
tially. Similarly, Jin et al. (2020) constructed an indicator which con-
siders entropy in defining the indicators’ weights, building upon the
foundations of the HDI.

To implement this second illustrative example, the four indexes
provided by Bravo (2014) were used. The results of HSDI do not present
situations of equal position in rankings. Nevertheless, implementing an
MCDA approach will provide complementary information for data
analysis, which may be important as an alternative, namely when ana-
lysing the most balanced situations. Thus, as mentioned before, the
reasons for testing the example provided by Bravo (2014) are twofold.
First the importance of the example in the literature and second its
simplicity and direct connection with the HDL

5. Results

In this section the results of applying the three proposed methodo-
logical lines to both case studies are presented. First, the illustrative
example 1 of Diaz-Balteiro and Romero (2004a) is presented and then
that of Bravo (2014). The last part of this section contains a robustness
analysis using the MPI index.
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Table 6

Rankings implementation in the approach of illustrative example 1.
Ranking/A 1 0.7 0.5 0.3 0.2 0
1 S8 S8 S8 S8 S8 S8
2 S7 S7 S7 S7 S7 S1
3 S5 S1 S1 S1 S1 S7
4 S1 S5 S5 S5 S3 S3
5 S3 S3 S3 S3 S5 S2, S4, S5, S6
6 S6 S6 S6 S6 S6
7 S4 S4 S4 S4 S4
8 S2 S2 S2 S2 S2

S; - Maximize Net Present Value (NPV), subject to three constraints (volume
control, regulation and ending inventory); S, - Maximize Net Present Value
(NPV), with extended rotation and ending inventory constraint; S3 - Maximize
Veneer volume, with extended rotation and ending inventory constraint; Sy -
Maximize three objectives (NPV, veneer, volume), with extended rotation and
ending inventory constraint; Ss - Maximize Net Present Value (NPV), leaving the
mixed stands uncut; Sg - Maximize Veneer volume leaving the mixed stands
uncut; S; - Maximize three objectives (NPV, veneer, volume), leaving the mixed
stands uncut; Sg - Maximize Net carbon, subject to three constraints (volume
control, regulation, and ending inventory).

(Source: model results)

5.1. Illustrative example 1: Diaz-Balteiro and Romero (2004a)

The composite indicator results using the example of Diaz-Balteiro
and Romero (2004a) are presented in Table 5. For A=1, the model
maximizes the aggregate sustainability, while for A=0, it provides the
most balanced solution. Intermediate values of A represent the trade-off
between these two situations. Table 5 shows that for the most balanced
situation (A=0), some DMUs have the same sustainability value. The
intermediate rankings A=0.7, A=0.5, and A=0.3 are identical, with only
minor changes in the ranking positions of S3 and S5 at A=0.2 (Table 6).

Fig. 3a illustrates the differences among the four least ranked DMUs
considering the normalized values and shows that the indicators are
unequally distributed when considering equal balanced situations. Ss
has a more equal distribution of the indicators than S4 and Sy, which
seems to have the most unbalanced distribution.

As mentioned before, an entropy approach may be implemented to
solve the problem of equal values of composite indicators in the ranking,
using the normalized entropy measure. Fig. 3b presents the values after
this transformation and shows that the data have a similar distribution.

The results of implementing the normalized entropy according to the
E1 methodological line are presented in Table 7. The improvements are

European Journal of Operational Research 326 (2025) 326-342

clear, since the DMUs with equal positions in the previous ranking now
take different positions. Although this only occurs in the most balanced
situation, it can be applied in other intermediate situations, between the
best aggregate solution and the most balanced one.

The results for the second methodological line E2 are presented in
Table 8. In this case, a new composite indicator was created, by
substituting the maximum deviation with the normalized entropy, and
no equal values for the composite indicators were found. Sg is always the
best DMU, followed by Sy, while Sy is always the worst. Some changes
are identified in the ranking namely in intermediate positions. Sg oc-
cupies the third place in the best aggregate solution (A=1), but for all the
other M\ presented, it is S; that takes this ranking position. The other
changes in the ranking are for A=1, A=0.7, and A=0.5, where Ss is in fifth
place, while for A=0.3, A=0.1 and A=0, it is in fourth place. In addition,
for =1, Ss is in third place, for A.=0.7 and A=0.5 it is in fourth place, and
for 2=0.3 and A=0.2 and A=O0 it is in fifth place. Compared to Dia-
z-Balteiro and Romero (2004a), the rankings obtained are similar,
except for A=0.3 and A=0, where there is a change in the fourth and fifth
positions (Table 9).

For A=0, changes regarding E1 occur in the second and third places.
Although the maximum deviation from the ideal is smaller in S; than in
Sy, its indicators’ importance has a less regular distribution, concen-
trated only in certain indicators. The weights for Sy, show a smoother
distribution of all indicators, while indicator I; in S;, concentrates the
most importance. S8 continues to be the most balanced sustainable DMU
and for A=0, the ranking positions equal the improvements obtained
with E1.

Table 10 presents some results for the methodological line E3 - the
integrated approach, while Table 11 presents the resulting rankings. The
first three solutions regard the best aggregate (A;=0, Ao=0 and 1-);-
A2=1), the most balanced solution according to the maximum deviation
(M1=0, A2=1 and 1-)\; -A»=0) and the most balanced solution according
to the concept of normalized entropy (A=1, Ap=0 and 1-A; -Ap=0).
These results are similar to the previous models. However, this meth-
odological line focuses on the trade-offs between the three criteria and
takes maximum advantage of the simultaneous analysis. All sustain-
ability measures may be considered simultaneously, and decision-
makers can attribute different weights to each sustainability criterion.

In the solution where A1=0.33, Ao=0.33 and 1-A;-A2=0.34, the three
criteria are considered simultaneously with the same weights, providing
a ranking regarding the best-aggregated solution and the most balanced
sustainability: normalized entropy and maximum deviation. For
A1=0.25, 15=0.25 and 1-A; -A\=0.5, a ranking is obtained where equal
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Normalized distribution of indicators — Illustrative example 1.
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Table 7
The entropy approach (E1) to improve the results for A=0 -— Illustrative example
1.

Management alternative Normalized Entropy Rank
S2 0.486 4
S4 0.576 3
S5 0.767 1
S6 0.634 2

S, - Maximize Net Present Value (NPV), with extended rotation and ending in-
ventory constraint; S, - Maximize three objectives (NPV, veneer, volume), with
extended rotation and ending inventory constraint; Ss - Maximize Net Present
Value (NPV), leaving the mixed stands uncut; S¢ - Maximize Veneer volume
leaving the mixed stands uncut.

(Source: model results)

Table 8

The composite indicator created for E2 - Illustrative example 1.
Manag. Alt./A 1 0.7 0.5 0.3 0.2 0
S1 0.563 0.674 0.748 0.823 0.860 0.934
S2 0.360 0.398 0.423 0.448 0.461 0.486
S3 0.450 0.567 0.645 0.724 0.763 0.841
S4 0.373 0.434 0.474 0.515 0.535 0.576
S5 0.568 0.627 0.667 0.707 0.727 0.767
S6 0.400 0.470 0.517 0.564 0.587 0.634
S7 0.630 0.729 0.795 0.862 0.895 0.961
S8 0.798 0.848 0.882 0.916 0.932 0.966

S; - Maximize Net Present Value (NPV), subject to three constraints (volume
control, regulation and ending inventory); S, - Maximize Net Present Value
(NPV), with extended rotation and ending inventory constraint; S3 - Maximize
Veneer volume, with extended rotation and ending inventory constraint; S4 -
Maximize three objectives (NPV, veneer, volume), with extended rotation and
ending inventory constraint; Ss - Maximize Net Present Value (NPV), leaving the
mixed stands uncut; Sg - Maximize Veneer volume leaving the mixed stands
uncut; S; - Maximize three objectives (NPV, veneer, volume), leaving the mixed
stands uncut; Sg - Maximize Net carbon, subject to three constraints (volume
control, regulation, and ending inventory).

(source: model results)

importance of the most balanced and most aggregated sustainability is
considered. Finally, for A1=0.5; A=0.5 and 1-A; -A2=0, the model ad-
dresses the trade-off between the two balanced solutions, i.e., the
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Table 9

The resulting ranking for E2 — Illustrative example 1.
Ranking/A 1 0.7 0.5 0.3 0.2 0
1 S8 S8 S8 S8 S8 S8
2 S7 S7 S7 S7 S7 S7
3 S5 S1 s1 S1 S1 s1
4 S1 S5 S5 S3 S3 S3
5 S3 S3 S3 S5 S5 S5
6 S6 S6 S6 S6 S6 S6
7 S4 sS4 S4 S4 S4 S4
8 S2 S2 S2 S2 S2 S2

S; - Maximize Net Present Value (NPV), subject to three constraints (volume
control, regulation and ending inventory); S, - Maximize Net Present Value
(NPV), with extended rotation and ending inventory constraint; S3 - Maximize
Veneer volume, with extended rotation and ending inventory constraint; Sy -
Maximize three objectives (NPV, veneer, volume), with extended rotation and
ending inventory constraint; Ss - Maximize Net Present Value (NPV), leaving the
mixed stands uncut; Sg - Maximize Veneer volume leaving the mixed stands
uncut; Sy - Maximize three objectives (NPV, veneer, volume), leaving the mixed
stands uncut; Sg - Maximize Net carbon, subject to three constraints (volume
control, regulation, and ending inventory).

(source: model results)

maximum deviation regarding the ideal and normalized entropy. In all
these cases, the rankings remain similar except for the fourth and fifth
positions in the last case.

5.2. Ilustrative example 2: Bravo (2014)

We applied the three proposed methodological lines to all 185
countries considered in Bravo (2014). However, due to the huge amount
of data, the results are presented only for the best ten ranked countries.
Table 12 shows the HDSI values for the first ten ranked countries ac-
cording to Bravo (2014).

The resulting ranking for the E1 methodological line application is
presented in Table 13. In this case, the obtained ranking positions show
some differences from Bravo (2014). For A=1 the ranking is the same,
but for the other values of A there are some differences. Norway is placed
first in the ranking for A=1, A=0.7 and A=0.5, but for A=0.3 and A=0.2
Sweden is the first ranked country. For A=0 (the most balanced solution
according to the maximum deviation) Switzerland is first and Norway
falls to eighth place, probably due to a high deviation in an indicator,
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Table 10

Results for integrated approach E3 - Illustrative example 1.
M 1 0 0 0.5 0 0.5 0.33 0.25
Ao 0 1 0 0.5 0.5 0 0.33 0.25
1- 0 0 0 1 0 0.5 0.5 0.34 0.5
g
S1 0.934 0.093 0.563 0.513 0.328 0.748 0.530 0.538
S2 0.486 0.000 0.360 0.243 0.180 0.423 0.283 0.302
S3 0.841 0.043 0.450 0.442 0.246 0.645 0.444 0.446
S4 0.576 0.000 0.373 0.288 0.186 0.474 0.317 0.330
S5 0.767 0.000 0.568 0.383 0.284 0.667 0.446 0.475
S6 0.634 0.000 0.400 0.317 0.200 0.517 0.345 0.359
S7 0.961 0.083 0.630 0.522 0.356 0.795 0.559 0.576
S8 0.966 0.103 0.798 0.534 0.450 0.882 0.624 0.666

S; - Maximize Net Present Value (NPV), subject to three constraints (volume
control, regulation and ending inventory); S, - Maximize Net Present Value
(NPV), with extended rotation and ending inventory constraint; Sz - Maximize
Veneer volume, with extended rotation and ending inventory constraint; S4 -
Maximize three objectives (NPV, veneer, volume), with extended rotation and
ending inventory constraint; Ss - Maximize Net Present Value (NPV), leaving the
mixed stands uncut; Sg - Maximize Veneer volume leaving the mixed stands
uncut; S; - Maximize three objectives (NPV, veneer, volume), leaving the mixed
stands uncut; Sg - Maximize Net carbon, subject to three constraints (volume
control, regulation, and ending inventory).

(source: model results)

Table 11
Ranking results for integrated approach E3 - Illustrative example 1.
M 1 0 0 0.5 0 0.5 0.33 0.25
Ao 0 1 0 0.5 0.5 0 0.33 0.25
1- A -hg 0 0 1 0 0.5 0.5 0.34 0.5
1 S8 S8 S8 S8 S8 S8 S8 S8
2 S7 S1 S7 S7 S7 S7 S7 S7
3 S1 S7 S5 S1 S1 S1 S1 S1
4 S3 S3 S1 S3 S5 S5 S5 S5
5 S5 S5; S6; S4; S2 S3 S5 S3 S3 S3 S3
6 S6 S6 S6 S6 S6 S6 S6
7 S4 S4 S4 S4 S4 S4 S4
8 S2 S2 S2 S2 S2 S2 S2

S; - Maximize Net Present Value (NPV), subject to three constraints (volume
control, regulation and ending inventory); S, - Maximize Net Present Value
(NPV), with extended rotation and ending inventory constraint; S3 - Maximize
Veneer volume, with extended rotation and ending inventory constraint; Sy -
Maximize three objectives (NPV, veneer, volume), with extended rotation and
ending inventory constraint; Ss - Maximize Net Present Value (NPV), leaving the
mixed stands uncut; S¢ - Maximize Veneer volume leaving the mixed stands
uncut; S; - Maximize three objectives (NPV, veneer, volume), leaving the mixed
stands uncut; Sg - Maximize Net carbon, subject to three constraints (volume
control, regulation, and ending inventory).

(source: model results)

Table 12

Ranking of the HSDI — Illustrative example 2.
Ranking Country HSDI
1 NOR 0.926
2 NZL 0.919
3 SWE 0.918
4 CHE 0.913
5 HKG 0.908
6 ISL 0.906
7 DEU 0.904
8 IRL 0.901
9 JPN 0.899
10 NLD 0.898

Source: Bravo, 2014

NOR-Norway; CHE-Switzerland; DEU-Germany; HKG-Hong Kong, China;
IRL-Ireland; ISL-Iceland;

JPN-Japan; NLD-Netherlands; NZL-New Zealand; SWE-Sweden
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Table 13

Rankings for the line of approach E1 - Illustrative example 2.
Ranking/A 1 0.7 0.5 0.3 0.2 0
1 NOR NOR NOR SWE SWE CHE
2 NZL SWE SWE CHE CHE SWE
3 SWE NZL CHE NOR NOR DNK
4 CHE CHE NZL DEU DEU DEU
5 HKG HKG DEU JPN JPN AUT
6 ISL ISL HKG NZL DNK JPN
7 DEU DEU ISL ISL AUT BEL
8 IRL IRL JPN DNK ISL NOR
9 JPN JPN IRL HKG FRA FRA
10 NLD NLD NLD AUT HKG FIN

AUT-Austria; BEL-Belgium; CHE-Switzerland; DEU-Germany; DNK-Denmark;
FIN-Finland; FRA-France; HKG-Hong Kong, China; IRL-Ireland; ISL-Iceland;
JPN-Japan; NLD-Netherlands; NOR-Norway; NZL-New Zealand; SWE-Sweden.
(source: model results)

Table 14

Rankings for the line of approach E2 - Illustrative example 2.
Ranking/A 1 0.7 0.5 0.3 0.2 0
1 NOR NOR NOR NOR NOR DNK
2 NZL NZL NZL SWE SWE SWE
3 SWE SWE SWE NZL CHE BEL
4 CHE CHE CHE CHE NZL AUT
5 HKG HKG HKG HKG HKG SYc
6 ISL ISL ISL ISL ISL FIN
7 DEU DEU DEU DEU DEU CHE
8 IRL IRL IRL IRL IRL DEU
9 JPN JPN JPN NLD NLD GBR
10 NLD NLD NLD JPN JPN NLD

AUT-Austria; BEL-Belgium; CHE-Switzerland; DEU-Germany; DNK-Denmark;
FIN-Finland; GBR-United Kingdom; HKG-Hong Kong, China; IRL-Ireland; ISL-
Iceland; JPN-Japan; NLD-Netherlands; NOR-Norway; NZL-New Zealand; SWE-
Sweden; SYC-Seychelles.

(source: model results)

Table 15

Rankings for the E3 methodological line — Illustrative example 2.
M 1 0 0 0.5 0 0.5 0.33 0.25
Ao 0 1 0 0.5 0.5 0 0.33 0.25
1- 2 Ao 0 0 1 0 0.5 0.5 0.34 0.5
1 DNK CHE NOR CHE NOR NOR NOR NOR
2 SWE SWE NZL SWE SWE NZL SWE SWE
3 BEL DNK SWE DNK CHE SWE CHE NZL
4 AUT DEU CHE AUT NZL CHE NZL CHE
5 SYC AUT HKG DEU DEU HKG DEU HKG
6 FIN JPN ISL JPN HKG ISL HKG ISL
7 CHE BEL DEU BEL ISL DEU ISL DEU
8 DEU NOR IRL NOR JPN IRL JPN JPN
9 GBR FRA JPN FRA IRL JPN IRL IRL
10 NLD FIN NLD FIN NLD NLD NLD NLD

AUT-Austria; BEL-Belgium; CHE-Switzerland; DEU-Germany; DNK-Denmark;
FIN-Finland; FRA-France; GBR-United Kingdom; HKG-Hong Kong, China; IRL-
Ireland; ISL-Iceland; JPN-Japan; NLD-Netherlands; NOR-Norway; NZL-New
Zealand; SWE-Sweden; SYC-Seychelles.

(source: model results)

which is masked in the other solutions.

Table 14 presents the ranking results for the E2 methodological line.
Compared to Bravo (2014), the rankings for A=1, A=0.7 and A=0.5 are
equal, but several changes were identified for other values of A. For A=0,
the ranking obtained show many different country positions.

Table 15 shows the results for the E3 methodological line. The so-
lution for A=0, Ap=0 and 1-A; -Ap=1, which corresponds to the best
aggregate, shows a ranking similar to Bravo (2014). For A;=0.25,
A2=0.25 and 1-A;-A2=0.5, equal importance is given to the best aggre-
gate and to the most balanced solution, and the ranking produced has



A. Xavier et al.

European Journal of Operational Research 326 (2025) 326-342

Composite Index according to ranking-E1 Composite Index according to ranking-E2
1 1
09 Y J——— e
08 08 Te-l A=0
< 07 0,7 T A=1 A=0.5 S e ~
2 os A=l 5 os e,
05 £ o5 e S
04 A=05 e 04 o
0.3 0,3
0.2 0,2
01  mmm———a A _=E — 01
0 e~ 0
1 2 3 4 ) 5 6 7 8 1 2 3 4 5 6 7 8
Ranking Ranking
Composite Index according to ranking-E3
T .
09 ~‘~‘lL=1 A,=0
0.8 Ss g
0.7 b3 -
5 06 “A-Ap-A, =‘§Il.‘;_-‘A1‘and A,=0 el -
° e ~<
= Zi A= 05,205 -
0.3
02 Ranking
0.1
0
1 2 3 4 5 6 7 8

Fig. 4. The composite indicator according to the ranking for E1, E2 and E3 -example 1.

(source: model results)

few differences from Bravo (2014). The solution for A;=0.5, A»,=0.5 and
1-A1 -Ap=0 specifies the trade-off between the two balanced sustain-
ability solutions of maximum deviation and normalized entropy. In this
case, the first three places are occupied respectively by Switzerland,
Sweden, and Denmark, instead of Norway, New Zealand, and Sweden.
When all the solutions are weighted more equally (A;=0.33, A,=0.33
and 1-A; -Ay=0.34), the three best-ranked countries are: Norway, Swe-
den, and Switzerland.

5.3. Robustness analysis

For the robustness analysis, the model response to different input
data through a trade-off analysis was first analysed. Then, the results
were tested using the Mazziotta-Pareto Index (MPI) (Mazziotta and
Pareto, 2016) for the two illustrative examples. Finally, extreme situa-
tions were tested through a sensitive analysis.

For illustrative example 1, Fig. 4 shows graphically the composite
indicators according to the ranking position for different values of A, for
the three methodological lines proposed. In E1 methodological line, the
values of the composite indicators seem to be very similar after position
5 in the ranking for any value of A. However, for A=1, before the middle
of the ranking, the values of the composite indicators are always
different. For A=0 the curve is almost plane, indicating great proximity
between the values of the composite indicators. For the E2 methodo-
logical line, where normalized entropy is used in the most balanced
solution, besides a clear improvement in the values of composite in-
dicators, their values in the ranking positions are different, especially for
the solution of A=05. The composite indicators in the case of the E3
methodological line seem to be distinct in all ranking positions for the
different values of A.

Fig. 5 presents the composite index trade-offs between DMUs for
different values of A, for the E1, E2 and E3 methodological lines.

For the three methodological lines, the trade-offs show a linear
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pattern. In the E1 methodological line, the trade-offs decrease as the
values move from A=1 to A=0. However, this decrease does not imply
that each DMU is becoming less sustainable. Instead, it is associated with
the relative ranking positions of DMUs. For instance, there are changes
in the rankings, such as that observed in the E2 methodological line
between DMUs S3 and S5.

For the E3 methodological line, we present the trade-off between the
solution that values the best aggregate solution (1-A;-A;=1) and the most
balanced solutions, which consider in equal terms the maximum devi-
ation and the normalized entropy (A;=0.5, A=0.5 and 1-A;-A2=0). Thus,
the trade-offs show that the positions of DMUs in the rankings are
distinct for the different solutions of A.

Regarding illustrative Example 2, Fig. 6 presents the composite in-
dicators according to the ranking position for different values of A, for
El, E2 and E3 methodological lines.

As in the previous illustrative example, the composite indicators in
the E1 methodological line tend to have close values, especially in the
most balanced solution (A=0). Composite indicators in the E2 method-
ological line show higher values than in the E1 methodological line. In
the E3 methodological line, the values of composite indicators are also
close, namely for the most balanced solutions. However, the solution
corresponding to the best aggregate (1-A1-A2=1) exhibits different
composite indicators for distinct ranking positions, whose values
decrease with ranking position.

Fig. 7 shows the composite index trade-offs between DMUs for
different values of A, for the E1, E2 and E3 methodological lines.

As mentioned before, illustrative example 2 comprises 185 DMUs.
Hence, our trade-off analysis is focused only on three DMUs, including
the following countries: Norway (NOR), Cuba (CUB) and Czech Republic
(CZE).

For the E1 and E2 methodological lines, we considered the solutions
of A=1, A=0 and nine intermediate solutions. For the E3 methodological
line, we also considered the best aggregate solution (1-A1-A2=1) and the
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Fig. 5. The composite index trade-off between DMUs for E1, E2 and E3 -example 1.

(source: model results)

most balanced solution, equally weighting the criteria of maximum
deviation and normalized entropy (A=0.5, A=0.5). In the three meth-
odological lines, the trade-offs show a linear pattern. In the E1 and E2
methodological lines the trade-offs increase as the A values become close
to the most balanced solution (A=0). In the E3 methodological line, it is
also in the most balanced solution (A\1=0.5, A2=0.5 and 1-A1-A2=0) that
more changes in the ranking positions occur.

We tested our results using MPI for comparison. This is an approach
based on a non-linear function that penalizes the DMUs with unbalanced
values of the indicators and eliminates the units of measurement and the
variability effects from the criteria. Table 16 presents the rankings of
MPI and E1 and E2 methodological lines for illustrative example 1.

The rankings for the E1 and E2 methodological lines are identical to
the MPI ranking, when A=1. However, when A=0.5, differences appear
in the third and fourth ranking positions for both methodological lines.
At A=0, changes are noted in the third, fourth and fifth positions.

Table 17 shows the rankings of the MPI and E1 and E2 methodo-
logical lines for the case of illustrative example 2. In this case, the MPI
ranking is different from the rankings of the E1 and E2 methodological
lines. The top positioned countries in the MPI ranking are Australia
(AUS), Iceland (ISL) and Ireland (IRL). However, in both methodological
lines, E1 and E2, for any values of A, the first ranking positions are al-
ways occupied by countries that belong to the set of the best ten coun-
tries of the MPI ranking.

We conclude our robustness analysis with a sensitivity analysis that
tests extreme situations. Thus, five criteria with equal weights and
twelve DMUs were simulated considering the following situations:
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DMU1- Achieves a perfect score in the first criterion, but very low in
the others;

DMU2 and DMUS - Perfectly balanced scores (equal values in all
criteria), but with different deviations;

DMU3 - Maximum deviation equal to DMU 2 with different values in
the criteria

DMU4- A perfect balanced and perfect score of 1 in all criteria;
DMU6 and DMUI1O - Present the same minimum maximum
deviation;

DMU8 and DMU9-Equal distribution of data, but with different
deviations.

The ranking of the E1 methodological line is presented in Table 18.
For A=0, there are two pairs of DMUs with the same composite indicator
(DMU2 and DMU3, DMU6 and DMU10). However, this situation was
promptly solved using an entropy approach to perfect the ranking.

Table 19 shows the ranking for the E2 methodological line based on
the normalized entropy criterion. In this case, three DMUs (DMU4,
DMU?2 and DMU5) share the same composite indicator. That is a unique
situation since it is rare to have multiple solutions with the same
normalized entropy value. However, the DMUs can be distinguished and
ranked using the maximum deviation, which varies for each DMU.

Finally, Table 20 presents the results of the sensitivity analysis for the
E3 methodological line. Four solutions were analysed: the best aggre-
gate (1-A1-A2=1), the most balanced (A1=0.5, A2=0.5 and 1-A1-A2=1),
the balance between the best aggregate and the most balanced
(M1=0.25, A2=0.25 and 1-A1-A2=0.5), and the solution with equal
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criteria weights (A1=0.33, A2=0.33 and 1-A1-A2=0.34). This is an

6. Discussion

interesting set of solutions that covers the most typical scenarios, and no
situations with equal ranking positions were found.

This paper proposes a novel Multi-Criteria Decision Analysis (MCDA)
approach to create a composite sustainability indicator and establish
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Table 16 Table 19
Rankings of the MPI, E1 and E2 - Illustrative example 1. Results of the sensitivity analysis for E2.
Ranking MPI El E2 Ranking/A 1 0.7 0.5 0.3 0.2 0
A=1 A=0.5 A=0 r=1 A=0.5 rA=0 1 DMU4 DMU4 DMU4 DMU4 DMU4 DMU4
2 DMUS8 DMUS8 DMUS8 DMUS8 DMUS8 DMU2
; :g :: :g :? :3 :3 :3 3 DMU9 DMU9 DMU9 DMU9 DMU9 DMUS
3 S5 S5 s1 57 S5 s1 s1 4 DMU3 DMU3 DMU3 DMU3 DMU3 DMUS8
4 s1 s1 S5 s3 s1 S5 s3 5 DMU2 DMU2 DMU2 DMU2 DMU2 DMU9
5 3 <3 s3 S2.S4. S5. S6 s3 s3 S5 6 DMU10 DMU10 DMU11 DMUS5 DMUS DMU3
> oS 7 DMU11  DMU1l  DMU10  DMU6 DMUG6 DMU6
? Zi :i :i :‘6‘ :2 :2 8 DMU12 DMU6 DMU6 DMU11 DMU11 DMU11
s 2 2 s2 2 2 2 9 DMU6 DMU12 DMUS DMU10 DMU10 DMU10
10 DMUS DMUS5 DMU12 DMUI2 DMU12  DMU12
S1 - Maximize Net Present Value (NPV), subject to three constraints (volume 11 DMU1 DMU1 DMU1 DMU1 bMU7 DMU7
control, regulation and ending inventory); S, - Maximize Net Present Value 12 bMuU7 DMU7 bMU7 DMU7 DMU1 DMU1
(NPV), with extended rotation and ending inventory constraint; S; - Maximize
Veneer volume, with extended rotation and ending inventory constraint; Sy -
Maximize three objectives (NPV, veneer, volume), with extended rotation and Table 20
ending inventory constraint; Ss - Maximize Net Present Value (NPV), leaving the Results of the sensitivity analysis for E3.
mixed stands uncut; Sg - Maximize Veneer volume leaving the mixed stands
uncut; S; - Maximize three objectives (NPV, veneer, volume), leaving the mixed M 0 0.5 0.33 0.25
‘ . . . I 0 0.5 0.33 0.25
stands uncut; Sg - Maximize Net carbon, subject to three constraints (volume L 1 o 0.34 os
control, regulation, and ending inventory). 1 : :
1 DMU4 DMU4 DMU4 DMU4
2 DMUS8 DMUS8 DMUS8 DMUS8
3 DMU9 DMU9 DMU9 DMU9
Table 17 ) 4 DMU3 DMU2 DMU3 DMU3
Rankings of the MPI, E1 and E2 Illustrative example 2. 5 DMU2 DMU3 DMU2 DMU2
Ranking ~ MPI El E2 6 DMU10 DMU5 DMU11 DMU10
7 DMU11 DMU6 DMU10 DMU11
A= A=05 A=0 A=1 =05 =0 8 DMU12 DMU11 DMU6 DMU6
1 AUS  NOR  NOR CHE  NOR  NOR DNK 9 DMU6 DMU10 DMU5 DMU5
2 ISL NZL SWE SWE  NZL NZL SWE 10 DMUS DMU12 DMU12 DMU12
3 IRL SWE  CHE DNK  SWE  SWE BEL n DMU1 bmu7 bmu1 bMU1
4 NZL  CHE NZL DEU  CHE CHE AUT 12 bMu7 bmu1 bmu7 bMu7
5 CHE HKG DEU AUT HKG HKG SYc
6 DNK ISL HKG JPN ISL ISL FIN
7 BEL DEU ISL BEL DEU DEU CHE Diaz-Balteiro and Romero (2004a) and the research by Bravo (2014),
8 DEU  IRL JPN NOR IRL IRL DEU which made improvements to the Human Development Index. Addi-
9 SWE  JPN IRL FRA JPN JPN GBR tionally, a robustness analysis included a trade-off analysis, application
10 NOR NLD NLD FIN NLD NLD NLD

AUS- Australia; AUT-Austria; BEL-Belgium; CHE-Switzerland; DEU-Germany;
DNK-Denmark; FIN-Finland; FRA-France; HKG-Hong Kong, China; IRL-Ireland;
ISL-Iceland; JPN-Japan; NLD-Netherlands; NOR-Norway; NZL-New Zealand;
SWE-Sweden.

Table 18

Results of the sensitivity analysis for E1.
Ranking/A 1 0.7 0.5 0.3 0.2 0
1 DMU4 DMU4 DMU4 DMU4 DMU4 DMU4
2 DMUS8 DMUS8 DMUS8 DMUS8 DMUS8 DMUS8
3 DMU9 DMU9 DMU9 DMU9 DMU9 DMU9
4 DMU3 DMU3 DMU3 DMU3 DMU3 DMU2
5 DMU2 DMU2 DMU2 DMU2 DMU2 DMU3
6 DMU10 DMU10 DMU10 DMU10 DMU11 DMUS
7 DMU11 DMU11 DMU11 DMU11 DMU10 DMU11
8 DMU12 DMU12 DMU6 DMU6 DMUS DMU6
9 DMU6 DMU6 DMU12 DMUS5 DMU6 DMU10
10 DMUS DMUS DMUS DMU12 DMU12 DMU12
11 DMU1 DMU1 DMU1 DMU1 DMU1 DMU1
12 DMU7 DMU7 DMU7 DMU7 DMU7 DMU7

rankings. The approach consists of three complementary methodolog-
ical lines: E1 — This line minimizes the maximum deviation to achieve
the most balanced solution. A normalized entropy indicator is used to
refine the rankings if the minimization of maximum deviation results in
equal index values. E2 — In this line, normalized entropy replaces the
maximum deviation to create a new composite indicator. E3 — This line
provides a unique solution that combines the best aggregate solution,
maximum deviation and normalized entropy. The proposed approach
was tested using two examples from the literature: the study by
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of the Mazziotta-Pareto Index, and a sensitivity analysis based on
simulated values. The results are robust and promising, demonstrating
that the approach can be useful for various applications.

The E1 methodological approach, based on normalized entropy,
aims to improve rankings established where composite indicators are
equal. Findings from applying the E2 methodological line suggest that
substituting maximum deviation with normalized entropy did not
significantly change the existing rankings but did help to address certain
ranking issues. Meanwhile, the E3 methodology presents an integrated
approach that maximizes the benefits of all solutions, making it partic-
ularly valuable for considering various trade-offs. It is essential to
consider the values of each solution and their potential interactions to
accurately represent the specific objectives of the analysis. Analysts
should critically evaluate and discuss the selection of solution trade-offs.
Additionally, the complexity of this integrated approach must be care-
fully considered.

The proposed model effectively addresses various issues identified in
previous approaches (e.g., Diaz-Balteiro and Romero, 2004b; Dia-
z-Balteiro et al., 2011; Voces et al., 2012; Diaz-Balteiro et al., 2016b). By
utilizing the concept of normalized entropy instead of maximum devi-
ation as an indicator to achieve a more balanced distribution, this model
offers several advantages. Besides solving the challenges posed by equal
composite indicator values and their corresponding positions in rank-
ings, it enables the creation of a new set of indicators for different DMUs,
which can serve as a reference point. It is essential to understand that the
most displaced indicator’s deviation and normalized entropy are com-
plementary measures; thus, both should be employed simultaneously.
Furthermore, adopting an entropy approach extends the methodology
proposed by Xavier et al. (2018) to all scenarios of composite indicator
aggregation, enhancing the methodology established by Diaz-Balteiro
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and Romero (2004a). This new approach also allows the incorporation
of additional criteria to better represent the most balanced situations,
resulting in a trade-off between the best aggregated value and the new
measure of entropy. Our integrated approach considers the three mea-
sures (best aggregate, maximum deviation, and normalized entropy)
simultaneously, maximizing the information obtained from the various
solutions.

Compared to other compromise programming approaches
(Diaz-Balteiro et al., 2011; Costa Freitas et al., 2022), we observe
different results. In a compromise programming approach, the
best-aggregated solution is determined by summing the deviations from
the ideal, while the most balanced sustainability is given by the
maximum deviation. In our case, the aggregation method and the dis-
tance function employed do not weight the maximum deviation as in
compromise programming.

The parameter A plays a crucial role in the process of aggregating a
set of indicators, making its selection a vital decision for the acceptance
of composite indexes by decision-makers. When A=1, models E1 and E2
yield the solution with the maximum aggregate. Conversely, when A=0,
these models provide solutions that ensure the most balanced achieve-
ment. For intermediate values of A, compromise solutions can be
reached. In the case of model E3, a more complex trade-off between A1
and A2 needs to be considered. With A=1 or A=0 in models E1 and E2,
the results may be acceptable from both environmental and economic
perspectives (Diaz-Balteiro et al., 2018). However, to reflect real sus-
tainability, it is preferable to balance the models by setting A to 0.5 in
both cases. Additionally, it is essential to explore all potential solutions
to identify the best trade-off for A.

In the context of strong sustainability, economic and environmental
capital are complementary and cannot be replaced by each other.
However, many multi-criteria methods assume a certain degree of
compensation between the criteria, which could lead to situations of
weak sustainability. Our model can address these challenges. Although
it assumes a weak sustainability context, it can also approach strong
sustainability by seeking the most balanced solutions through normal-
ized entropy and maximum deviation.

Although the proposed approach has been applied to the analysis of
sustainability rankings, it may be implemented in other situations, such
as human development, tourism, and stock markets, where it is neces-
sary to critically create and analyse rankings. Therefore, this paper is a
further contribution to the body of knowledge on building composite
indicators using MCDA, providing a more detailed set of results.

Our study makes several innovative contributions to the literature on
sustainability composite indicators, but it also has some limitations.
First, our model employs an aggregation process that acts as a partial
compensatory method. While the best aggregate solution allows for full
compensation, the normalized entropy is a bottleneck solution, enabling
us to work with no compensation between criteria. Second, the results of
our model are sensitive to the values chosen for the A parameter, which
may lead to either the best aggregate or the most balanced solution.

In the future, we aim to enhance our model by introducing new in-
dicators and weighting methods that facilitate compensation between
criteria. We also plan to incorporate as much information as possible
from the preferences of decision-makers and stakeholders. In addition,
we intend to extend our application to other cases and fields to com-
plement other composite indicators and combine our methodology with
approaches such as fractional regression analysis, to identify external
factors affecting sustainability.
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