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Abstract

The resilience of an energy system and especially the national electricity supply is a complex and multidimensiona concept,
which is recelving growing attention in Europe. The increasing risks of extended electricity supply disruptions and/or severe
electricity price fluctuations are stressing the need for an assessment of the European countries’ electricity supply resilience.
This study presents an extension of the Electricity Supply Resilience Index (ESRI), which was developed to benchmark
countries’ electricity supply resilience. The extension regards the inclusion of robustness analysis into the already performed
sensitivity analysis in the ESRI framework. In fact, ESRI is built considering the sensitivity of the scoring/ranking of
alternatives to the combination of normalization/aggregation functions, used to assess the performance of the countries. In this
study, the extension is made in two ways. First, the scoring/ranking of the alternatives is analyzed to assess the effects of the
criteriaweights on the ESRI. Second, the scoring/ranking of the alternativesisanalyzed for the case of uncertainty in thecriteria
performance the achieve. In total, 35 European countries are evaluated and ranked according to their performance on 17
evaluation criteria. Results show that the weighting has minimal effects on the final scoring/ranking of alternatives, while the
presence of criteria uncertainty could have a significant effect on the final scoring/ranking.

Keywords: resilience, ENTSO-E, benchmark, ESRI, multi-criteria decision analysis (MCDA), stochastic analysis

1. Introduction

I'n our modern society, electricity isone of the most important commodities to foster the economic development
and wealth of a country. Governments are increasingly aware of the need to improve the energy efficiency of
electricity production, as it leads to better supply security and reduced greenhouse gas emissions. However,
although the global average efficiency is expected to continuously improve with the correct investments (IEA,
2023), major electricity supply disruptions still happen causing great damage to the economy of a country (Kroger,
2017). As shown in the past decades, these major disasters shows that not all hazard and threats can be averted
(Cimellaro, 2018), which calls for the analysis of the resilience of critical infrastructures. Indeed, resilience aims
a minimizing the impact of adverse consequences by defining pre- and post-event strategies, making outages |ess
likely or smaller in extent (Gasser et a. 2019).

Based on these premises, aresilient electricity supply is fundamental to guarantee a well-functioning modern
society. In this regard, one of the key interests of policymakers is to assess how their country performs compared
to others. Hence, resilience benchmarks are used to assess the progress of a country over a period and compare its
performance against its peers (Gasser et a. 2020). Such focused assessments can have significant practica impact
and drive socio-economic and political progress, influencing and driving the development of related initiatives,
policies, and technological research (Siskos et a. 2014). The multi-dimensionality of electricity supply resilience,
and the conflicting viewpoints and interests of the different stakeholders require an accurate and transparent
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benchmarking framework. In this context, Multi-Criteria Decision Analysis (MCDA) offers the appropriate
theoretical background and principles, as well as a multitude of tools and techniques to analyze such a complex
problem.

In the past, MCDA was applied in the context of countries’ benchmarking by using the so-called composite
indicators (Cl), which combine the individua criteria into a score/rank. For this purpose, different operational
research methods are used to build such indices, for example the analytical hierarchy process (AHP) (Wu et d.,
2012), weighted averages (Valdés, 2018) and multi-attribute value/utility theory (MAVT/MAUT) (Pohekar and
Ramachandran, 2004) to name some. Recently, such a Cl was developed in the context of the electricity supply
resilience within the Future Resilient Systems (FRS) program at the Singapore-ETH Centre (SEC) to assess the
resilience of eectricity supply in countries by considering different dimensions of resilience (Gasser et al., 2020).
The Electricity Supply Resilience Index (ESRI) was created not just for evaluating the resilience of countries
electricity supply, but also for examining how the sensitivity of country scores to normalization and aggregation
methods impacts the analysis. This sensitivity, as discussed by Gasser et a. (2020), can lead to variations in
rankings to some degree (Narula and Reddy, 2015). Subsequently, the methodological framework of ESRI has
been expanded in two ways. First, to explore the impact of criteria correlation on stakeholder-assigned weights
and to propose an optimization approach to mitigate this influence, as discussed by Lindén et al. (2021). Second,
to invegtigate the influence of interacting criteria and offer a reliable elicitation method, as discussed by Siskos
and Burgherr (2022).

Inthe past, it has been demonstrated that both scores and rankings are susceptible not only to the normalization
and aggregation techniques used for evaluation but aso to the weight preferences assigned to various criteriain
constructing the Composite Indicator (Cl), as discussed by Dobbie and Dail (2013). Additionaly, criteria
uncertainty could exert an influence on the ultimate scoring and ranking of alternatives, as highlighted by
Groothuis-Oudshoorn et al. (2017).

Based on these premises, starting from the ESRI methodological framework that focused on analyzing the
sensitivity of the scoring/ranking of countries to the combination normalization/aggregation functions used in the
construction of the Cl (Gasser et al., 2020), in this study two additional robustness analyses related to the (i) use
of different weighting profiles, and (ii) the presence of uncertainty in criteria are considered. In this context, the
following research questions are posed:

e What are the effects on the final scoring/ranking of alternatives when different weighting profiles are
considered?

o What are the effects on the final scoring/ranking of aternatives when uncertainty in the criteria scoring
ispresent in theinitial dataset?

The remainder of the paper is structured as follow. In section 2, the ESRI index and the proposed extension,
itsdimensions, and criteria are presented. In section 3 the method to assess the sensitivity and robustness of the Cl
is described, while in section 4 the results of the study are shown. Finaly, in section 5 conclusive remarks are
given.

2. TheElectricity Supply Resilience Index (ESRI)

TheElectricity Supply Resilience Index (ESRI) isaCl that isamathematical combination of individua criteria
that together act as a proxy for the phenomena being measured (Mazziotta and Pareto, 2013). By combining
multiple variables - using MCDA techniques - Cls can quarntitatively assess and rank the performance of
alternatives across multidimensional concepts, providing flexibletoolsto support decision making when more than
one criterionisconsidered (Cinelli et al. 2014). Therefore, the ESRI is developed according to the widely accepted
ten-step methodological framework for good practice in the construction of Cls (Organisation for Economic Co-
operation and Development (OECD), 2008):

Theoretical framework

Data selection

Imputation of missing data
Multivariate analysis
Normalisation

Weighting and aggregation
Uncertainty and senditivity analysis
Back to the data

Links to other criteria

O©COoNUAWNE
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10. Visualisation of results

The first version of ESRI, applied to 140 countries worldwide (Gasser et al., 2020), considered a set of 12
criteria that describe the multifaceted nature of the four dimensions of resilience, according to Heinimann and
Hatfield (2017):

e Resist: represents the ability of the system to withstand disturbances within acceptable levels of
degradation.

e Restabilise: illustrates the ability to limit degradation of performance and restore key functions.

e Rebuild: describes the process of restoring system performance to normal.

e Reconfigure: characterises the changes to the biophysical architecture/topology of the system to make it
more fault tolerant.

The ESRI was expanded by augmenting the number of criteriafrom 12 to 17 to provide amore comprehensive
depiction of resilience's multifaceted nature. Additionally, the number of resilience dimensions was reduced from
four to three to ensure an equitable representation of the dimensions, while preventing the simultaneous assignment
of acriterion to multiple resilience dimensions (Siskos and Burgherr, 2022). In addition, the number of countries
was reduced from 140 to 35 dueto the lack of worldwide information for some of the additional criteria considered
inthe ESRI extension. In this context, the resilience of electricity supply was assessed for European countries, and
in particular for the 35 countries that are members of the ENTSO-E group, namely Albania, Austria, Belgium,
Bosnia and Herzegovina, Bulgaria, Croatia, Cyprus, Czech Republic, Denmark, Estonia, Finland, France,
Germany, Greece, Hungary, Iceland, Ireland, Italy, Latvia, Lithuania, Luxembourg, Montenegro, Netherlands,
North Macedonia, Norway, Poland, Portugal, Romania, Slovenia, Slovakia, Spain, Sweden, Switzerland and the
United Kingdom (Siskos and Burgherr, 2022).

2.1. ESRI extension

This study focuses on the last version of the ESRI index methodol ogy, and how it can be extended with regard
to steps 6 and 7 of the ten-step methodological framework for good practice in the construction of Cls
(Organisation for Economic Co-operation and Development (OECD), 2008). Particular attention is given to the
effect of both the different weighting schemes, and the uncertainty arising from the criteria on the scoring/ranking
of aternatives.

In this section the resilience dimensions and criteria used in this study are summarised in sections 2.1.1 and
2.1.2. Furthermore, section 2.1.3 presents the steps on how the input matrix for the MCDA analysisis developed,
by first describing how the probabilistic distributions for the uncertainty criteria are established (section 2.1.3.1),
followed by a multivariate analysis on the input matrix for the MCDA (step 4 in section 2), which assesses how
consistent are the selected criteria to build an index (section 2.1.3.2). Finally, the input matrix for the MCDA
analysisis presented (section 2.1.3.3).

2.1.1. Resilience Dimensions and Criteria

In this study, ESRI defined by three dimensions (Resist, Restabilize and Recover), and described by atotal of
17 criteria (Siskos and Burgherr, 2022). The dimenson Recover combines the Rebuild and Reconfigure
dimensions from theinitial ESRI version. This approach addresses the interrelated phases of system recovery and
hel ps overcome challenges in specifying criteria separately for each phase (Siskos and Burgherr, 2022). The 17
criteria were subsequentially allocated to the three resilience dimensions to guide the decision-making processin
acontrollable, complete, measurable, non-redundant and concise manner. Specificaly, an equal representation of
the three resilience dimensions was achieved through similar numbers of criteria per dimension (Siskos and
Burgherr, 2022). In the end, the three dimensions contain six, six and five criteria respectively (see Figure 1).

2.1.2. Data Preparation and MCDA Input Matrix

To build up the MCDA input matrix, different sources are used to collect the data used to assess each criterion
(Table 1). The collected data are the raw information used in this study and are analysed and further processed to
(i) assess the probabilistic distribution of the criteria under uncertainty (section 2.3.1), (ii) assess the coherence of
the criteria set structure (section 2.3.2) to follow step 4 in section 2, (iii) build the input matrix to be used in the
MCDA analysis (section 2.3.3).
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2.1.2.1. Egtimation of Criteria Uncertainty

In this section the analysis of each criterion in Figure 1 and the estimation of the probabilistic distributions
describing a criterion uncertainty are presented. For a detailed description of each criterion used in this study,
please refer to Siskos and Burgherr (2022).

Asshownin Table 1, datato assess criteria Cz, Cs, Cio, C17 are collected for a specific year, either dueto lack

of data (Cs, Cio, C17) Or since thereisno significant yearly variation of the criterion (Cz). In this context, the criteria
volatility within a specific period cannot be analysed. Therefore, they are directly included in the input matrix of

the MCDA without any further analysis.
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Fig. 1. The evaluation system of Electricity Supply Resilience Index (ESRI), modified from Siskos and Burgherr (2022).

On the other hand, criterion C; describes the volatility of electricity prices, which is why data for the years
2015-2021 isused to directly calculate the volatility of the electricity pricesasinput for the MCDA analysis, rather
than to define a probabiligtic distribution describing the uncertainty of this criterion.

Data to assess criteria Cy1, Ca, Cs, Cg, Co, Ca1, Ca2, Ci3, Cus, Cis, Cis are collected for the period 2015-2021,
while Cs dataare taken from the 2025, 2027 and 2030 reference scenarios published in ENTSO-E (2023). For each
of these criteriaand for all the alternatives considered (ENT SO-E countries), avisual analysiswasfirst carried out
to understand what kind of distribution each criteria could have followed and then, if necessary, an Akaike
Information Criterion (AIC) was applied to each potential probabilistic distribution, e.g., normal, lognormal,
Poisson, etc., to evaluate the model that best fits the data (Bozdogan, 1987). However, in this study, the visual
analysisalready indicated that anormal distribution wasagood fit for all criteriauncertainty, so no further analysis
was carried out. Based on these premises, the mean and standard deviation are estimated for each ENTSO-E
country and for each of the abovementioned criteria. These represent the parameters in the input matrix for the
MCDA analysis (see Table 1).

2.1.2.2. Coherence Criteria set structure

The fourth step in the framework for building a coherent Cl is a multivariate analysis (section 2). The latter is
carried out to assess the reliability of a set of criteria and their internal consistency to develop an index
(Organisation for Economic Co-operation and Development (OECD), 2008). In this study, this quaity of the
dataset is measured using Cronbach's Alpha, which isthe most widely used index to assess thereliability of ascale
(Streiner, 2003). It measures how closely related a set of criteria are as a group. Cronbach's Alpha val ues below
0.7 indicate questionable internal consistency, while values above 0.9 indicate excessive redundancy between
criteria. The present case study dataset has a Cronbach's Alpha of 0.74, which is within the desirable range for
consistent composite scales devel oped for research purposes (0.7 to 0.9) (Streiner, 2003).

2.1.2.3. Multi-Criteria Decision Analysis (M CDA) Input Dataset

Based on the data collection process described in sections 2.1.2.1 and 2.1.2.2, the resulting input matrix for the
MCDA analysisis shown in Table 1.
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Table 1. Input Matrix for the MCDA Analysis.

d (1), meaning that a higher val ue denotes a better performance.

Table 1 indicates for each criterion whether it is described by a deterministic value ("Exact") or by a
probabilistic distribution, which is"Normal" in al cases considered in this study, as described in section 2.1.2.1.

The arrow indicates the polarity of a criterion. The polarity is important in the context of MCDA, as it defines
whether a criteria should be minimised (), meaning that the criterion performs better the lower its vaue is, or

maximise
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3. Method

The construction of the ESRI for each of the considered ENTSO-E countries is based on the combination of
(i) anormalisation method, which allows to assign all criteria on a common scale, so that they can be compared to
each other, (ii) aweighting profile, which defines how much importanceis given to each individua criterion, and
(iii) an aggregation method, which combines the normalised criteria data with their respective weights into an
index to assess the score of each alternative (steps 5 and 6 in section 2).

In this study, the sensitivity of the scores to a set of hormalisation/aggregation combinations to construct the
ESRI index is considered (section 3.1), following the approach of Gasser et al. (2020). First, all criteria in the
input matrix were considered to be deterministic, i.e., only the means of the uncertainty criteria are taken from the
input matrix, and the ESRI scores for equal weights are compared to weighting profiles sampled from a uniform
distribution (section 3.2). Second, the results for an equal weighting profile are compared for the two cases that all
the criteria are deterministic against the combination of deterministic and criteria uncertainty as shown in Table 1
(section 3.2).

To compute and assess these comparisons, this study makes use of a novel Python module, ProMCDA,
developed by Catalli and Spada (2023), which allows to combine different normalisation and aggregation
functions, sample weights, and take into account criteria uncertainty.

3.1. Normalization and aggr egation methods

Many normalisation methods and aggregation functions are reported in the literature (Organisation for
Economic Co-operation and Development (OECD), 2008). Therefore, the scoring and ranking of the alternatives
under interest depends on which combination of normalisation and aggregation is used (Gasser et d., 2020). To
assess the sengitivity of each country's ESRI, multiple rankings are derived by combining four normalisation
methods (rank, standardisation, min-max, target) and four aggregation functions (additive, geometric, harmonic,
minimum). The normalization methods reflect various preferences of decision-makers, ranging from solely
acknowledging the ordinal nature of the data to considering quantitative disparities between performances, known
as the cardinal character. Furthermore, the aggregation functions represent different levels of compensation
between criteria, i.e., whether a decision maker is willing to allow alow performance of one criteria to be fully,
partialy, or not at all compensated by other criteria.

As shown in the literature, due to the nature of normalisation methods and aggregation functions, not al
combinations are meaningful, and some combinations are redundant (Cinelli et a., 2020). In this study only 13
combinations are considered:

Additive aggregation with Min-Max, Target, Standardized and Rank normalisation methods.
Geometric mean aggregation with Min-Max, Target, Standardized and Rank normalisation methods.
Harmonic mean aggregation with Min-Max, Target, Standardized and Rank normalisation methods.
Minimum with Standardized normalisation method.

Therefore, in this study different criteria compensation are considered from the full compensatory aggregation
method (Additive) to the least compensatory method (Minimum), where no compensation is allowed. Furthermore,
isimportant to note that the Min-Max, Target, and Standardized normalisations for the Geometric and Harmonic
aggregation methods are rescaled to avoid criteria with zero values, which are not allowed in the calculation of
these means.

3.2. Robustness Analysis
The aim of this study is to understand the impact of the weighting schemes combined with the sensitivity

described in section 3.1 on the final scores of the alternatives, as well as the impact of considering criteria
uncertainty in the input matrix on the final scores of the alternatives.
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To perform the robustness analysis, the ProMCDA Python module alows random sampling of either the
weights or the criteria values using aMonte Carlo method. In ProMCDA, randomness is not allowed for either the
weights or the criteria simultaneously, to make the results as transparent as possible. Randomness in the weights
is applied by sampling a selected number of weighting profiles, corresponding to the number of Monte Carlo runs
in ProMCDA, from a uniform distribution [0-1]. Additionally, since the weights should sum to 1, each generated
weighting profileis checked and if the sumisnot 1, the weights are normalised. On the other hand, the robustness
analysisfor the criteriais performed by assessing the probabilistic distribution that best describes the criteria. This
means that if a criterion is characterised by a distribution described by, for example, 2 parameters as the Normal
distribution, two columns should be alocated in the input matrix, as shown in Table 1 of this study. Once the
probabilistic distribution for each criterion is selected and the input parameters are in place in the input matrix,
ProMCDA randomly samples n values, where n isthe number of Monte Carlo runs, of each criteria per aternative
from the given distribution and assesses the score of the alternatives, considering the robustness at the criterion
level.

4. Results

In this section, the comparisons of ESRI with equal weights and sample weights, and the one with deterministic
and uncertainty criteria are presented. In this context, the base case scenario isthe sensitivity analysis (considering
the 13 combinations of normalisation/aggregation functions, see section 3) with equal weights for al criteria. A
uniform weighting scheme is applied because it does not introduce further elements that could affect the ranking
of the alternatives and does not include subjective preferences (weights). Equal weights also represent the most
common profile for such acomparison (El Gibari et al. 2018). Furthermore, in this case the criteria are considered
deterministic, i.e., without uncertainty (section 3).

The base case scenario i sthen compared with two additional cases. Inthefirst case, labelled "sampled weights,”
dl criteria are treated as deterministic. The same combinations of normalization and aggregation functions are
employed, and weights are sampled from 10,000 weighting profiles. The selection of 10,000 profiles followed a
convergence test, indicating robust results after this number of runs (see section 4.1). In the second case, labelled
"uncertain criteria," the same normalization and aggregation combinations are used, with equal weights assigned
to all criteria. However, criteria uncertainty is considered, with their values sampled 100,000 times from a normal
distribution, as depicted in Table 1 (section 4.2). The choice of 100,000 samples followed a convergence test.

4.1. Equal Weightsvs. Sample Weights

Figure 2a presents the comparison of the ESRI between the base case scenario and “sampled weights” case.
The countries are classified in descending order, according to the ESRI mean score, estimated using the base case
scenario. Distinct country groupings can be observed for the base case scenario, with few countries scoring at the
top or at the bottom across al combinations of normalisation/aggregation methods. Switzerland and UK have top
performing criteria(i.e., 5 and 4, respectively) and even their worst performing criteriastill outperform those from
many other countries. On the other hand, Bosnia& Herzegovina, and Albania do not have enough well-performing
criteriato compensate the lower-performing ones; they thus score at the bottom, irrespectively of the combinations
considered. Therefore, for the top- and bottom performing countries, different normalization methods and
aggregation functions that allow different levels of compensation between the criteria do not have much influence
on the final scores. However, the scores tend to be more variable for average-performing countries. In this context,
the large disparity of the scores proves that the final rankings can have a strong dependency on the considered
normalization/aggregation combination, as shown for Denmark, Finland, Lithuania, Portugal, Cyprus and Greece.

The ESRI case “sampled weights” shows similar resultsto the base case scenario. In particular, the distributions
of the scores not considering the outliers are generaly similar, except for some slight reductions (e.g., Denmark,
Finland, Austria) or enlargements (e.g., Switzerland, Albania) of the size of the boxes and the whisker in Figure
2. In the former case, it means that by sampling the weights the scores tend to give similar results in each run,
which meansthat the criteriahave similar performances. Inthe latter case, it meansthat for each sampled weighting
profile more differentiated scores are cal culated, which means that there are more divergent criteria performances
within acountry. It isimportant to note that this effect is relatively stronger for countries in which the effect of the
divergent criteria performance is minimal (e.g., Switzerland, Albania), while it has no or relative minimal effects
for countries (e.g., Portugal, Cyprus, Greece) in which the divergent criteria performances are large. This shows
how different weight profiles could help in depicting country scores variation when the divergent criteria
performance is minimal. Finally, worth noting is that generally the means are not the same. In fact, the mean of
the ESRI case “sampled weights” looks slightly higher or lower than the ESRI base case scenario. The latter is
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most probably caused by the increased number of resulting scoresin the first case, which improves the robustness
of the results.

4.2. Deterministic vs. Uncertain Criteria

Figure 2b presents the comparison between the ESRI base case scenario and the ESRI “uncertain criteria”. As
in section 4.1, the countries are classified in descending order according to the ESRI mean score of the base case
scenario. This comparison reveals differences in scoring results for most of the countries. The top-performer
(Switzerland) and the low-performer (Albania), where the effect of having many top-performing criteriaand low-
performing criteria, respectively, show arelative low effect of the criteria uncertainty on their final rankings. This
isalso valid for some of the average-performing countries, e.g., Norway, Italy, and Estonia, where the comparison
between the two versions of ESRI show a similar result, indicating that the effect of the criteria uncertainty is
limited, due to their lower volatility. On the other hand, the effects of criteria uncertainty on the scoring and
rankings of the other countries are significant, showing an average score decrease (e.g., Switzerland, UK, Ireland,
Netherlands, Belgium, Poland) or an average score increase (e.g., Island, Hungary, Serbia, Greece, Bosnia &
Herzegovina, Albania), indicating how strong isthe effect on the scores of countries with criteria affected by large
volatility, i.e., large standard deviation.
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Fig. 2. Boxplot of normalized resilience scores per country. For each country, the red/blue square is the mean score value of the Electricity
Supply Resilience Index (ESRI), while the black horizontal line represents the median. A box contains 50% of all scores, that is, it vertically
extends from the first quartile to the third quartile of all scores. The whiskers extend to 3/2 of the length of the box. The black points
represent outperformers. a) Results for the ESRI base case scenario (orange) and the ESRI “sampled weights” case (light blue). b) Results for
the ESRI base case scenario (orange) and the ESRI “uncertain criteria” case (light blue).

5. Conclusions

This study presents an extension of the Electricity Supply Resilience Index (ESRI), developed to benchmark
countries' electricity supply resilience. The ESRI isacompositeindicator (Cl) constructed according to the widely
accepted ten-step methodological framework for good practice in the construction of Cls (Organisation for
Economic Co-operation and Development (OECD), 2008). In the past, ESRI has focused on analyzing the
sensitivity of the scoring/ranking of countries to the combination of normalization/aggregation functions, used to
score the index (Gasser et al., 2020). In this context, two additional robustness analyses are considered in addition
tothe ESRI sensitivity analysis. First, theimpact of different criteriaweighting profileson the final scoring/ranking
of countries. Second, the impact of the presence of criteria uncertainty on the final scoring/ranking of countries.
In this study, the ESRI extension was applied to its 17-criteria version for 35 European countries affiliated to
ENTSO-E (Siskos and Burgherr, 2022). Direct ranking comparisons between previous studies are not possible
because of differences in countries and/or numbers of criteria and criteria values and time periods (Gasser et al.,
2020; Lindén et al., 2021; Siskos and Burgherr, 2022). In this study, we compare a base case scenario with other
scenarios calculated by using the same information.

The comparison of the ESRI base case scenario with the ESRI “sampled weights” shows a generally limited
impact of the weights on the fina scoring/ranking of countries, which indicates that even under diverging
preferences the scores/ranks are stable. However, the results indicate that different weighting profiles could help
to represent the variation in the countries' scores when the divergent criteria performance is minimal, which is not
the case when the latter is significantly large and therefore embedded in the combination of
normalization/aggregation functions.

On the other hand, the ESRI “uncertain criteria” highlights that the differences are large or small for countries
described by criteria with high or low volatility, i.e., standard deviation. Furthermore, in contrast to the previous
comparison, where the score result is stable, the scoring for some of the countries varies by either increasing or
reducing the scores, showing how strong a criterion uncertainty could be on the final scoring/ranking of a country.
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Future research should focus on collecting additional data for some of the criteria considered, either to increase
the robustness of the uncertainty criteria or to introduce uncertainty in the deterministic criteria that were kept this
way due to the lack of information found by the authors. Furthermore, it would be of interest understanding what
drivesthe scoring/ranking stability for acountry, both in termsof changesin weightsand changesin criteriavalues.
Inthis context, afurther development of the ProM CDA tool could be the ability to extract weightings and/or years
in which a country performs best/worst.
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