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Abstract
Composite indicators, also called indices, are widely used synthetic measures for ranking and
benchmarking alternatives across complex concepts. The aim of constructing a composite indicator is,
among other things, to simplify and condense the information of a plurality of underlying indicators.
However, to avoid misleading results, it is important to ensure that the construction is performed in a
transparent and representative manner. To this end, this thesis aims to aid the construction of the
Electricity Supply Resilience Index (ESRI) – which is a novel energy index, developed within the Future
Resilient Systems (FRS) programme at the Singapore-ETH Centre (SEC) – by looking at the
complementary and fundamental component of index aggregation, namely the weighting of the
indicators. Normally, weights are assigned to reflect the relative importance of each indicator, based on
stakeholders’ or decision-makers’ preferences. Consequently, the weights are often perceived to be
importance coefficients, independent from the dataset under analysis. However, it has recently been
shown that the structure of the dataset and correlations between the indicators often have a decisive
effect on each indicator’s importance in the index. In fact, their importance rarely coincides with the
assigned weights. This phenomenon is sometimes referred to as implicit weights. The aim of this thesis
is to assess the implicit weights in the aggregation of ESRI.
For this purpose, a six-step analytical framework, based on a novel variance-based sensitivity analysis
approach, is presented and applied to ESRI. The resulting analysis shows that statistical dependencies
between ESRI’s underlying indicators have direct implications on the outcome values – the equal
weights assigned a-priori do not correspond to an equal influence from each indicator. Furthermore,
when attempting to optimise the weights to balance the contribution of each indicator, it is found that
this would require a highly unbalanced set of weights and come at the expense of representing the
indicators in an effective manner. Thereby, it can be concluded that there are significant dependencies
between the indicators and that their correlations need to be accounted for to achieve a balanced and
representative index construction. Guided by these findings, this thesis provides three recommendations
for improving the statistical representation and conceptual coherence of ESRI. These include: (1) avoid
aggregating a negatively correlated indicator – keep it aside, (2) remove a conceptually problematic
indicator – revise its construction or conceptual contribution, and (3) aggregate three collinear and
conceptually intersecting indicators into a sub-index, prior to aggregation – limit their
overrepresentation. By revising the index according to these three recommendations, it is found that
ESRI showcases a greater conceptual and statistical coherence. It can thus be concluded that the
analytical framework, proposed in this thesis, can aid the development of representative indices.
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Sammanfattning
Kompositindikatorer (eller index) är populära verktyg som ofta används vid rankning och benchmarking
av olika alternativ utifrån komplexa koncept. Syftet med att konstruera ett index är, bland annat, att
förenkla och sammanfatta informationen från ett flertal underliggande indikatorer. För att undvika
missvisande resultat är det därmed viktigt att konstruera index på ett transparent och representativt sätt.
Med detta i åtanke, avser denna uppsats att stödja konstruktionen av Electricity Supply Resilience Index
(ESRI) – vilket är ett nyutvecklat energiindex, framtaget inom Future Resilient Systems (FRS)
programmet på Singapore-ETH Centre (SEC). Detta görs genom att studera ett vanligt fenomen (s.k.
implicita vikter) som gör sig gällande i ett av konstruktionsstegen, då de underliggande indikatorerna
ska viktas och aggregeras till ett index. I detta steg tilldelas vanligtvis vikter till de enskilda indikatorerna
som ska spegla deras relativa betydelse i indexet. Det har dock nyligen visats att datastrukturen och
korrelationer mellan indikatorerna har en avgörande påverkan på varje indikators betydelse i indexet,
vilket ibland kan vara helt oberoende av vikten de tilldelats. Detta fenomen kallas ibland för implicita
vikter, då de ej är explicit tilldelade utan uppkommer från datastrukturen. Syftet med denna uppsatts är
således att undersöka de implicita vikterna i aggregationen av ESRI.
För detta ändamål sker en tillämpning och utökning av en nyutvecklad variansbaserad
känslighetsanalys, baserad på olinjär regression, för bedömning av implicita vikter i
kompositindikatorer. Resultaten från denna analys visar att statistiska beroenden mellan ESRIs
underliggande indikatorer har direkt inverkan på varje indikators betydelse i indexet. Detta medför att
vikterna ej överensstämmer med indikatorernas betydelse. Följaktligen utförs en vikt-optimering, för att
balansera bidraget från varje indikator. Utifrån resultaten av denna vikt-optimering kan det konstateras
att det inte är tänkbart att balansera bidraget från varje indikator genom att justera vikterna. Om så görs,
skulle det ske på bekostnad av att kunna representera varje indikator på ett effektivt sätt. Därmed kan
slutsatsen dras att det finns tydliga beroenden mellan indikatorer och att deras korrelationerna måste tas
i hänsyn för att uppnå en balanserad och representativ indexkonstruktion. Utifrån dessa insikter
presenteras tre rekommendationer för att förbättra den statistiska representationen och konceptuella
samstämmigheten i ESRI. Dessa innefattar: (1) Undvik att aggregera en negativt korrelerad indikator behåll den vid sidan av, (2) ta bort en konceptuellt problematisk indikator - revidera dess konstruktion
eller konceptuella bidrag, och (3) sammanställ tre kollinära och konceptuellt överlappande indikatorer i
ett sub-index, före aggregering - begränsa deras överrepresentation. När dessa rekommendationer
implementerats står det klart att den reviderade ESRI påvisar en förbättrad konceptuell och statistisks
samstämmighet. Därmed kan det fastställas att det analytiska verktyg som presenteras i denna uppsats
kan bidra till utvecklingen av representativa index.
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1 Introduction
In a world of ever-increasing information, there is an ever-greater need for its consolidation and
interpretation. While an increasing variety of parameters enables a boarder assessment of our dynamic
world, it also amplifies the difficulty involved in understanding these complex systems. For instance,
consider the concept of energy security, defined by the International Energy Agency (IEA, 2014) as
“[…] the uninterrupted availability of energy sources at an affordable price”. In principle, it is a
multifaceted topic covering many disciplines (such as engineering, economy and geopolitics), as well
as including multiple stakeholders in the energy sector (Schenler et al., 2009; Eckle et al., 2011; Cherp
and Jewell, 2011). Consequently, it would require a multitude of measures, in the form of indicators, to
encompass all its necessary features (Hirschberg et al., 2008; Roth et al., 2009; Sovacool and Mukherjee,
2011; Ang et al., 2015). It goes without saying that an increasing number of indicators also increases
the complexity of interpretation. The concept would become more tangible if the indicators could be
summarised and presented in the form of a single score or rank (Saltelli, 2007).
To this end, Multi-Criteria Decision Analysis (MCDA) is an often-preferred evaluation method
(Hirschberg and Burgherr, 2015), as it offers flexible tools for the quantitative assessment and ranking
of options according to multiple system dimensions (Wang et al., 2009; Huang et al., 2011; Cinelli et
al., 2014). Through MCDA, it is possible to aggregate several indicators, representing the various
underlying dimensions of the research subject, into a single composite indicator, usually called an index
(OECD, 2008) (see section 2.1). During this aggregation, the developer is also tasked with the
responsibility of assigning weights to each indicator (Rowley et al., 2012). Most commonly, weights are
assigned to reflect the relative importance of each indicator. Thus, it is usually assumed that the weight
assigned can be directly interpreted as a measure of an indicator’s importance (Munda and Nardo, 2005).
However, it has recently been shown that the structure of the dataset and correlations between the
indicators can have a decisive effect on each indicator’s representation in the index (Paruolo et al., 2013;
Becker et al., 2017). Consequently, the importance of each indicator may not correspond to the explicitly
assigned weighting scheme. This phenomenon is sometimes referred to as implicit weights (see sections
2.3-2.4).
Within the Future Resilient Systems (FRS) programme’s module ‘Assessing and Measuring Energy
Systems Resilience’ 1 at the Singapore-ETH Centre (SEC), a novel energy index – the Electricity Supply
Resilience Index (ESRI) – has been developed to evaluate countries’ security of electricity supply from
a resilience perspective (Gasser et al., 2017; Gasser et al., 2019, (Submitted to Energy)). Although many
proposals have been made to quantify the concept of energy security (Hirschberg et al., 2008; Schenler
et al., 2009; Roth et al., 2009; Eckle et al., 2011; Hirschberg and Burgherr, 2015; Volkart et al., 2016),
focusing on sustainability features of a system or its ability to resist disruptions, there are few
contributions that include all four biophysical dimensions of resilience (Heinimann and Hatfield, 2017):
Resist, Restabilise, Rebuild, and Reconfigure. Hence, the novelty of ESRI lies in its unique conceptual
framework, but also in its robust construction. Recent work on this index has included the identification
of indicators, along with a thorough assessment of different techniques for their normalisation and
aggregation into single scores (Gasser et al., 2019, (Submitted to Energy)). Currently, ESRI is
aggregated using equal weights, under the assumption that all indicators included in the conceptual
framework are equally important. However, there is still a lack of understanding on the effects of implicit
weights in the composite structure. Thus, this thesis aims to aid the construction of ESRI by exploring
its implicit weights.
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2 Theoretical Background
As mentioned earlier, constructing a composite indicator (or index) is a popular approach to achieve a
simplified numerical representation of a complex phenomenon. In the following chapter the concept of
composite indicators will be introduced (section 2.1). Furthermore, specific focus will be given to the
weighting process – associated with the aggregation of variables – and the interpretation of the weights,
as this is an interesting but controversial topic (sections 2.2-2.4).

2.1 Composite indicators
A composite indicator (or index) can be defined as a mathematical combination of individual indicators
that together act as a proxy of the phenomena being measured (Nardo et al., 2005; Mazziotta and Pareto,
2013). By combining a plurality of variables – using Multi-Criteria Decision Analysis (MCDA)
techniques (e.g. El Gibari et al., 2018) – composite indicators are able to quantitatively assess and rank
the performance of entities/alternatives across multidimensional concepts, which are not directly
measurable or clearly defined, such as sustainability (e.g. EUROSTAT, 2009), human development (e.g.
UNDP, 2016), competitiveness (e.g. World Economic Forum, 2017), quality of governance (e.g. World
Bank, 2015),). Thereby, they represent flexible tools for supporting decision making when more than
one criterion is considered (Cinelli et al., 2014).
Due to their widespread application and adoption by reference institutions (e.g. United Nations (UN),
European Union (EU), World Economic Forum and World Bank), composite indicators have become
widely recognised as useful tools for policy analysis, benchmarking comparisons, performance
monitoring, public communication and decision making in various areas of research (Saisana and
Tarantola, 2002; OECD, 2008; Reale et al., 2017). In fact, a recent review by Greco et al. (2018)
identifies an almost exponential growth of composite indicators over the past 20 years, highlighting their
popularity and applicability in all domains that require condensation of information for decision making.
Nevertheless, one of their most common objectives, and perhaps the reason for their widespread appeal,
is the ranking and benchmarking of countries according to multiple dimensions (Bandura, 2008; 2011).
The rankings provided by an index represent an invaluable tool for conveying complex and sometimes
elusive phenomena to a larger audience (Freudenberg, 2003), as it is easier to interpret a single figure
than finding a common trend amongst a multitude of indicators (Singh et al., 2009; Paruolo et al., 2013).
Even though composite indicators are popular, they are not exempt from criticism (Ebert and Welsch,
2004; Böhringer and Jochem, 2007). The usefulness of a composite indicator is largely contingent on
its underlying construction scheme (OECD, 2008). Thus, composite indicators have been a topic of
controversy ever since their introduction (Sharpe, 2004). Some of this criticism – directed towards a
lack of transparency and consistency in the construction process (Grupp and Mogee, 2004) – has been
addressed by the Organisation for Economic Cooperation and Development (OECD) and the Joint
Research Centre (JRC) of the European Commission. Together, they have developed a widely
recognised ten step methodological framework for good practice in constructing composite indicators
(Table 1). However, this hardly reduces any of the criticism surrounding the inherent drawbacks in the
methodological framework itself (Mazziotta and Pareto, 2013; 2017). Building a composite indicator is
far from trivial, involving many steps where the developer is obliged to make compromises and
subjective choices (OECD, 2008; Mazziotta and Pareto, 2013; Booysen, 2002).
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Table 1. Ten steps for constructing a composite indicator (OECD, 2008).

1. Theoretical framework
2. Data selection
3. Imputation of missing data
4. Multivariate analysis
5. Normalisation
6. Weighting and aggregation
7. Uncertainty and sensitivity analysis
8. Back to the data
9. Links to other indicators
10. Visualisation of results
An important step that has received particular attention is the weighting and aggregation of indicators
(Esty et al., 2006; Martin and Mazzotta, 2018). In this step, the weighted variables are typically
combined using an aggregation formula, resulting in a single value of the composite indicator (Cegan et
al., 2017; Diaz-Balteiro et al., 2017). Besides choosing an aggregation function (e.g. arithmetic,
geometric), the analyst is also tasked with the responsibility of assigning weights to each indicator
(Rowley et al., 2012). However, since the selection of weights can have a large impact on the final
outcome (e.g. ranking) (Freudenberg, 2003; Saisana et al., 2005), much of the criticism surrounding this
step is directed towards the often-arbitrary nature of the weighting scheme (Saltelli, 2007; Riabacke et
al., 2012).

2.2 Methods for weighting
A primary classification of weighting methods distinguishes equal and unequal weighting (Asadzadeh
et al., 2017; Greco et al., 2018). Equal weighting, which is also the most common in the development
of indices (Bandura, 2008; OECD, 2008), implies that the same weight is assigned a priori to all
indicators. This can be used when all indicators are considered equally important or when there is limited
statistical knowledge or lack of theoretical structure to justify a different weighting scheme (Nardo et
al., 2005; Baptista, 2014). Unequal weighting, on the other hand, implies that different weights are
assigned to the indicators based on some prior knowledge about their relative importance or of the tradeoffs among them (Zebardast, 2013). This type of weighting can be further divided into three subcategories, data driven, knowledge driven and hybrid.
First, data driven (or “objective”) weighting methods obtain the weights directly from the data structure,
meaning that the weights are not allocated, at least explicitly, based on any value judgement (Decancq
and Lugo, 2013). Examples of statistical methods that belong to this category of weighting are: principal
component analysis (PCA; Pearson, 1901), factor analysis (FA; Spearman, 1904) or data envelopment
analysis (DEA; Charnes et al., 1978). Second, knowledge driven (or “subjective”) weighting methods
estimate the weights through participatory approaches (Decancq and Lugo, 2013), such as budget
allocation process (BAP), where weights are assigned to each indicator based on their perceived
importance levels, which are normally determined by the preferences of an expert panel (see e.g.
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Hermans et al. (2008) and Zhou et al. (2012)). Last, hybrid approaches include a combination of both
data driven and knowledge driven methods 2.
While there exist many approaches for weighting, it should be noted that they often share a common
assumption – the weight assigned to an indicator can be directly interpreted as a measure of its
importance. This is especially prominent in the cases of equal weighting or when participatory methods
are employed (e.g. BAP) (Paruolo et al., 2013; Becker et al., 2017). However, this assumption is rarely
justified, and its accuracy largely depends on the choice of the aggregation function (Munda and Nardo,
2005; Billaut et al., 2009; Rowley et al., 2012). Moreover, it has recently been shown that also the
structure of the dataset can have a significant influence on the weights ability to correspond to the
indicators’ perceived level of importance (see Paruolo et al., 2013; Becker et al., 2017). As a
consequence, understanding the actual impact of the weights on the importance levels of the indicators
is a critical research issue from both theoretical and operational points of view.

2.3 Importance of the weight
Consider the weighted arithmetic average (or linear aggregation), which is one of the most widely used
aggregation schemes for composite indicators and multicriteria decision support 3 (Saisana and
Tarantola, 2002; Freudenberg, 2003; Bandura, 2008; 2011; Eisenfuhr et al., 2010; Langhans et al.,
2014). It is specified as:
𝑛

𝑦 = ∑ 𝑤𝑖 𝑥𝑖

(1)

𝑖=1

where 𝑦 is the composite indicator, 𝑥𝑖 is the 𝑖th normalised indicator 𝑖 = 1,2, … , 𝑛 and 𝑤𝑖 is the weight
assigned to the 𝑖th indicator, such that ∑𝑛𝑖=1 𝑤𝑖 = 1 and 𝑤𝑖 ≥ 0. The basic idea of this approach is that
the composite indicator scores of an alternative are calculated by the weighted sum of its scores for each
indicator. This usually requires a normalisation of the variables prior to aggregation, with
standardisation (or z-scores) and min–max normalisation being the most frequently used methods (Jahan
and Edwards, 2015; Carrino, 2017; El Gibari et al., 2018). Regardless of the normalisation method used,
a common assumption in this aggregation setting is that the weights are importance coefficients,
assigned to reflect the relative importance of an indicator (Paruolo et al., 2013). For instance, in the case
of equal weighting, this logic implies that all indicators should be equally important in classifying
countries across the concept represented by the index because they receive equal weights. Although
intuitively tempting, this perception is not fully defensible on theoretical grounds for two main reasons,
as discussed in the following paragraph.
First, in linear aggregation schemes, the nominal weights represent trade-offs between pairs of
indicators, implying a compensatory logic. Munda and Nardo (2005) and Decancq and Lugo (2013)
show that weights in this setting express the marginal rate of substitutability between indicators. Thus,
weights have the theoretical meaning of trade-off ratios (i.e. the possibility of compensating for a loss
in one domain with a gain in another) rather than importance coefficients (OECD, 2008; Munda and
Nardo, 2009). Second, Paruolo et al. (2013) and Becker et al. (2017) identify yet another issue in
considering the weights as a direct measure of importance – it disregards any implicit effects that may
arise from dependence between variables in the composite structure. As illustrated by Figure 1,

2

For an illustrative example, see Singh et al. (2007) or Zebardast (2013), who adopt a PCA (or FA with regards
to the latter) combined with an Analytical Hierarchy Process (AHP; Saaty, 1990) model to determine the weights.
3
It should be noted that further approaches (e.g. “non-compensatory”) exist within the MCDA domain (see e.g.
El Gibari et al. (2018) for an extensive review on this topic).

4

correlations amongst the indicators (Φ𝑖𝑗 ) already implicitly “weight” them, preventing the explicitly
assigned weights (𝑤𝑖 ) from corresponding to the indicators level of importance. This phenomenon is
sometimes referred to as implicit weights.

Figure 1. Composite indicator illustrated as a formative measurement model, where the variables 𝒚, 𝒙𝒊 and 𝒘𝒊 correspond to
their assigned definition in (1); depicted from Diamantopoulos et al. (2008).

2.4 Measure of importance
In an attempt to address the inconsistency and bridge the gap between the common perception of
importance (i.e. explicit weights) and the “actual importance” (i.e. implicit weights), Paruolo et al.
(2013) and Becker et al. (2017) proposed a methodology to assert the effect of each input variable 𝑥𝑖 on
the final output 𝑦 (i.e. the composite). This allows for a comparison between the target relative
importance (i.e. the weights) of each indicator 𝑥𝑖 , with an ex-post measure of importance such as Karl
Pearson’s correlation ratio 𝜂2 (Pearson, 1905), which is a coefficient of non-linear association. In global
sensitivity analysis, the correlation ratio is also known as the first order sensitivity index (Saltelli et al.,
2008), usually denoted as 𝑆𝑖 , and is a statistical measure of “variance-based” sensitivity. It is defined as:
𝑆𝑖 ≡ 𝜂𝑖2 ∶=

𝑉𝑥𝑖 (𝐸𝑥~𝑖 (𝑦|𝑥𝑖 ))
𝑉(𝑦)

(2)

where 𝑉(𝑦) is the unconditional variance of 𝑦, obtained when all factors 𝑥𝑖 are allowed to vary;
𝐸𝑥~𝑖 (𝑦|𝑥𝑖 ) is the mean of 𝑦 when 𝑥𝑖 is fixed, emphasised by the term 𝑥~𝑖 , which is the vector containing
all the variables (𝑥1 , … , 𝑥𝑛 ) except variable 𝑥𝑖 . Thus, 𝐸𝑥~𝑖 (𝑦|𝑥𝑖 ) is conditional on 𝑥𝑖 and is, for that
reason, also referred to as the main effect of 𝑥𝑖 . In simple terms, (2) implies that the main effect
𝐸𝑥~𝑖 (𝑦|𝑥𝑖 ) can be obtained by a nonlinear regression fit of 𝑦 against 𝑥𝑖 . Then, to obtain the correlation
ratio 𝜂𝑖2 (or 𝑆𝑖 ), the variance of the resulting curve is taken and standardised by the unconditional
variance of 𝑦. Thus, 𝑆𝑖 represents the nonlinear generalisation of the well-known coefficient of
determination 𝑅2 , such that 𝑆𝑖 equals 𝑅2 when the regression fit is linear (Becker et al., 2017).
In the context of composite indicators, 𝑆𝑖 can be interpreted as the expected reduction of variance in the
composite scores if a given indicator could be fixed (Paruolo et al., 2013; Saisana and Saltelli, 2011).
Much like its linear counterpart 𝑅2 , the nonlinear measure of 𝑆𝑖 can assume any value within the range
of 0 to 1, determining the individual contribution of each input indicator 𝑥𝑖 to the total output variance
of the index 𝑦. A value of 1 implies that all the variance in 𝑦 is driven by 𝑥𝑖 , which is non-desirable
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from a composite perspective as it means a redundancy in the measure. If 𝑦 can be explained solely by
𝑥𝑖 , there is no point in constructing 𝑦. On the other side of the spectrum, a value of 0 implies that none
of the variance in 𝑦 is driven by 𝑥𝑖 . This is equally undesirable as it means that the variable 𝑥𝑖 is not
linked with the concept being measured by 𝑦. Hence, it contributes nothing to the measured concept and
there is no point in including it in the index. Thus, the nonlinear dependence (i.e. the 𝑆𝑖 value) between
the index and an indicator can be used to represent the importance of that indicator, i.e. it’s contribution
to the concept being measured. The correlation ratio is therefore often referred to as actual influence or
measure of importance4 (Saisana and Saltelli, 2011; Becker et al., 2017).
There is no univocal indication of what a “good” value of 𝑆𝑖 is, since this is relative to, for instance, the
complexity of the concept being measured, or the weighting and aggregation scheme employed.
Nevertheless, the correlation ratios can provide a useful tool for assessing the assumptions of an index.
For instance, one can determine how far each indicator is from corresponding to their intended
“importance” by comparing the estimated implicit weights (i.e. the 𝑆𝑖 values) to the initially assigned
weights. This is one of the main contributions of the work of Paruolo et al. (2013), where the authors
show that the explicitly assigned weights rarely coincide with their ex-post measures of importance.
Instead, results indicate that the importance of each indicator is, to a great extent, driven by dependences
between the aggregated indicators. In a more recent study, Becker et al. (2017) extends this area of
research by proposing a numerical approach, in the form of a weight-optimisation algorithm, allowing
the weights to be adjusted to achieve the desired importance level of each indicator 5.
In essence, this weighting approach can be categorised as a hybrid weighting approach, as it derives
weights from the data structure according to a pre-defined target of importance, i.e. combining data- and
knowledge-driven weighting to satisfy the objective of balancing the contribution of each indicator in
relation to their assigned weight. Although this is an important objective of index construction, it is not
the only one. With developers often keen to stress that composite measures are complementary to the
underlying indicators, and serve as a structured access point to a complex set of data (Becker et al.,
2018), an equally important objective of weighting and aggregation is, arguably, to represent each of
the underlying indicators in an efficient manner. It should thus be noted that interpreting the results of
this weight-optimisation approach is far from straightforward – as will be shown in this thesis – and
requires further conceptual considerations, additionally to the statistical ones, to avoid simplistic
conclusions.

In this thesis the terms “importance”, “contribution”, “influence”, and “representation” are used interchangeably
when referring to the correlation ratio.
5
This methodology is further covered in section 4.1.5.
4
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3 Research gap and thesis objectives
As mentioned in the introduction, the Electricity Supply Resilience Index (ESRI) – which is a novel
energy index developed within the FRS programme, at SEC – is the target of evaluation for this thesis.
Currently, ESRI is aggregated using equal weights, under the assumption that all indicators included in
the conceptual framework are equally important. However, there is still a lack of understanding on the
effects of implicit weights in the composite structure. Thereby, this thesis aims to aid the construction
of ESRI by exploring its implicit weights. The main contributions provided by this thesis include: (i)
estimating each indicator’s importance in the ESRI, and (ii) optimising the weights to achieve an equal
contribution from each indicator, which is assumed to be the case with the equal weights assigned.
In the broad context of composite indicator research, this work is specifically devoted to providing
solutions for constructing indices that represent its underlying indicators as well as possible. More
specifically, this thesis proposes a novel concept, called representativeness, for interpreting the influence
of each indicator on the index and to assess the value of optimising the weights to achieve the desired
importance. Thereby, the main objectives of this thesis are to:
•

•

Extend the analytical framework for assessing implicit weights in composite indicators by
introducing a complementary perspective for interpreting the importance measure and the
results of the weight-optimisation.
Apply the analytical framework to the ESRI to:
o Assess the accuracy of the equal weighting assumption for ESRI by studying the
implicit weights;
o Examine the possibility of adjusting the weighting scheme, applied to ESRI, in order to
achieve an equal influence of each indicator;
o Analyse results with specific reference to (i) balancing contribution, and (ii) effectively
representing each indicator;
o Provide recommendations for the construction of ESRI that consider both statistical and
conceptual aspects of the weighting and aggregation.

Although other methodological choices such as selection of normalisation and aggregation approach
may impact the outcome of an index score/ranking (e.g. Jahan and Edwards, 2015), this study is
particularly interested in the weighting of indicators and their representation in the index. Hence, this
thesis limits itself to one normalisation/aggregation combination for the assessment of implicit weights
in ESRI. The previously discussed weighted average (i.e. linear) aggregation scheme, accompanied by
a min-max normalisation, will be used for this application since these are the most commonly used
approaches in their respective discipline (OECD, 2008; Eisenfuhr et al., 2010; Ang et al., 2015; El Gibari
et al., 2018). With regards to these objectives and limitations, this thesis attempts to answer the question:
How can sensitivity analysis of composite indicator assumptions (with specific focus on the weighting
scheme) aid the construction of representative indices?
The practical contributions of this thesis are therefore twofold. On the one hand, this study contributes
to the construction of ESRI by understanding how far the weights of the indicators are from
corresponding to their desired importance values, and which indicators’ weights that have a reduced
impact on the results. On the other hand, this work also contributes to the development of representative
indices in general, by extending the analytical framework for the assessment of implicit weights in
composite indicators, with the introduction of the concept of representativeness.
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4 Materials and methods
In this chapter, a description of the analytical framework, applied to ESRI is given (section 4.1),
followed by the description of the conceptual framework of ESRI and the treatment and normalisation
of its underlying data (section 4.2).

4.1 Analytical framework
This thesis performs a detailed examination of the effects of the implicit weights in the structure of
ESRI. This is conducted by applying a six-step analytical framework, which builds upon and extends
the work of Becker et al. (2017). The entire procedure is shown in Figure 2, where a clear distinction is
made between the four steps adopted from the aforementioned authors (i.e. “Original”), and the two
novel steps introduced in this study (i.e. “Extension”). Among the two novelties, the assessment of
representativeness deals with the issue of effectively representing each indicator. The six steps are
briefly summarised in the paragraphs below (for more details, see the referred sections).
First, the correlation structure of ESRI is examined by reviewing the Pearson correlation coefficients
between all the indicators of the index. Here, indicators are categorised according to the values of their
correlation coefficients, either as particularly “low” or “high” (see section 4.1.1). Second, building on
the work of Paruolo et al. (2013), the importance of each indicator is estimated using Karl Pearson’s
correlation ratio (𝑆𝑖 ), which is a nonlinear measure of dependence between the composite indicator and
its underlying indicators. This allows determining the actual influence of each indicator in the composite
structure. In contrast to the aforementioned authors, who use local-linear regression to obtain 𝑆𝑖 , this
thesis adopts the approach of Becker et al. (2017), who introduces Gaussian Processes and penalised
cubic splines as the nonlinear regression methods for estimating the correlation ratios (see section 4.1.2).
Third, an additional step is introduced in this study to assess the uncertainty of the 𝑆𝑖 estimates for both
of the previously mentioned regression methods. This makes use of the confidence intervals over the
Pearson correlation ratio, which are provided by the Gaussian Processes (see section 4.1.3).
Fourth, going back to the “original” methodology, the 𝑆𝑖 estimation is decomposed into influence caused
by correlation and influence caused by each variable alone. This decomposition is conducted by
multivariate regression analysis, based on the approach suggested by Xu and Gertner (2008) for
sensitivity analysis in the presence of correlated input parameters. In this study, the approach is adopted
to further scrutinise the cause of each indicators influence on the index (see section 4.1.4). Fifth, the
weights are optimised (i.e. reallocated) with the goal of balancing the influence. This is performed with
an optimisation algorithm, which minimises the sum of squared difference between the correlation ratios
at a given set of weights, and the desired values (see section 4.1.5).
Finally, going beyond the work of Becker et al. (2017), this thesis elaborates further on the interpretation
of the results from the analysis, from the perspective of representativeness. Since the above-mentioned
weight-optimisation uses normalised values of the correlation ratio, it only represents a relative
comparison. Hence, a further assessment of the “non-normalised” correlation ratios, at initial weights
and at optimised weights, is carried out in order to derive and compare the representation of each
indicator in the newly balanced index (see section 4.1.6).
All of these six steps will be covered in greater detail in the upcoming sections (4.1.1 – 4.1.6) before
their subsequent application on ESRI (see section 5.1), which is performed using the Matlab tools made
available by Becker (2017). For a detailed overview of these tools and their use, a codebook is available
in Appendix C.
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Figure 2. Flow chart illustrating the multi-stage exploration of the implicit weights for ESRI. “Original” refers to the work of
Becker et al. (2017), while “Extension” is the additional contribution of this thesis.

4.1.1

Step 1: Correlation analysis

A correlation analysis is used to assess the linear relationships between indicators. The results are often
showcased in a correlation matrix with scores ranging between 1 (strong positive linear relationship)
and -1 (strong negative linear relationship). A score of 0 indicates that there is no linear relationship.
When constructing composite indicators, the correlation analysis is commonly used to scrutinise the
internal consistency of a scale (OECD, 2008). To ensure that individual variables are linked to an
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overarching concept, positive correlations between the variables are usually preferred (Furr, 2011;
Meyers et al., 2013).
With regards to implicit weights, correlations have been shown to have a decisive effect on each
indicator’s influence on the index. Consequently, it is of interest to classify indicators according to their
correlation strength at an early stage. For this analysis, Pearson correlations |𝑟| < 0.3 are interpreted as
particularly low or negligible, and Pearson correlations |𝑟| > 0.8 as particularly high (e.g. Hinkle et al.,
2003). Thus, the correlation analysis will highlight indicators that showcase particularly high or low
correlations, so that they can be further scrutinised in subsequent steps of the analysis.

4.1.2

Step 2: Estimation of actual influence, 𝑺𝒊

As discussed earlier, the actual influence/correlation ratio (𝑆𝑖 ) is represented by the nonlinear
dependence of 𝑦 (the index) on 𝑥𝑖 (the indicators). Consequently, various nonlinear regression methods
can be used to estimate 𝑆𝑖 . However, this analysis will make use of two approaches for their specific
properties: (1) Gaussian Processes, due to their probabilistic nature (providing confidence intervals)
and high flexibility, and (2) penalised splines, due to their ability to provide fast curve-fitting, whilst
simultaneously offering a flexible alternative, nearly on par with the Gaussian Processes. Both methods,
along with their particular advantages, are briefly described in this section.
Gaussian Processes
Gaussian Processes (GPs) are a flexible, non-parametric Bayesian approach to probabilistic modelling
of nonlinear data, and have thus become widely used in variance-based sensitivity analysis (Becker et
al., 2011; Becker et al., 2013). Similar to a parametric Bayesian regression, which defines a distribution
over parameters, GPs makes use of a prior and a likelihood to determine a posterior. However, the nonparametric GP regression describes a prior over functions (instead of parameters), which, together with
the observed data, can be transformed into a posterior over functions (Murphy, 2012). Thus, a GP is a
probabilistic distribution over functions 𝑓(𝑥), and is defined by Rasmussen and Williams (2006) as
“[…] a collection of random variables, any finite number of which have a joint Gaussian distribution”.
In other words, a GP assumes a joint probability of the values of 𝑓(𝑥) for all the considered variables
𝑥1 , 𝑥2 , … , 𝑥𝑛 , specified by a mean function 𝜇(𝑥), and a covariance function 𝑘(𝑥𝑖 , 𝑥𝑗 ).
The core of the GP is this covariance function, which reflects the covariance between any two variables,
as it specifies the distribution of random functions. Hence, this function typically includes a number of
free parameters, i.e. hyperparameters. In the context of GPs, the key objective of the training, is to
optimise such hyperparameters for a given covariance function (Rasmussen and Williams, 2006). For
the GP application in this thesis, the prior distributions are assigned to said hyperparameters and their
convergence, i.e. the resulting posterior GP distribution, is explored using Markov Chain Monte Carlo
methods (MCMC). Consequently, it is possible to estimate the correlation ratio at each set of
hyperparameter values inspected in the search, which in turn allows for the construction of distributions
and confidence intervals over 𝑆𝑖 . In practice, there are several thousand of MCMC steps. However, to
limit computational time, only 200 samples are taken of posterior distribution, resulting in 200 samples
of the actual influence/correlation ratio. It should be noted that this choice is a subjective one, obtained
empirically by finding a satisfactory convergence for the data of this study. It could thus vary for other
applications; see for example Becker et al. (2017), who uses only 50 samples.
Penalised splines
Although GPs represent a sophisticated tool for nonlinear regression, they face difficulties in operating
with larger numbers of data points or with larger numbers of regressions, as in the subsequent weightoptimisation, which involves fitting a large number of nonlinear regressions (see section 4.1.5). In this
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case, penalised splines can offer a fast but still flexible alternative. Penalised splines are a form of semiparametric regression, i.e. a fusion of parametric regression and nonparametric regression. Hence, they
make use of well-known properties of linear regression, combined with the flexibility to accommodate
nonlinear trends (Ruppert et al., 2009). As a result, they can provide very fast curve-fitting, which limits
computational time.
Basic splines regression interpolates the data by connecting constrained piecewise polynomials at
certain points, called knots. It is these knots, along with the 𝑝-order of the spline basis function, which
determines how much the spline can deviate from its parametric shape. In this application, a cubic order
of the spline is used, i.e. 𝑝 = 3. To avoid overfitting, a “roughness penalty” is introduced in the shape
of a smoothing constraint, which is placed on the regression parameters. This penalises the coefficients
of the spline basis functions, resulting in a smooth fit, making it possible to derive the nonlinear main
effect. Hence, in this study, the nonlinear correlation ratios are estimated using penalised cubic splines.
However, for simplicity, they will be referred to only as “splines”.

4.1.3

Step 3: Uncertainty of 𝑺𝒊 estimates

Although Becker et al. (2017) propose the choice of a nonlinear regression method based on the size of
the dataset, this study argues that there are certain scenarios where both methods should be applied. For
instance, it is not uncommon that the GP is preferred for the initial 𝑆𝑖 estimation, but the spline is
preferred in the later weight-optimisation stage, due to its superior ability to process multiple regressions
in a cost-effective manner. In such cases, there is a need to assess the uncertainty of the spline in
accordance to the GP estimates to manifest the robustness of the weight-optimisation results.
This can be explored by comparing the resulting 𝑆𝑖 estimations from both methods. Thereby, one can
make use of the confidence intervals, provided by the GP, not only to determine the uncertainty of the
GP but also the splines. Hence, the GP acts as an uncertainty analysis of the spline. If the spline is within
the confidence interval of the GP, and this interval is within a satisfactory range, it is deemed acceptable.
However, should the discrepancy be significant between the estimates of the two methods, the
legitimacy of the weight-optimisation results may need to be reconsidered, since it is based on the splines
estimates. Thus, by comparing both approaches one can achieve a greater insight in the robustness of
the methodological choices made throughout this analysis.

4.1.4

Step 4: Decomposition of influence

It is widely recognised in sensitivity analysis literature that when input parameters are correlated, the
correlation ratio 𝑆𝑖 captures not only the variance contribution of the individual variable 𝑥𝑖 , but also that
caused by other variables, which are correlated with 𝑥𝑖 (Xu and Gertner, 2008; Mara and Tarantola,
2012). Thus, to gain further insight into the nature of the influence of each variable, the 𝑆𝑖 can be
decomposed into two parts:
𝑆𝑖 = 𝑆𝑖𝑐 + 𝑆𝑖𝑢

(3)

where 𝑆𝑖𝑐 represents the correlated contribution (i.e. variations of an indicator which are correlated with
other indicators) and 𝑆𝑖𝑢 represents the uncorrelated contribution (i.e. the unique variations of an
indicator which cannot be explained by any other indicator) (Xu and Gertner, 2008; Becker et al., 2017).
This distinction allows us to separate the influence of each indicator into: (1) influence caused by
correlation with other indicators 𝑆𝑖𝑐 , and (2) influence caused by this indicator alone 𝑆𝑖𝑢 . When
constructing composite indicators, this information can potentially provide the developer with further
understanding of how the assigned weights affect the representation of each indicator in the final index
construction.
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For instance, the knowledge that a given indicator has a dominant 𝑆𝑖𝑐 part indicates that the influence of
that indicator is strongly driven by correlation with other indicators and thus the value of the weight
may have limited impact on the outcome. Conversely, a dominant 𝑆𝑖𝑢 part indicates that the influence
of that indicator is largely comprised of unique variations, which may not be represented through
correlation with other indicators. Thus, the value of its assigned weight may have a rather large impact
on its representation in the index. Furthermore, a negative 𝑆𝑖𝑐 implies that the correlations within the
structure are, on average, negatively affecting this indicator. Consequently, it may be difficult to
represent this indicator, regardless of its assigned weight. Also, as negative correlations are usually
inadvisable in composite indicators, this may imply both a statistical and conceptual problem with this
indicator (Saisana and Saltelli, 2011; Becker et al., 2017).
In order to achieve the decomposition in (3), Becker et al. (2017) extend the work of Xu and Gertner
(2008), who use a linear approach, by introducing nonlinear tools for the regression analysis. In short,
the methodology to obtain the decomposed parts, which is repeated for each variable 𝑥𝑖 , can be
summarised as follow:
1. Estimate the influence 𝑆𝑖 using a nonlinear regression approach e.g. splines or GPs (see section
4.1.3).
2. Separate the effect of correlation; perform a multivariate regression (linear/nonlinear) of 𝑥𝑖 on
𝑥~𝑖 , where 𝑥~𝑖 represents the matrix 𝑥 without the 𝑖th column. Denote this fitted regression as
𝑥̂𝑖 .
3. Obtain the residual of this regression 𝑧̂𝑖 (i.e. what is “left” after correlation is removed), from
𝑧̂𝑖 = 𝑥𝑖 − 𝑥̂𝑖 .
4. Estimate 𝑆𝑖𝑢 by a nonlinear regression of 𝑦 on 𝑧̂𝑖 , using the same approach as in Step 1.
5. Obtain 𝑆𝑖𝑐 by recalling (3): 𝑆𝑖𝑐 = 𝑆𝑖 − 𝑆𝑖𝑢 .
It should be noted that there are three regression steps per variable: First, a univariate regression to
estimate the 𝑆𝑖 (Step 1). Second, a multivariate regression to remove the dependence of 𝑥𝑖 on 𝑥~𝑖 (Step
2). Third, a univariate regression of 𝑦 on the residuals 𝑧̂𝑖 to obtain 𝑆𝑖𝑢 (Step 4). Each of these steps can
be performed either with linear or nonlinear regression approaches.

4.1.5

Step 5: Optimisation of weights

In order to explore the weights that would need to be assigned to achieve the desired influence of each
indicator, a numerical approach – in the form of an optimisation algorithm based on nonlinear tools – is
introduced. This weight-optimisation algorithm uses the normalised correlation ratio, represented as 𝑆̃𝑖 ,
which is obtained by:
𝑛

𝑆̃𝑖 = 𝑆𝑖 ⁄∑

𝑖=1

(4)

𝑆𝑖

where ∑𝑛𝑖=1 𝑆̃𝑖 = 1, which makes it directly comparable to the target values (weights), which are denoted
as 𝑆̃𝑖∗ . Here, it is assumed that the initial weights are assigned to reflect the intended importance of each
indicator, i.e. 𝑤𝑖 = 𝑆̃𝑖∗ . Thus, the aim of the optimisation is to make the normalised correlation ratio 𝑆̃𝑖
correspond to the target 𝑆̃𝑖∗ by adjusting the weights. Mathematically, this optimisation problem can be
formulated by defining an objective function as the sum of squared differences between the 𝑆̃𝑖 at a given
set of weights and the target 𝑆̃𝑖∗ , accordingly:
𝑛

𝒘𝑜𝑝𝑡 = 𝑎𝑟𝑔𝑚𝑖𝑛𝑤 ∑ (𝑆̃𝑖∗ − 𝑆̃𝑖 (𝒘))

2

(5)

𝑖=1
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where 𝒘 = {𝑤𝑖 }𝑛𝑖=1 . In this framing, the optimised weights 𝒘𝑜𝑝𝑡 can be found by minimising the above
stated objective function (5). In contrast to the work of Becker et al. (2017), who also allow negative
weights, this study limits itself to a strict positive constraint on the optimised weights, i.e. 𝒘𝑜𝑝𝑡 ≥ 0.
This is deemed to be of support for the interpretation of the results, as negative weights are somewhat
difficult to communicate. For the choice of optimisation algorithm, however, this study replicates the
work of the aforementioned authors by using a Nelder-Mead simplex search method. Since this
technique is a heuristic search method, there is no guarantee that the optimisation algorithm will
converge to an optimal solution (McKinnon, 1998; Lagarias et al., 1998). Hence, the success of the
search method needs to be judged on the resulting correlation ratios. In this study, due to the large
amount of regression fits, a satisfactory solution could not be found by using the available local solver
in the Matlab tools (Becker, 2017). To solve this problem, a global solver (MultiStart6) is introduced
(Matlab, 2017), which re-runs the search method using different starting points (i.e. trial weights) with
the aim of finding an initial starting point in the basin of attraction of a global minimum7. For an
overview of the entire weight-optimisation process, see Figure 3.

Figure 3. An illustration of the weight-optimisation algorithm; depicted from Becker et al. (2017).

4.1.6

Step 6: Assessment of representativeness

Even though the weight-optimisation successfully finds a set of weights that balances the normalised
correlation ratios according to the pre-defined target (i.e. initially assigned weights), it only represents
a relative comparison. Hence, it may overlook other important objectives of the weighting and
aggregation – as will be shown in this thesis – such as representing the underlying indicators as
effectively as possible. This is also briefly considered by Becker et al. (2017), who state that “[…] it is
not proposed here that the optimised weights are blindly applied; rather that they are used, among other
considerations, as a learning tool to show how far weights are from the ‘optimal’ values, which
indicators’ weights have little impact on the results, and even which indicators could be removed”. This
confirms that further consideration may be needed with regards to the interpretation of the weightoptimisation results.
6
7

For a more detailed overview on this solver, see https://se.mathworks.com/help/gads/multistart.html
For more info on this topic, see https://se.mathworks.com/help/optim/ug/local-vs-global-optima.html
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As mentioned earlier, the correlation ratio (𝑆𝑖 ) measures the stringency of nonlinear dependence between
the composite 𝑦 and the indicators 𝑥𝑖 , ranging between 0 (i.e. independent) and 1 (i.e. complete
dependence). Hence, it can be interpreted as the capacity of the composite 𝑦 to represent the indicators
𝑥𝑖 . The higher the value of 𝑆𝑖 , the more effectively 𝑦 represents an indicator 𝑥𝑖 . However, since the
magnitude of 𝑆𝑖 is not apparent when optimising with normalised values, a balanced contribution can
imply either an equally high or equally low representation of each indicator in the final index. To this
end, this thesis proposes an additional assessment of the “non-normalised” correlation ratios at
optimised weights to also reveal any possible trade-offs between balancing the contribution and
effectively representing each indicator. For this purpose, this study will perform an assessment of
representativeness, where “representativeness” is defined as: the capacity of an index to represent its
underlying features.
To assess the representativeness, this thesis uses the correlation ratios at initially assigned weights as a
baseline scenario. Then, two steps are performed to determine if the balancing of influence complements
or comes at the expense of effectively representing the indicators. First, the average 𝑆𝑖 values are
calculated for the indicators at initial weights and at optimised weights. Second, the average shift in
representation 𝑆̅, between the average correlation ratio values at the initial weights and the average
correlation ratio values at optimised weights, is measured:
𝑛

𝑛

1
𝑆̅ = (∑ 𝑆𝑖𝑜𝑝𝑡 − ∑ 𝑆𝑖 )
𝑛
𝑖=1

(6)

𝑖=1

where 𝑛 represents 𝑛-number of indicators. In (6), the value of 𝑆̅ determines the magnitude of
representation that is compromised/gained (on average) by applying the optimised weights. Ideally, this
value should be positive or close to zero, as this implies that the optimised weights result in an equally
good or better average contribution of each indicator. A negative value, however, implies an average
loss of contribution from each indicator and thus that the representativeness of the index may be
compromised in order to (possibly) obtain the desired influence. These results are then scrutinised
alongside the results of the weight-optimisation to assure that each indicator is sufficiently represented
in the newly formed index.
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4.2 Case study: Electricity Supply Resilience Index
As earlier mentioned, the Electricity Supply Resilience Index (ESRI) is a novel energy index that will
serve as a case study, to which the analytical framework will be applied. ESRI is comprised of 12
indicators, which evaluate the security of electricity supply from a resilience perspective. The target of
the evaluation are 140 countries that represent a wide spectrum of developed and developing nations
from Western Europe, Asia’s major economies, as well as North and South America. The following
subsections offer a further introduction and explanation of ESRI and its underlying components (section
4.2.1) as well as transparency in the data treatment methods and normalisation process that has been
applied to the data, prior to this assessment (section 4.2.2).

4.2.1

Conceptual framework

The resilience framework, which is the basis for ESRI, is also developed within the FRS programme at
the SEC, and is summarised by four biophysical dimension of resilience (Heinimann and Hatfield,
2017):
1. Resist – represents the system’s ability to withstand disturbances within acceptable degradation
levels.
2. Restabilise – illustrates the ability to limit a performance decrease and re-establishment of key
functionalities.
3. Rebuild – describes the recovery process of a system’s performance up to normality.
4. Reconfigure – characterises the changes of the biophysical architecture/topology of the system
to make it more fault-tolerant.
According to these four dimensions, 12 indicators have been carefully selected according to their
relevance, credibility, accessibility and applicability (see Gasser et al. (2019) (Submitted to Energy) for
more details on the indicators and their selection), in order to construct ESRI, shown in Table 2.
Table 2. Overview of the four resilience dimensions (bold), associated features (italic) and the 12 indicators considered. Some
indicators are represented twice, as they cover multiple resilience dimensions. However, they are only counted once in the
index construction.

Resilience
dimension

Feature

ID

Indicator name

Indicator unit

Quality and reliability
of the electricity system

1

System Average Interruption
Duration Index (SAIDI)

Hours per year and
customer

2

Accident risks

Fatalities/GWeyr

3

Control of corruption

% rank

4

Political stability and absence
of violence/terrorism

% rank

Diversity of electricity
generation

5

Electricity mix diversity

Normalised
Shannon index

Fuel security

6

Electricity import dependence

Ratio (cons/prod)

Control of system and
cascades

7

Equivalent availability factor

%

Resist
Stability of the general
environment

Restabilise

15

8

GDP per capita

2010 USD per
capita

9

Insurance penetration

premiums paid in
% of GDP

Political stability and absence
of violence/terrorism

% rank

Government effectiveness

% rank

11

Average outage time

Hours

7

Equivalent availability factor

%

System adaptability

5

Electricity mix diversity

Normalised
Shannon index

Integration of new
technologies

12

Ease of doing business

Distance to frontier

Financial resources

Rebuild

System governance and 4
processes
10
Technical resources

Reconfigure

1. Indicator 1 (𝐼𝑁𝐷1 ): System Average Interruption Duration Index (SAIDI) (resist)
SAIDI is a measure of the total duration of electricity supply interruptions per customer per year. This
is a direct representation of the quality and reliability of electricity supply and its ability to resist
disturbances (Layton, 2004).
2. Indicator 2 (𝐼𝑁𝐷2 ): Accident risks (resist)
Accident risks represents a quantification of the number of fatalities per unit of electricity produced.
Initially, the number of fatalities associated with each generation technology are quantified and then
aggregated into a single indictor according to each country’s production mix. This measure does not
only include fatalities from the actual power production, but all stages of the production chain
(Hirschberg et al., 2004; Burgherr and Hirschberg, 2014).
3. Indicator 3 (𝐼𝑁𝐷3 ): Control of corruption (resist)
Control of corruption is one of the Worldwide Governance Indicators (WGI), developed by the World
Bank (2015), which captures to what extent public power is used for private gains. In more corrupt
environments, where private interests govern, improvements to the electricity infrastructure that benefit
the society as a whole are less likely to be made. Thus, a higher level of corruption is more likely to
generate disruptions within the system, because the individual components are less robust and there is
usually a considerable lack of well-established processes during critical situations (Sovacool and
Mukherjee, 2011).
4. Indicator 4 (𝐼𝑁𝐷3 ): Political stability and absence of violence/terrorism (resist)
Political stability and absence of violence/terrorism is also one of the WGI, developed by the World
Bank (2015). Similar to the control of corruption, a higher political stability and absence of violence or
terrorism leads to fewer disruptions in the electricity system (Ang et al., 2015). Also, political stability
encourages bigger projects and more long-term investments within the electricity sector. Thus, the
infrastructure in politically stable regions tends to be of higher quality, less prone to disruptions.
5. Indicator 5 (𝐼𝑁𝐷5 ): Electricity mix diversity (restabilise and reconfigure)
Electricity mix diversity is a measure of the diversity within the national electricity production mix. It
is calculated using a normalised Shannon index (Gasser et al., 2019, (Submitted to Energy)). Within
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resilience science, diversity represents one of the key features for a systems ability to restabilise and
reconfigure (Molyneaux et al., 2012). When the electricity production is more diverse it is less
vulnerable to disruptions, as an unforeseen outage in a specific generation technology can be
counterbalanced by switching from one technology to another or by modifying the supply routes (Kruyt
et al., 2009). Diversity is also a way to mitigate the effects of technology lock-in (Sovacool, 2011).
6. Indicator 6 (𝐼𝑁𝐷6 ): Electricity import dependence (restabilise)
This indicator captures the degree of dependency on international supply and thus the
interconnectedness between countries’ electrical grids. It is calculated by taking the ratio between a
country’s electricity consumption and production. Thereby, a value lower than 1 (production >
consumption), implies that a country produces more than it consumes and, probably, is an exporter of
electricity. From a resilience perspective, this represents a higher flexibility to reroute flows in order to
better absorb disruptions (Sovacool and Mukherjee, 2011).
7. Indicator 7 (𝐼𝑁𝐷7 ): Equivalent availability factor (restabilise and rebuild)
The equivalent availability factor is defined by Volkart et al. (2016) to be a measure of “[…] the
availability of the plant to be controlled or dispatched due to partial or total outages caused by technical
failures or resource limitations”, which is represented by an average factor per energy source. However,
this factor does not really apply to a non-dispatchable technology, which by definition is not available
to be put into operation (Hirschberg et al., 2008). Hence, for renewables (i.e. hydro, wind and solar) the
average capacity factor is used instead, representing the intermittency in electricity generation for these
technologies.
8. Indicator 8 (𝐼𝑁𝐷8 ): GDP per capita (rebuild)
GDP is a widely recognised and commonly used fiscal measure for assessing the financial strength of a
country and its economy. Within electricity supply resilience, the monetary performance of a country is
thought to represent its ability to acquire the needed technical, material and human resources to rebuild
a system after failure (Kruyt et al., 2009).
9. Indicator 9 (𝐼𝑁𝐷9 ): Insurance penetration (rebuild)
This indicator represents the premiums paid, in percentage of the GDP, for non-life business insurance
(Swiss Re, 2018). Insurance is the fastest and most equitable mean of financing reconstruction (Asgary
et al., 2015). Thereby, a proper insurance can provide quicker access to financial means necessary to
rebuild a system.
10. Indicator 10 (𝐼𝑁𝐷10 ): Government effectiveness (rebuild)
Similar to 𝐼𝑁𝐷3 and 𝐼𝑁𝐷4 this too is one of the WGI, developed by the World Bank (2015), representing
the quality of public services and the quality of policy formulation and implementation. It is a time
intensive and complex process to rebuild damaged infrastructure. Thus, an effective government with
clearly defined processes and governance leads to faster recoveries (Heinimann and Hatfield, 2017).
11. Indicator 11 (𝐼𝑁𝐷11 ): Average outage time (rebuild)
The average outage time is calculated by taking the ratio between SAIDI and the System Average
Interruption Frequency Index (SAIFI). Hence, this indicator represents the average length of electricity
outage, until successful recovery (Gasser et al., 2019, (Submitted to Energy)).
12. Indicator 12 (𝐼𝑁𝐷12 ): Ease of doing business (reconfigure)
The ease of doing business is an index, developed by the World Bank (2016), representing the openness
to businesses and protection of property rights. A high rank in this index implies that a country has faster
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and simpler regulations to implement technological change. Thus, this measure can be used to represent
a systems ability to spawn new technologies, and other innovations needed for reconfiguration (World
Bank, 2017).

4.2.2

Dataset

The dataset used for this analysis contains the information of 140 countries across the 12 indicators of
ESRI. Besides their selection, according to the four resilience dimensions, the data for the 12 indicators
have also been treated for over-/under-performers and missing values (Gasser et al., 2019, (Submitted
to Energy)). First, the over-/under-performers (i.e. significantly high/low values), which are identified
using the Interquartile range (IQR) 8 method, have been trimmed. Second, after trimming the over/under-performers, the missing values in the dataset have been replaced using an unconditional mean
imputation9. The complete treated dataset can be found in Appendix A.
Before aggregation, all indicators need to be brought to a common scale. For this analysis, the data has
been normalised, prior to aggregation, using the min-max normalisation method, as it is one of the most
commonly used (OECD, 2008; Ang et al., 2015). It can be specified as:
𝐼𝑖𝑐 =

𝑥𝑖𝑐 − min(𝑥𝑖 )
max(𝑥𝑖 ) − min(𝑥𝑖 )

(7)

where min(𝑥𝑖 ) and max(𝑥𝑖 ) are the minimum and maximum values of 𝑥𝑖 , and 𝑥𝑖𝑐 is the specific value
of a country 𝑐. Thus, (7) represents a linear transformation of the data, resulting in the normalised
indicator scores 𝐼𝑖𝑐 that can assume values between 0 and 1.

8

Over-/under-performers are identified as data points located more than 1.5 times the IQR from the first and third
quartile and are trimmed to the nearest value within the IQR (Ghasemi and Zahediasl, 2012).
9
Missing values are substituted by the mean value, calculated over the available sample, within the individual
indicator (OECD, 2008, p.56).
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5 Results and discussion
In this chapter, the analytical framework is applied to ESRI and the results and findings are presented
and discussed (section 5.1). Guided by these findings, recommendations are provided to improve the
statistical and conceptual coherence (section 5.2). These recommendations are then implemented
(section 5.3) and the newly created index is assessed (section 5.4), before a final presentation and
visualisation of the results (section 5.5).

5.1 Analysis of the Electricity Supply Resilience Index
The following results are based on an assessment of the dataset representing the ESRI, which is
normalised by min-max normalisation and aggregated using arithmetic average aggregation with equal
weights. Each section in this chapter covers one aspect of the methodology, as presented in Section 4.1
(see Figure 2), to conduct the variance-based analysis on ESRI. It includes:
1.
2.
3.
4.
5.
6.

5.1.1

Correlation analysis (section 5.1.1)
Estimation of actual influence, 𝑆𝑖 (section 5.1.2)
Uncertainty of 𝑆𝑖 estimates (section 5.1.3)
Decomposition of influence (section 5.1.4)
Optimisation of weights (section 5.1.5)
Assessment of representativeness (section 5.1.6)

Step 1: Correlation analysis

In order to gain an initial understanding of the underlying structure of the data, a correlation analysis is
carried out. This allows studying the linear relationships between the 12 indicators of ESRI. As can be
noticed by examining the correlation matrix in Figure 4, there is a large variation with regards to the
correlation strength between the indicators, with values ranging from −0.44 to 0.94. What can be further
noted is that some indicators show a particularly strong/high correlation between them (𝐼𝑁𝐷3,4,8,10,12),
whilst others display the opposite (𝐼𝑁𝐷5,6,7,11 ). Thus, these indicators are compiled in Table 3 to be
further monitored in the subsequent stages of the analysis.
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-0.03

IND7

0.52
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IND8
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IND9
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0.78
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-0.44

0.09

0.8
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IND10

0.47

0.21

0.22

0.17

0.18

-0.15

0.01
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0.2

0.27

0

-0.2

-0.4
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0.52

0.43
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0.68
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0.04

0.67

0.54

0.86

0.26

IND12
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Figure 4. Correlations between the twelve indicators of ESRI. Numbers represent Pearson correlation coefficients; colours and
ellipses represent the strength and direction of the correlation.

Interestingly, four of the five strongly correlated indicators (GDP excluded) are composite indicators,
developed by the World Bank, measuring governance and business related performance of countries on
a macro scale (World Bank, 2015; 2016). This finding indicates that these indices represent highly
dependent and interconnected issues that tend to show similar trends, i.e. a country’s score in one of
these indicators is usually a good indication of their performance across the other four. In the case of
the Worldwide Governance Indicators (𝐼𝑁𝐷3,4,10 ), this claim is further supported by Kaufmann et al.
(2011), who identify strong correlations between these indicators and their underlying variables. The
causality of the low/negative correlations is somewhat harder to derive and will be left to the later stages
of the analysis. Nevertheless, these findings are important to emphasise as such indicators proved to be
of high relevance during the assessment of representativeness (as shown in section 5.1.6).
Table 3. Indicators which show particularly high (|𝒓| > 𝟎. 𝟖) or low (|𝒓| < 𝟎. 𝟑) Pearson correlations.

Particularly high correlation

Particularly low or negative correlation

𝑰𝑵𝑫𝟑 – Control of corruption

𝐼𝑁𝐷5 – Electricity mix diversity

𝑰𝑵𝑫𝟒 – Political stability

𝐼𝑁𝐷6 – Electricity import dependency

𝑰𝑵𝑫𝟖 – GDP per capita

𝐼𝑁𝐷7 – Equivalent availability factor

𝑰𝑵𝑫𝟏𝟎 – Government effectiveness

𝐼𝑁𝐷11 – Average outage time

𝑰𝑵𝑫𝟏𝟐 – Ease of doing business
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5.1.2

Step 2: Estimation of actual influence, 𝑺𝒊

Although the correlation analysis reveals the statistical properties of the underlying structure of ESRI,
it is far from comprehensive – considering only the linear relationship amongst the variables. In order
to further explore the effect of each indicator on the index, a nonlinear regression analysis is required.
In line with the previously presented methodology, two different nonlinear approaches are considered:
splines and GPs. The resulting regression fits from both methods are shown in Figure 5, which further
reflect the trends observed from the correlations. The highly correlated indicators (𝐼𝑁𝐷3,4,8,10,12) have
a positive and largely linear trend towards ESRI, with the exception of 𝐼𝑁𝐷8 (GDP per capita), which
is displaying some nonlinear tendencies. In the case of the linear trends, linear estimates would have
been sufficient to measure their dependence. However, in the case of 𝐼𝑁𝐷8 , a linear regression might
have underestimated its dependence. This highlights the importance of also considering nonlinearities
between the indicators and the composite. Conversely, the low/negatively correlated indicators
(𝐼𝑁𝐷5,6,7,11 ) exhibit a rather insignificant or negative, in the case of 𝐼𝑁𝐷6 (Electricity import
dependency), trend towards the index.

Figure 5. GPs (green) and splines (red) regression fits of ESRI against each indicator; GP lines represent samples of the
posterior distribution.
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The resulting 𝑆𝑖 estimations, observable in Table 4, show that all the indicators are not equally influential
in classifying countries across the concept represented by ESRI. In accordance to earlier observations,
the poorly correlated indicators are underrepresented, whereas the opposite holds true for the highly
correlated indicators. In fact, the underrepresented indicators showcase a significantly lower
contribution than the other indicators (see (*) in Table 4). This is non-desirable from the perspective of
representativeness, as it implies that these indicators are being represented less effectively than the
others. Also, it is an indication of the uncertainty in the equal weighting assumption. On a different note,
a reassuring similarity between the 𝑆𝑖 estimations obtained from these different nonlinear regression
methods can be observed. This topic will however be further explored in the upcoming section.
Table 4. Estimated actual influence (𝑺𝒊 ) of each indicator on ESRI. Results obtained from both GP and splines regression.

Indicator name

𝑺𝑮𝑷
𝒊

𝑰𝑵𝑫𝟏

SAIDI

0.63

0.62

𝑰𝑵𝑫𝟐

Accident risks

0.63

0.66

𝑰𝑵𝑫𝟑

Control of corruption

0.72

0.73

𝑰𝑵𝑫𝟒

Political stability

0.53

0.53

𝑰𝑵𝑫𝟓

Electricity mix diversity

0.25 (*)

0.26 (*)

𝑰𝑵𝑫𝟔

Electricity import dependence

0.16 (*)

0.15 (*)

𝑰𝑵𝑫𝟕

Equivalent availability factor

0.10 (*)

0.12 (*)

𝑰𝑵𝑫𝟖

GDP per capita

0.79

0.80

𝑰𝑵𝑫𝟗

Insurance penetration

0.45

0.45

𝑰𝑵𝑫𝟏𝟎

Government effectiveness

0.82

0.83

𝑰𝑵𝑫𝟏𝟏

Average outage time

0.31 (*)

0.21 (*)

𝑰𝑵𝑫𝟏𝟐

Ease of doing business

0.70

0.71

ID

𝑺𝒑𝒍𝒊𝒏𝒆𝒔

𝑺𝒊

Note: (*) Indicators with lower contribution to the variance of ESRI than the equal weighting
expectation.
Although a clear unbalance between the 𝑆𝑖 estimates is evident, it is not yet clear how this translates into
the context of equal importance (as the modelling assumption is that indicators weights are equal and so
their importance should be even). Hence, the correlation ratio of each indicator is normalised according
to (4) (see section 4.1.5) to render them directly comparable to the target values (equal weights). The
resulting relative comparison is presented in Table 5, which compares the normalised influence 𝑆̃𝑖 and
the desired influence 𝑆̃𝑖∗ . It is thus possible to derive exactly how much each indicator deviates from the
target. By observing the normalised correlation ratios, it is clear that the contribution is far from equal,
ranging from 62% overrepresentation (𝐼𝑁𝐷10 ) to −80% underrepresentation (𝐼𝑁𝐷7 ). In particular, the
contribution and representation of the low/negatively correlated indicators can be questioned.
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Table 5. A comparison of the normalised actual influence 𝑺̃𝒊 , obtained by GP regression, and the desired influence 𝑺̃∗𝒊 (in this
case equal); deviation represents the difference between the estimated 𝑺̃𝒊 and the target 𝑺̃∗𝒊 .
∗

𝑺̃𝒊

̃
𝑺
𝒊

Deviation

Deviation ratio (%)

𝑰𝑵𝑫𝟏

0.1036

0.0833

-0.0203

-24%

𝑰𝑵𝑫𝟐

0.1039

0.0833

-0.0206

-25%

𝑰𝑵𝑫𝟑

0.1182

0.0833

-0.0349

-42%

𝑰𝑵𝑫𝟒

0.0868

0.0833

-0.0035

-4%

𝑰𝑵𝑫𝟓

0.0417

0.0833

-0.0416

-50%

𝑰𝑵𝑫𝟔

0.0267

0.0833

-0.0566

-68%

𝑰𝑵𝑫𝟕

0.0167

0.0833

-0.0666

-80%

𝑰𝑵𝑫𝟖

0.1291

0.0833

-0.0458

-55%

𝑰𝑵𝑫𝟗

0.0734

0.0833

-0.0099

-12%

𝑰𝑵𝑫𝟏𝟎

0.1349

0.0833

-0.0516

-62%

𝑰𝑵𝑫𝟏𝟏

0.0505

0.0833

-0.0328

-39%

𝑰𝑵𝑫𝟏𝟐

0.1144

0.0833

-0.0310

-37%

5.1.3

Step 3: Uncertainty of 𝑺𝒊 estimates

The advantage of the Bayesian application of the GP modelling is that it provides confidence intervals
over the 200 samples of posterior distribution. Thus, it is used here as a measure for determining the
uncertainty of the 𝑆𝑖 estimates and consequently the reliability of the splines. A comparison of the results
obtained from the two different regression methods are shown in Figure 6, where the confidence interval
(5-95%) over the GP estimates illustrates the uncertainty in the model.

Figure 6. A comparison of the two 𝑺𝒊 estimates obtained with splines (grey) and GP (green) regression methods. Error bars
represent the confidence intervals (95% confidence level) of the 200 samples of 𝑺𝒊 , obtained with GP.
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It can be noted that the 𝑆𝑖 estimates are consistent and confidence intervals indicate that uncertainty is
low in the estimates. Furthermore, the splines are, for all indicators, within the confidence intervals of
the GP implying a consistency between the two methods and thus a reliability of the spline estimates.
However, a slight mismatch can be observed for 𝐼𝑁𝐷11 (Average outage time). The larger credibility
interval, in comparison to the GP estimations of other indicators, indicates a stronger variability in the
model and a greater difficulty in fitting a trend to this data. Nevertheless, in the broader context, this can
be considered a small discrepancy and it is thus deemed acceptable.

5.1.4

Step 4: Decomposition of influence

The regression analysis has revealed that the influence is not as equal as the assigned weights would
suggest, and that correlations are indeed affecting the representation/importance of each indicator in the
index. However, to what extent the correlations can be attributed to the influence of each indicator
remains unspecified. Hence, to further investigate the nature of the influence, a decomposition of the 𝑆𝑖
estimate is carried out. This is performed in accordance with the methodology described in section 4.1.4,
resulting in the two decomposed parts – a correlated (𝑆𝑖𝑐 ) and an uncorrelated (𝑆𝑖𝑢 ) one. The
decomposition is performed for the 𝑆𝑖 estimate of each indicator, observable in Figure 7, and can be
seen as a breakdown of the GP estimates in Figure 6. Only 𝐼𝑁𝐷7 is different, as it has both a positive
and negative component of its influence.

Figure 7. GP estimates of 𝑺𝒊 (total bar) broken down into 𝑺𝒖𝒊 (grey) and 𝑺𝒄𝒊 (red), using both linear and nonlinear dependence
modelling for the multivariate regression.

For each indicator, a linear and nonlinear multivariate regression is performed to estimate the 𝑆𝑖𝑢 . In
most cases these estimates are not very different and thus the linear estimate would have been sufficient.
However, there are some noticeable differences between the two 𝑆𝑖𝑢 estimates for some of the indicators
(𝐼𝑁𝐷1,2,5,11 ). In these cases, linear dependence may tend to over-/underestimate the influence of
correlation. This highlights the importance of also considering nonlinear effects. On a different note, it
can be seen that the influence of the highly correlated indicators (𝐼𝑁𝐷3,4,8,10,12) is, to a great extent,
composed of the correlated part 𝑆𝑖𝑐 . This implies that the influence of these indicators is largely driven
by correlations with other indicators in the set, and that the value of the weights assigned to these
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indicators may have little impact on ESRI, i.e. correlation dictates their influence and not the weights.
In line with earlier observations, the nonlinear tendencies of 𝐼𝑁𝐷8 (GDP per capita) seem to be
translated into a larger 𝑆𝑖𝑢 compared to the other highly correlated indicators. This implies that the
influence of this indicator is constituted by more unique variations, which cannot be explained by the
other indicators.
With regards to the low/negatively correlated indicators (𝐼𝑁𝐷5,6,7,11 ), the decomposition reveals that
𝐼𝑁𝐷7 (Equivalent availability factor) has a negative 𝑆𝑖𝑐 , implying that the influence of this indicator is
negatively affected by the other indicators in the set. As discussed by Becker et al. (2017), this may
imply a conceptual problem with this indicator and is thus non-ideal from a statistical point of view as
its inclusion may compromise the soundness of the index. Surprisingly, it can be noted that 𝐼𝑁𝐷6
(Electricity import dependency), which is negatively correlated and exhibits a negative trend towards
ESRI, does not have a negative 𝑆𝑖𝑐 . This highlights that the inference of influence from indicators on the
composite is not trivial and cannot be simply explained by negative and positive correlations. However,
it is still severely underrepresented and for such a reason alone it indicates a concern for its coherence
as part of the index.

5.1.5

Step 5: Optimisation of weights

In an attempt to balance the uneven influence of the indicators, the weight-optimisation is performed.
The goal of this optimisation is to achieve equal influence of the indicators, by adjusting their weights,
under the constraint that they must sum to one and can only have positive values. The result of the
weight-optimisation, shown in Figure 8, reveals that it would require a highly unbalanced set of weights
to adjust for the implicit effects in ESRI. In fact, five of the indicators (𝐼𝑁𝐷2,3,8,10,12) receive zero
weight, which indicates that they would need to be completely removed in order to reduce their effect.

Figure 8. Results from the weight-optimisation of ESRI; the reference line represents the original weights (equal) and bars
represent the optimised weights.

It should be noted that, even though zero weights would be applied, the influence of these indicators
would still be captured by the index simply through correlation. This is showcased by the normalised
𝑜𝑝𝑡
influences (𝑆̃ ), achieved at the optimised weights, which can be found in Table 6. Judging from
𝑖

previous observations, it is reasonable to believe that the zero-weighted indicators (excluding 𝐼𝑁𝐷2 ) are
represented by the exclusive inclusion of 𝐼𝑁𝐷4 (Political stability), with which they are all highly
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positively correlated. With regards to the low/negatively correlated indicators (𝐼𝑁𝐷5,6,7,11), it can be
noted that they all require a significant weight increase to tackle their underrepresentation – especially
the negatively correlated 𝐼𝑁𝐷6 (Electricity import dependence). However, as shown in Table 6, even
though the optimised weights would be applied, it would still not be possible to achieve the equal or
close to equal influence (𝑆̃𝑖∗ ) that is desired.
Table 6. The normalised effect 𝑺̃𝒐𝒑𝒕
of each indicator, obtained at optimised weights; deviation represents the difference
𝒊
𝒐𝒑𝒕
̃
between the 𝑺𝒊 (optimised influence) and the target 𝑺̃∗𝒊 (equal influence).
∗

𝒐𝒑𝒕
𝑺̃𝒊

̃
𝑺
𝒊

Deviation

Deviation ratio (%)

𝑰𝑵𝑫𝟏

0.0745

0.0833

-0.0088

-11%

𝑰𝑵𝑫𝟐

0.1028

0.0833

-0.0195

-23%

𝑰𝑵𝑫𝟑

0.0707

0.0833

-0.0126

-15%

𝑰𝑵𝑫𝟒

0.0774

0.0833

-0.0059

-7%

𝑰𝑵𝑫𝟓

0.0914

0.0833

-0.0081

-10%

𝑰𝑵𝑫𝟔

0.0844

0.0833

-0.0011

-1%

𝑰𝑵𝑫𝟕

0.0587

0.0833

-0.0246

-30%

𝑰𝑵𝑫𝟖

0.1089

0.0833

-0.0256

-31%

𝑰𝑵𝑫𝟗

0.0795

0.0833

-0.0038

-5%

𝑰𝑵𝑫𝟏𝟎

0.0835

0.0833

-0.0002

-0%

𝑰𝑵𝑫𝟏𝟏

0.0816

0.0833

-0.0017

-2%

𝑰𝑵𝑫𝟏𝟐

0.0866

0.0833

-0.0033

-4%

5.1.6

Step 6: Assessment of representativeness

A comparison between the normalised correlation ratios in Table 5 and 6 (section 5.1.2 and 5.1.5) shows
that the optimised weights achieve a more well-balanced representation of each indicator, assuming that
the decision maker desires the indicators to pursue equal influence and is willing to accept a highly
unbalanced set of weights. It must, however, be kept in mind that these normalised influences only
represent a relative comparison. Equal influence can imply either equally low or equally high
contribution of each indicator. Hence, the normalised values do not reveal the true nature of the
representativeness of the index, i.e. how effectively it represents its underlying indicators.
When comparing the non-normalised correlation ratios between the two weighting scenarios, Table 7
shows that there is a large discrepancy between the 𝑆𝑖 estimates. For the most part, the contribution of
the indicators decreases when the optimised weights are applied, with an average shift (𝑆̅) of -0.32. In
fact, only two indicators – 𝐼𝑁𝐷6 and 𝐼𝑁𝐷7 – showcase an increased influence, and that is limited to a
change of +0.03. It is thus clear that the optimised weights are not practically improving the contribution
of the underrepresented indicators, but rather causing a considerable reduction of contribution from all
the others. Most importantly, this large reduction of 𝑆𝑖 implies that the newly formed composite
indicator, with optimised weights, is significantly less effective in representing each indicator and thus
less likely to capture the comprehensive concept of resilience. Hence, it is clear that the
representativeness of the index is being compromised in order to facilitate equal influence. Additionally,
these findings highlight the inherent trade-offs between system features within ESRI and emphasise the
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difficulty in balancing influence, without compromising representativeness, for an unbalanced set of
correlations.
Table 7. Comparison between the 𝑺𝒊 estimates obtained from the two different weighting scenarios; First column represents
𝒐𝒑𝒕

the initial 𝑺𝒊 , when equal weights are applied. Last column represents 𝑺𝒊 , when optimised weights are applied. In this case,
̅𝒊 ) can be either negative (red) or positive (green).
the shift between the two estimates (𝑺

ID

𝒐𝒑𝒕

𝑺𝒊

Indicator name

𝑺𝒊

𝑰𝑵𝑫𝟏

SAIDI

0.63

−0.46

0.17

𝑰𝑵𝑫𝟐

Accident risks

0.63

−0.40

0.23

𝑰𝑵𝑫𝟑

Control of corruption

0.72

−0.56

0.16

𝑰𝑵𝑫𝟒

Political stability

0.53

−0.36

0.17

𝑰𝑵𝑫𝟓

Electricity mix diversity

0.25

−0.04

0.21

𝑰𝑵𝑫𝟔

Electricity import dependence

0.16

+0.03

0.19

𝑰𝑵𝑫𝟕

Equivalent availability factor

0.10

+0.03

0.13

𝑰𝑵𝑫𝟖

GDP per capita

0.79

−0.54

0.25

𝑰𝑵𝑫𝟗

Insurance penetration

0.45

−0.27

0.18

𝑰𝑵𝑫𝟏𝟎

Government effectiveness

0.82

−0.63

0.19

𝑰𝑵𝑫𝟏𝟏

Average outage time

0.31

−0.13

0.18

𝑰𝑵𝑫𝟏𝟐

Ease of doing business

0.70

−0.51

0.19

0.51

−0.32

0.19

Average:

→
→
→
→
→
→
→
→
→
→
→
→
→
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5.2 Recommendations
The variance-based analysis revealed that the influence of each indicator in the index is unbalanced and
strongly driven by correlations. In fact, an analyst would need to severely change the value of the
weights (when compared to the equal values) in order to accommodate a near-equal influence of each
indicator. However, as shown by the assessment of representativeness, the balancing of influence would
come at the expense of effectively representing the indicators. In similar scenarios, the general
recommendation would be to either adopt a different aggregation approach (i.e. non-compensatory
approach, e.g. Figueira et al. (2013)) or to not aggregate the index at all and instead present as a
scoreboard (e.g. Sustainable Society Index (Saisana and Philippas, 2012)). However, when the desire of
the decision maker is to develop a single score and ranking based on the additive aggregation, there is a
need to provide alternative recommendations. Consequently, three recommendations (section 5.2.1 –
5.2.3) are proposed for ESRI and its indicators (see Table 1), to study how advanced statistical analysis
can be integrated into the development of conceptually coherent and statistically representative
composite indicators.

5.2.1

Negatively correlated indicator

The correlation analysis showed that 𝐼𝑁𝐷6 (Electricity import dependence) is negatively correlated with
all the other indicators in the set. This is usually inadvisable as it implies a statistical incoherence with
respect to the overall concept conveyed by the index (Saisana and Saltelli, 2011). Nevertheless, the
relevance of indicators cannot solely be judged on the basis of statistical soundness, an analyst must also
examine its conceptual contribution to the phenomena being measured. Hence, a closer look at 𝐼𝑁𝐷6 is
required.
In ESRI, electricity import dependence is represented by the ratio between a country’s electricity
consumption and production (IEA, 2015). Hence, a value above or below 1 determines if a country is
import dependent or not, respectively, and consequently how vulnerable it is to shortages (Gasser et al.,
2019, (Submitted to Energy)). From a resilience perspective, it is recognised that this indicator captures
an important feature, fuel security (Sovacool and Mukherjee, 2011). More specifically, it accounts for
the ability to reroute production excess to better absorb disruptions and contribute to the restabilisation
of the system. However, under the current conditions, its conceptual coherence is not statistically
represented. Furthermore, the normalised score of this indicator may “hide” some of its valuable
information as the normalised score only represents a relative comparison. It is thus not possible to
determine if a country is import dependent or not by looking at its normalised score.
Considering the trade-off between statistical representation and conceptual coherence, it is concluded
that 𝐼𝑁𝐷6 should not be aggregated into the index. Instead, it is recommended that the
construction/calculation of this indicator is revised, as negatively correlated indicators are generally
undesirable in the construction of indices. However, for now, it is suggested to keep this indicator aside
for a further comparison with the index. This conclusion is further supported by the literature, where
similar recommendations can be found – see the Sustainable Society Index (Saisana and Philippas, 2012)
or Monitoring SMEs’ performance in Europe (Ghisetti and Stano, 2016). In both cases, the
recommendation is to avoid aggregation in the presence of negative correlations, and instead consider
alternative ways of presenting.

Recommendation I
Avoid aggregating 𝐼𝑁𝐷6 . Keep this indicator aside for later comparison with the index.
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5.2.2

Conceptually problematic indicator

Similar to 𝐼𝑁𝐷6 , the poor correlations of 𝐼𝑁𝐷7 (Equivalent availability factor) suggests that it needs to
be further examined. In fact, the decomposed 𝑆𝑖 values reveal that the correlated part (𝑆𝑖𝑐 ) of its influence
is actually negative (-0.20). This is non-desirable from a statistical viewpoint, as its effect on the index
is negatively affected by the other indicators in the set, and could also imply a conceptual problem with
this indicator (Becker et al., 2017). However, for this to be determined, the analyst must take a closer
look at its conceptual contribution.
According to Schenler et al. (2009), the equivalent availability factor represents “[…] the average degree
to which a plant is available to generate electricity over the course of the year”. In the context of ESRI,
the score obtained in this indicator should: (1) reflect a country’s ability to adjust supply in accordance
to demand, i.e. cope with frequency fluctuations to avoid interruptions (restabilise function), and (2) in
the event of a disruption, reflect a country’s technical capabilities to aid the speed of recovery (rebuild
function) (Gasser et al., 2019, (Submitted to Energy)). Although conceptually reasonable, the
correlations seem not to support these claims.
First, if 𝐼𝑁𝐷7 sufficiently reflects the ability to restabilise (i.e. recover from interruptions) it should show
some positive correlation with 𝐼𝑁𝐷1 (SAIDI), which measures the total duration of electricity supply
interruptions per customer per year (Layton, 2004). Unfortunately, a very weak Pearson correlation (0.1)
indicates otherwise. Second, if it sufficiently reflects the technical capabilities to aid the speed of
recovery it should also show some positive correlation with 𝐼𝑁𝐷11 (Average outage time), with which it
shares the same feature (see Table 1). Yet again the absence of statistical relationship (Pearson
Correlation of 0) indicates that this is not the case. Hence, the ability of a system to restabilise (𝐼𝑁𝐷1 )
or recover (𝐼𝑁𝐷11 ) seems not to be related to the concept measured by 𝐼𝑁𝐷7 , which raises concerns
about its conceptual legitimacy.
Considering the conceptual and statistical limitations of 𝐼𝑁𝐷7 , it is recommended to omit this indicator
from the assessment and revise its conceptual significance.

Recommendation II
Remove 𝐼𝑁𝐷7 from the index. Consider revising its construction and/or conceptual contribution.

5.2.3

Strongly correlated indicators

For the construction of composite indicators, not only poorly correlated indicators represent a challenge,
but also those highly correlated. As stated in the OECD’s handbook for constructing composite
indicators (OECD, 2008) “[…] by combining variables with a high degree of correlation – an element
of double counting may be introduced into the index”. This phenomenon becomes evident when looking
at the results of the implicit weight analysis for ESRI. The strong correlation clusters within ESRI
highlight possible double counting of some underlying features and their influence is difficult to balance
without removing indicators completely (i.e. zero-weight). In this case, correlation specifically dictates
the influence and not the weights (Becker et al., 2017). However, the suggestion cannot be to remove
these indicators solely on the recommendation of variance-based analysis. An analyst must, similar to
the two previous cases, also consider their conceptual contribution in relation to the phenomenon that
they aim to capture.
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When observing the previously identified strong correlations, there is one that is particularly notable –
𝐼𝑁𝐷3 (Control of corruption) and 𝐼𝑁𝐷10 (Government effectiveness) have a Pearson correlation
coefficient of 0.94. This implies a strong collinearity and that they are, to a very high extent, capturing
the same trend, i.e. measuring the same phenomenon. As discussed in the correlation analysis (section
5.1.1), this strong correlation is also conceptually coherent as they are, along with 𝐼𝑁𝐷4 (Political
stability), worldwide governance indicators developed by the World Bank (2015), capturing the sociopolitical stability and effectiveness of a country (Kaufmann et al., 2011). In the context of energy system
resilience, these measures are widely recognised to be related to fewer disruptions (resist) and faster
recoveries (rebuild) (Sovacool and Mukherjee, 2011; Ang et al., 2015; Heinimann and Hatfield, 2017).
Consequently, in ESRI framework (Table 1), these indicators are paired together to capture the features
Stability of the general environment (𝐼𝑁𝐷3 and 𝐼𝑁𝐷4 ) and System governance and processes (𝐼𝑁𝐷4 and
𝐼𝑁𝐷10 ). Thus, it can be concluded that they display conceptual coherence.
Nevertheless, the inclusion of all three remains problematic from the statistical perspective of double
counting and implicit weights. Their correlation-driven dominance makes it difficult to accommodate a
well-balanced index. Therefore, to balance their influence in the index, it is advised that the three
indicators (𝐼𝑁𝐷3,4,10) are aggregated into a sub-index, capturing the socio-political performance of a
country. This recommendation is also supported by literature (e.g. Kao et al. (2008) or Saisana and
Saltelli (2011)), where recommendations are to average collinear indicators prior to their aggregation
into an index. In this way, it is possible to keep their information in ESRI whilst at the same time limit
their dominance and avoid “double counting”.

Recommendation III
Aggregate 𝐼𝑁𝐷3,4,10 into a sub-index, capturing the socio-political performance of a country
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5.3 Implementation of recommendations
Following the recommendations provided from the statistical and conceptual assessment (sections 5.1
and 5.2) a new version of ESRI, based on 8 indicators, is developed. This is conducted in two steps.
First, 𝐼𝑁𝐷6 and 𝐼𝑁𝐷7 are removed from the index itself. However, 𝐼𝑁𝐷6 is still included in the
framework, but not aggregated into the index. Second, a socio-political (SP) sub-index is created by
averaging the collinear indicators (𝐼𝑁𝐷3,4,10) prior to the aggregation. These changes are illustrated in
Fig 9, where a comparison of the hierarchical structures of the two ESRI frameworks can be observed.
Since an additional ESRI framework is introduced, from now on, the original index will be referred to
as 𝐸𝑆𝑅𝐼12 and the new to as 𝐸𝑆𝑅𝐼8 . Note that arithmetic average and equal weights are used at all
instances for both versions of the index.

Figure 9. A comparison of the hierarchical structures of the two ESRI-frameworks. The initial ESRI (above) is a flat hierarchy,
whereas the revised ESRI (below) contains an aggregated sub-indicator (SP) and an indicator which is not included in the
aggregate (orange).

In contrast to the flat hierarchy of the 𝐸𝑆𝑅𝐼12 , the newly formed 𝐸𝑆𝑅𝐼8 contains a sub-dimension (SP)
and a separate component (𝐼𝑁𝐷6 ). To avoid confusion, the indicators keep their naming from the
original 𝐸𝑆𝑅𝐼12 framework. Hence, in the final step of aggregation for 𝐸𝑆𝑅𝐼8 there are no indicators
numbered 3, 4, 7 or 10. Furthermore, the newly created socio-political sub-index will be referred to as
“SP” replacing the features previously covered by 𝐼𝑁𝐷3,4,10 . Also, 𝐼𝑁𝐷6 is highlighted (orange) to
indicate that it is still included in the framework, but not in the aggregation. The revised conceptual
framework, including the new indicator representation of the system features and resilience dimensions,
can be found in Table 8.

31

Table 8. Overview of the revised 𝑬𝑺𝑹𝑰𝟖 -framework; four resilience dimensions (bold), associated features (italic) and the 9
indicators considered (with indicator 6 (grey) not included in the aggregate). Some indicators are represented twice, as they
cover multiple resilience dimensions. However, they are only counted once in the index construction.

Resilience
dimension

Feature

ID

Indicator name

Indicator unit

1

System Average Interruption
Duration Index (SAIDI)

Hours per year and
customer

2

Accident risks

Fatalities/GWeyr

Stability of the general
environment

SP

Socio-political

% rank

Diversity of electricity
generation

5

Electricity mix diversity

Normalised
Shannon index

Fuel security

6

Electricity import dependence

Ratio (cons/prod)

8

GDP per capita

2010 USD per
capita

9

Insurance penetration

premiums paid in
% of GDP

System governance and
SP
processes

Socio-political

% rank

Technical resources

11

Average outage time

Hours

System adaptability

5

Electricity mix diversity

Normalised
Shannon index

Integration of new
technologies

12

Ease of doing business

Distance to frontier

Quality and reliability
of the electricity system
Resist

Restabilise

Financial resources
Rebuild

Reconfigure

32

5.4 Assessment of recommendations
In order to assess the revisions made to the index, it is necessary to take a look at the statistical properties
of the newly formed 𝐸𝑆𝑅𝐼8 . The correlation structure, which is presented in Figure 10, shows that a
more coherent relationship between the indicators is present in the 𝐸𝑆𝑅𝐼8 , when compared to 𝐸𝑆𝑅𝐼12 .
Now, the eight indicators are all positively correlated, with values ranging from 0.18 and 0.81 (compared
to the 𝐸𝑆𝑅𝐼12 : -0.44 and 0.94).
1
IND1

0.8
0.33

IND2

0.18

0.29

IND5

0.52

0.5

0.3

0.6

0.4

0.2
IND8

0
0.37

0.28

0.28

0.62

IND9

-0.2
0.47

0.21

0.18

0.25

0.2

IND11

0.52

0.43

0.41

0.67

0.54

0.26

IND12

0.5

0.44

0.32

0.81

0.58

0.23

0.81

-0.4

-0.6

-0.8
SP

-1

Figure 10. Correlations between the eight indicators of 𝑬𝑺𝑹𝑰𝟖 . Numbers represent Pearson correlation coefficients; colours
and ellipses represent the strength and direction of the correlation.

Likewise, this improved coherence is also reflected in the average 𝑆𝑖 values, which are compared in
Figure 11 (see Appendix B for 𝑆𝑖 estimates for 𝐸𝑆𝑅𝐼8 ). At equal weights, the average 𝑆𝑖 of 𝐸𝑆𝑅𝐼8 is
0.58 (compared to 𝐸𝑆𝑅𝐼12 : 0.51 (equal weights) and 0.19 (optimised weights)). This implies that the
indicators are, on average, more relevant in characterising the countries across the concept represented
by 𝐸𝑆𝑅𝐼8 , than in the case of 𝐸𝑆𝑅𝐼12 . Also, the confidence intervals show there is a lower discrepancy
between the individual 𝑆𝑖 values of 𝐸𝑆𝑅𝐼8 , than those of 𝐸𝑆𝑅𝐼12 at equal weights, indicating a greater
internal consistency. Of course, the lowest discrepancy can still be observed at optimised weights for
𝐸𝑆𝑅𝐼12 . However, as earlier mentioned (section 5.1.6), the average representation is then significantly
lower, which is undesirable from the perspective of representativeness.
From this point of view, 𝐸𝑆𝑅𝐼8 can be seen as a credible midway – representing a fairly well-balanced
index – where the trade-off between balancing the contribution and effectively representing each
indicator is less substantial. The visible improvement (compared to 𝐸𝑆𝑅𝐼12 ) is an indication of a greater
statistical and conceptual coherence amongst the indicators, implying a lower uncertainty in 𝐸𝑆𝑅𝐼8 ’s
ability to represent its underlying indicators and, hence, measure its intended concept.
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Figure 11. Average correlation ratios for the three composite indicators: two index frameworks followed by a specification of
weighting scenario (in brackets). Error bars displaying the minimum/maximum individual correlation ratio for each scenario,
i.e. the minimum/maximum deviation from the mean.

34

5.5 Visualisation of recommendations
Although ESRI has been revised from both a statistical and conceptual perspective, there still remains
the challenge of discussing the results of 𝐸𝑆𝑅𝐼8 . One of the main objectives of composite indicators is
to summarise and communicate complex issues (Saltelli, 2007). Hence, presentation and dissemination
are key to unlocking the full potential of a composite indicator. This fact is further stressed by the OECD
in their handbook for constructing composite indicators (OECD, 2008, p. 40), “[…] Composite
indicators must be able to communicate a story to decision makers and other end-users quickly and
accurately”. Needless to say, the importance of a good presentation should not be underestimated and is
especially crucial in this case, as the revised 𝐸𝑆𝑅𝐼8 -framework cannot be represented by a stand-alone
score (i.e. 𝐼𝑁𝐷6 is not included in the index). Hence, a mode of presentation, which complements both
entities, must be considered.
After careful deliberation, it is decided that the 𝐸𝑆𝑅𝐼8 (with equal weights) and its accompanying
indicator can be visualised in a color-coded scatterplot. In this manner, it is possible to illustrate the
information of both 𝐼𝑁𝐷6 (x-axis) and the 𝐸𝑆𝑅𝐼8 (y-axis). As mentioned in the recommendations (see
section 5.2), the normalised score of 𝐼𝑁𝐷6 (Electricity import dependence) does not reveal if a country
is import dependent or not, since it only represents a relative comparison. Hence, as this indicator is not
included in the aggregate, it is decided not to normalise the score of 𝐼𝑁𝐷6 and instead make use of the
richer information provided by the raw values. This allows clustering the countries into four categories
of import dependence: self-sufficient, slightly dependent, moderately dependent and highly dependent.
To further enrich the visualisation a second categorisation is made, according to the development of
countries economy, as classified by the UN (2015). This enables a further clustering of the countries
into four broad categories: developed economies, economies in transition, developing economies and
least developed economies. The final representation of the modified electricity supply resilience
framework, as presented in Figure 12, is an easy-to-understand and information-rich visualisation,
embracing all the recommendations developed along this thesis.
From examining the illustration, certain trends are observable. For instance, the developed economies
tend to score well in the 𝐸𝑆𝑅𝐼8 and include some of the top performers (e.g. Canada, Switzerland, USA
and Netherlands). The performances within the developing economies group are more scattered,
containing some countries in the top (e.g. Singapore) but also countries in the very bottom (e.g.
Cameroon). The transition economies are clustered around the middle and the least developed are
residing in the bottom half. With regards to import dependence, it can be observed that the majority of
the countries are actually classified as self-sufficient. This is an interesting finding, which may not have
been evident from observing the normalised values. Moreover, it can also be seen that a number of
European developed economies (e.g. Belgium, Finland and Luxembourg) showcase a slight/moderate
dependency. However, they score well in the 𝐸𝑆𝑅𝐼8 , and have many electricity producing neighbouring
countries and a generally stable geopolitical environment in this region. Hence, these statistics may not
represent any cause for concern. Instead, they highlight the interconnectedness between national
electricity grids, particularly in Europe, which raises the question: Could acceptance of import
dependence perhaps be a meaningful strategy for developed countries?
On a different note, two distinguishable countries in this visualisation are Paraguay and Togo. Although
both belong to the worst performers in the 𝐸𝑆𝑅𝐼8 , their performances in 𝐼𝑁𝐷6 couldn’t be more far
apart. Whilst Paraguay outperforms all other countries in 𝐼𝑁𝐷6 , exporting almost 90% of its generated
electricity, Togo is significantly underperforming in this aspect, consuming 15 times more than it
produces. In the more general context, this further emphasises the fact that a country’s score in 𝐼𝑁𝐷6
isn’t necessarily a good indication of its score in the 𝐸𝑆𝑅𝐼8 .
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Self-sufficient

Slightly dependent

Moderately dependent

Highly dependent

Figure 12. Representation of the scores of each country in the 𝑬𝑺𝑹𝑰𝟖 (y-axis) plotted against the raw data for 𝑰𝑵𝑫𝟔 (x-axis), the ratio between a country’s electricity consumption and production.
A value below 1 (green) indicates that a country produces more than it consumes (self-sufficient). A value above 1 indicates that it consumes more than it produces (import dependent – yellow,
orange, red). The coloured shapes represent the development of countries economy according to the four broad categories: developed economies (green triangles), economies in transition (grey
crosses), developing economies (orange circles) and least developed economies (blue squares) as classified by UN (2015). Selected countries labelled.
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6 Conclusions
The construction of composite indicators is far from trivial, and robust indices require a thorough
assessment of each stage of their construction. In this study, the analytical framework for the assessment
of implicit weights in composite indicators has been extended – including an “assessment of
representativeness”, which deals with the capacity of the index to represent its underlying features – and
applied to a case study, Electricity Supply Resilience Index (ESRI). ESRI is a novel energy index,
developed within the FRS programme at the SEC, comprising 12 indicators that quantify the security of
electricity supply of 140 countries from a resilience perspective.
The resulting analysis shows that statistical dependencies between ESRI’s underlying indicators has
direct implication on the outcome values, preventing the equal weights assigned to correspond to an
equal influence from each indicator. Highly correlated indicators (|𝑟| > 0.8) are overrepresented and
poorly correlated indicators ( |𝑟| < 0.3) are underrepresented, indicating a strong causal relationship
between an indicator’s correlation with the other aggregated indicators and its representation in the final
index. Similar to the findings of Paruolo et al. (2013) and Becker et al. (2017), it can be concluded that
the contribution/importance of each indicator is to a large extent driven by correlations. In the general
context of linear aggregation schemes, these findings highlight the implications of associating weights
with importance – or for that reason, representation. In this setting, weights have the meaning of tradeoff ratios (not importance coefficients), measuring the substitutability between indicators. In addition,
the values of the weights need to be assessed in line with statistical measures, such as those used in this
study, to establish the actual representation of each indicator.
When attempting to adjust the weights to balance the contribution of each indicator, it is found that the
poorly correlated indicators require a significant portion of the weighting to offset their
underrepresentation in the index. It is also noted that an equal importance of each indicator is not
achievable, even if the weights are optimised. Thus, it is clear that there are important trade-offs between
the underlying features of ESRI, which cannot easily be counterbalanced by merely adjusting the
weights.
Moreover, when comparing the prior correlation ratios (at equal weights) to the posterior correlation
ratios (at optimised weights), the assessment of representativeness reveals a significant reduction of
average representation. More specifically, it is found that the optimised weights do not practically
improve the contribution of the underrepresented indicators, but rather decrease the contribution of all
other indicators. It can thus be concluded that optimising weights, with the sole objective of balancing
indicator contribution, may constitute an issue when there is a large discrepancy in correlation
strength(s) between the indicators. In these cases, the weight-optimisation tends to overvalue the
underrepresented indicators to target a balanced influence. In the general context of constructing indices
using linear aggregation schemes, these findings indicate that there is a difficulty in facilitating the
representation of indicators that showcase particularly low correlations. In fact, judging by the results
of this thesis, it appears as though an indicator’s contributory capacity is bound to a limit, defined by
their correlation with the other indicators in the aggregate.
Guided by these findings, a final recommendation is to not develop the ESRI based on the optimised
weights. Instead, this study proposes three alternative recommendations (based on both statistical and
conceptual considerations), with the goal of achieving a more equal contribution from ESRI’s
underlying indicators and a more meaningful and representative single score. These include:
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1) Avoid aggregating the negatively correlated 𝐼𝑁𝐷6 (Electricity import dependence). Although it
is an important aspect in energy security, it is largely underrepresented in the final index. Keep
this indicator aside for later comparison with the index.
2) Remove the conceptually problematic 𝐼𝑁𝐷7 (Equivalent availability factor). Its correlations
seem not to support its conceptual contribution. Consider revising its calculation/construction
and its conceptual significance.
3) Aggregate three collinear and conceptually intersecting indicators (𝐼𝑁𝐷3,4,10 - Worldwide
Governance Indicators) into a sub-index, prior to aggregation, to limit their overrepresentation
and avoid double counting.
By revising the index according to the three recommendations above, it is found that ESRI showcases a
greater conceptual and statistical coherence, where the trade-off between balancing the contribution and
efficiently representing each indicator is less significant.
It should be noted that the outcome of this analysis would, most probably, have been different if the
objective of balancing the influence would have been pursued in isolation. Consequently, the assessment
of representativeness is considered to be a key addition to the analytical framework for assessing implicit
weights, as it complements the analysis (especially the weight-optimisation), providing developers with
a “rule-of-thumb” concerning the capacity of an index to represent its underlying features. It can thus
be concluded that the proposed analytical framework, including the assessment of representativeness,
can aid the construction of representative indices by: (i) challenging the conventional perception that
the assigned weight equals the actual importance of each indicator in an additive weighted average, and
(ii) providing complementary perspectives to the index construction – unveiling implicit assumptions
and inherent trade-offs, which may prevent an index from representing its underlying features.

6.1 Outlook
In this work, composite indicator complexity has been assessed and discussed in the context of two
important steps, i.e. weighting and aggregation. While the findings and recommendations of this study
offer a useful and complementary perspective to the development of representative indices, it needs to
be recognised that there are many uncertainties and considerations that can arise in other steps of the
construction too (e.g. data treatment, normalisation). Thus, it is important to highlight some of the
limitations of the analytical framework, applied in this study, in order to identify avenues for future
research.
The primary consideration regarding the analytical framework adopted in this thesis, is the concept of
importance/representation. As mentioned by Becker et al. (2017), there is a need for caution when
interpreting the results obtained from this variance-based analysis, since it represents the weights that
would be assigned if “[…] ‘importance’ is directly interpreted as nonlinear dependence”. It should thus
be noted that the nonlinear estimates, used in this thesis, represent a probabilistic association. They
imply the extent to which, on average, information present in one indicator is present in others. This
does not mean that this is always the case, especially because correlations between indicators are volatile
and highly dependent on the methodological choices related to data selection and treatment. A composite
indicator from a certain period in time (e.g. 2010) may not have the same correlation and variance
structure as its updated version in the following year (2011). Therefore, the data driven concept of
importance/representation from one year should be carefully interpreted when providing
recommendations that affect future choices (e.g. removing indicators), as it includes neither temporalnor methodological uncertainty.
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As of now, the recommendations provided in this study are statistically justified for this specific data
set. If any methodological change occurs (e.g. new additions of indicators, changes of data treatment or
normalisation approach, etc.) or updates to the index are made (i.e. new data), the analytical framework
may need to be applied again. Consequently, it would be sensible for future work to explore the effect
of different normalisation methods and aggregation functions on the implicit weights of an index. This
would offer a further perspective on how sensitive the nonlinear estimates are to methodological changes
regarding normalisation and aggregation. With regards to the aggregation, it is also possible that such
insights could provide an interesting contribution to the broader discussion of compensatory vs. noncompensatory aggregation approaches, and the inherent drawbacks of allowing trade-offs in
multidimensional concepts; see e.g. Munda and Nardo (2009).
With regards to the temporal aspect of uncertainty, it would be interesting for future work to assess the
historical correlations between the indicators included in an index framework. Such an assessment
would allow developers to determine stable/unstable statistical properties. This is an important aspect,
as changes in the correlations over time would lead to regular adjustments in the composite indicator
calculations, which would hinder longer term consistency and comparison. However, in the case of
ESRI, which is a newly developed index, historical data for all indicators may be hard to source or might
not even be available. In such a case, the temporal aspect could be simulated by treating it as an
uncertainty problem, where the correlations are allowed to vary in order to determine how much the
correlations need to “move” for the recommendations to become irrelevant.

6.2 Final thoughts
It is evident from the analysis carried out in this thesis that there are inherent drawbacks in simplifying
multidimensional concepts through aggregation. Considering the media attention that indices garner and
the fact that developers often are keen to advertise composite measures as complementary to their
underlying indicators, a word of caution is undoubtedly warranted. To avoid misrepresentation, it is
important to ensure that index construction is performed in a balanced and representative manner.
Needless to say, this requires a thorough assessment of assumptions at all stages of construction.
Despite often being overlooked, the assessment of implicit weights should be an integral part of index
development, as it bridges conceptual and statistical considerations, providing a link back to the aim of
the construction. In this study, the objectives of balancing the contribution and effectively representing
each indicator are examined in the context of weighting. It is shown that these two objectives can be
contradictory yet complementary. Thus, focusing on one in isolation may provide misleading results.
However, if mutually considered, they can provide valuable insights for the construction of
representative indices.
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Appendix

I

Appendix A – Data Set
Table 9. Performance matrix representing the raw values of 140 countries across the 12 indicators. In grey are the imputed
missing values. In orange are the corrected outliers in the lower bound and in blue in the upper bound. For the preference order
of the values, an upward pointing arrow (green) indicates better performance for higher values, whereas a downward pointing
arrow (red) indicates better performance for lower values.

II

III

Figure 13. Box plots representing the distribution of the data (normalised with min-max) for each indicator of ESRI; central mark represents the median, bottom and top edges of boxes indicate
the 25th and 75th percentiles, respectively. Whiskers show closest point within the IQR, with extreme values, outside the IQR, labelled with a red cross.
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Appendix B – Analysis of 𝑬𝑺𝑹𝑰𝟖

Figure 14. GPs (green) and splines (red) regression fits of the 𝑬𝑺𝑹𝑰𝟖 against each indicator; GP lines represent samples of the
posterior distribution.
Table 10. Estimated actual influence (𝑺𝒊 ) of each indicator on the 𝑬𝑺𝑹𝑰𝟖 . Results obtained from both GP and splines
regression.

ID

Indicator name

𝑺𝒑𝒍𝒊𝒏𝒆

𝑺𝑮𝑷
𝒊

𝑺𝒊

𝑰𝑵𝑫𝟏

SAIDI

0.67

0.67

𝑰𝑵𝑫𝟐

Accident risks

0.62

0.62

𝑰𝑵𝑫𝟓

Electricity mix diversity

0.32

0.31

𝑰𝑵𝑫𝟖

GDP per capita

0.80

0.78

𝑰𝑵𝑫𝟗

Insurance penetration

0.46

0.46

𝑰𝑵𝑫𝟏𝟏

Average outage time

0.30

0.36

𝑰𝑵𝑫𝟏𝟐

Ease of doing business

0.72

0.72

Socio-political

0.70

0.70

𝑺𝑷
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Appendix C – Codebook
As part of this thesis project, an automated tool for Composite Indicator Analysis and Optimization
(CIAO) has been developed, allowing analysts to easily perform the analysis of this thesis on their index.
Below follows a detailed description, in the form of a codebook, of the functions that are used for the
analysis of implicit weights in composite indicators. Note that this guide is written for a toolbox, which
is available for free downloaded here.

Program description
The Composite Indicator Analysis and Optimization (CIAO) tool is an automated menu-version of the
Matlab toolbox presented by Becker (2017) for the advanced assessment of composite indicators (CIs).
It was developed in connection to assessing the implicit weights of a novel energy index – the Electricity
Supply Resilience Index (ESRI), developed within the Future Resilient Systems (FRS) program, at the
Singapore-ETH Centre (SEC); see Gasser et al. (2017) and this thesis for further details. The scripts for
the CIAO tool are written in MathWorks’s (http://www.mathworks.com) commercial software
language, Matlab, and contain five main steps: (1) a correlation analysis, (2) a weighting and
aggregation of the indicators, (3) an estimation of the influence of each indicator (Si), (4) a
decomposition of such influence, and (5) an optimization of the indicators’ weights.
Thus, the CIAO tool allows users to:
1. Perform a detailed examination of the linear and nonlinear relationships among (i) the set of
indicators and (ii) between the indicators and the composite indicator (CI).
2. Assess how the indicators are “balanced” within the CI, i.e. to what extent the influence of
each indicator matches its assigned weight.
3. Tune the weights of the indicators so that the influence of each one matches pre-defined
importance values.
Details on the methodology are presented in Becker et al. (2017) and in this thesis.
Please NOTE that two additional commercial toolboxes are required to run the full analysis: The
Statistics and Machine Learning Toolbox 10, and the Optimization Toolbox11. Also, this package uses
one freely available script from the MATLAB Central/File Exchange: Random Vectors with Fixed
Sum12. For this analysis, it is used for generating random starting points for the weight-optimization.
This codebook presents the structure of the package to run the CIAO tool and provides details on each
script.

10

URL: https://se.mathworks.com/products/statistics.html
URL: https://se.mathworks.com/products/optimization.html
12
Author: Roger Stafford, 2006 - URL: https://se.mathworks.com/matlabcentral/fileexchange/9700-randomvectors-with-fixed-sum
11
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Scripts
A flowchart of the CIAO tool is shown in Fig. 1. The scripts run in the tool are described in the following
sections.

Fig. 1. Flow of the menu-version for implicit weights analysis in CIs; colour coded accordingly: input (blue), outputs (orange),
functions (grey), menu choices (green).

MENU_version.m
MENU_version.m is the main script of this package. By running this script, a user-friendly GUI
menu is initiated. Although most sub-function settings are automated, the GUI allows the user
to “click” through the analysis with a certain amount of freedom to choose different settings
(see the green menu choices in Fig. 1). For an explanation on what the script needs to run, see
“Input” section at page 9. Default setting loads test_data.m, which is a 58-by-4 matrix (see Input
section). Then, the main script automatically generates a correlation matrix (with Pearson
correlation coefficients) and its corresponding p-values for the matrix of indicators (Fig. 2).
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Fig. 2. Output from the correlation analysis, which is obtained automatically by running the script. Note that default setting is
to name variables X_i, where i=1,2,…,n.

Subsequently, the user is provided with the choice of what weights to apply to the indicators
(either equal or custom) and also asked to choose an aggregation function (either arithmetic
“ArAv”, geometric “GeAv”, or harmonic average “HarAv”); see Fig. 3. NOTE: The showcased
results are obtained using the default data (test_data.m), aggregated with arithmetic average and
equal weights.

Fig. 3. The GUI menu for the selection of weights (left) and the selection of aggregation function (right).

CI_Si_decomposer.m
CI_Si_decomposer.m is a function called by the main script MENU_version.m. It uses the X
and y data to provide the first order sensitivity indices (i.e. influence of each indicator, Si), plus
their decomposed values into correlated and uncorrelated contributions. The function runs
accordingly:
function outSi = CI_Si_decomposer(X, y, plott)
The input parameters are the matrix of indicators (X) and the vector (y), which is the aggregated
CI. Additionally, the choice of plotting the regression models (plott=1) or not (plott=0) can be
made; plott=1 gives scatter plots with splines and linear regression fits (Fig. 4).
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Fig. 4. Output from the regression analysis. Plots showing linear (cyan) and the nonlinear splines (red) regression models.

By running this function, three steps are performed:
First, the function calls two sub-functions for the estimation of the first order sensitivity indices
(Si):
function [R2, par] = lin_SA(y, X, plott)
this calculates R2 (R2), i.e. the linear estimates of Si, for the X and y data. The linear regression
parameters (e.g. the predicted outcome variables) are stored in a structured array (par) with two
fields, including: the predicted outcome values of the regression model (par.yhats), and Xvalues sorted in ascending order (par.xsrts). Also,
function [S_E, S_V, par] = spline_SA(y, X, plott, p, knots)
this uses the X and y data to calculate the Si, using nonlinear (splines) regression. The
CI_Si_decomposer.m uses a cubic order of the spline (p=3) and a row vector of knot numbers
to try (knots = [1 2 3 4 5]) as standard, but this can be altered if desired. The outputs are a
column vector of first order sensitivity indices estimated via E(y|Xi) (S_E) or V(y|Xi) (S_V).
The splines regression parameters are stored in a structured array (par) with eight fields,
including: order of spline (par.p), trial knots (par.trialknots), the predicted outcome and
variance values of the regression model (par.yhats & par.varhats), number of knots
(par.knotN), derivatives (par.derivs & par.derivs_xx), and X-values sorted in ascending order
(par.xsrts).
Second, a multivariate regression of Xi on X-i (representing the matrix X without the ith
column, i.e. indicator) is carried out, using either a standard linear model, according to the
method of Xu and Gertner (2008), or MATLAB’s inbuilt Gaussian process regression model
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(fitrgp)13 for a nonlinear model. The user is free to choose between these two models, as shown
in Fig. 5.

Fig. 5. The GUI for the selection of model to perform the multivariate regression.

The results from the multivariate regression are then used to obtain a residual (i.e. what is “left”
after correlation is removed). Subsequently, a nonlinear regression (splines) of y on the residuals
of previous regression is performed to obtain the uncorrelated part (SU). Finally, the correlated
part (SC) is obtained simply by subtracting the uncorrelated from the Si, i.e. SC=Si-SU. These
are the decomposed values, which are then plotted in a bar chart (Fig. 6).

Fig. 6. The decomposed Si values; full bars represent the Si values estimated in the previous regression analysis. The
uncorrelated parts (blue), estimated with nonlinear multivariate regression, and the resulting correlated parts, from either the
linear (green) and nonlinear (yellow) regression results.

After these steps have been completed, the output of the CI_Si_decomposer.m is, beside the two
plots, a structure array (outSi) with 3 fields containing: (1) linear regression results (outSi.lin),
(2) spline regression results (outSi.spline), and (3) a summarized table of both estimates and the
decomposed values (outSi.results), shown in Fig. 7.

13

NOTE: for this nonlinear dependence modelling, the Statistics and Machine Learning toolbox is required. If this
is not detected, linear dependence modelling will be used.
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Fig. 7. Output from the estimation and decomposition of influence. These are the values used for the bar chart in Fig. 6 above.
S_L and S_Sp are the full bar values, i.e. the influence (Si), estimated with linear or nonlinear (splines) regression. The SU and
SC are the uncorrelated and correlated parts, respectively.

CIoptimiser.m
CIoptimiser.m is a self-contained function which optimizes CI weights according to the "target
importance" of each indicator, using nonlinear regression (penalized splines). It requires two
choices (Fig. 8) prior to initiating the optimization algorithm 14.

Fig. 8. The GUI for the choice of optimization constraint (left) and solver (right).

First, a constraint on the weights must be chosen. The weights are either only constrained to
sum to one (meaning they can take on negative values), OR they must sum to one but also be
positive. Second, the choice is between two different types of solver, either a local or a global
one. Although both are based on the same search method, the Nelder-Mead simplex, they differ
in two aspects: (a) staring point(s) and (b) number of runs. The local solver uses the input
weights as starting point, running the search algorithm once. Conversely, the global solver
(MultiStart15) offers an option to specify the quantity of randomly generated starting points, rerunning the search method for each one. This might be desired if the local solver fails to
converge to an optimal solution16. However, for most cases, the local solver is sufficient and is
thus recommended. After these choices are made, the function runs accordingly:
function outOpt = CIoptimiser(X, Sd, constr, CIeq)
this function uses the X data to find the optimal set of weights according to a predefined “target”
(Sd), with a constraint defined by (constr); constr=1 represents the sum-to-one constraint, and
14

NOTE: for constrained optimization, Optimization Toolbox is required. If this is not detected, will automatically
revert to unconstrained.
15
For a more detailed overview on this solver, see https://se.mathworks.com/help/gads/multistart.html
16
For more info on this topic, see https://se.mathworks.com/help/optim/ug/local-vs-global-optima.html
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constr=2 represents the sum-to-one constraint together with a positive value constraint. CIeq is
the aggregation form (e.g. ‘ArAv’ for arithmetic) of the CI and it is set automatically by the
MENU_version.m script according to which function was chosen for aggregation at the
beginning (Fig. 9). The output of this function is a structured array (outOpt) with six fields
containing, for example: the optimized weights (outOpt.wopt), Si at optimized weights
(outOpt.Sopt) and some other solver-specific parameters.

Fig. 9. Output from weight-optimization, using the sum to one AND positive constraint. As seen from the stopping criterion, a
local solver is used. Judging by the results, it successfully finds an optimal set of weights that achieves an equal Si.

-

After all the steps are carried out, the main script MENU_version.m automatically compiles two
summarizing tables (Fig. 10), which showcase the discrepancy between initial Si values and the
target values (weights), and optimized Si values and the target values (weights). For this
purpose, both sets of Si values are first normalized to render them comparable to the weights
(summing to one).

Fig. 10. Summarizing tables of the results, comparing both the Si values at initial weights (above) and Si values at optimized
weights (below) with reference to the target values (i.e. weights), in this case equal.

XII

Input
A matrix (X), with N-alternatives (rows) by k-variables (columns). Default setting loads test_data.m,
which is a 58-by-4 matrix (58 alternatives, 4 indicators) containing data that is normalized to a 0-100
scale. To add your own dataset from, for example, an excel spreadsheet, simply use MATLAB’s inbuilt
import tool17. Follow the checklist below to confirm that data is imported correctly (format, name, etc.).
Checklist:
1) First, create/prepare an excel-file (.xlsx) with the input data. NOTE: The data must be
normalized18 prior to importing it. Example of a correct dataset can be found here.
2) When importing the data, set the “output type” to be a numeric matrix (Fig. 11).

Fig. 11. Screenshot representing the choice of output types. Set to Numeric Matrix.

3) Be sure to assign your imported matrix to the global variable “X”, as this is fundamental for
running the scripts. This is easily done by right-clicking on the matrix name in the workspace
and selecting “Rename” (Fig. 12).
4) Save your imported X-matrix as a .mat file in the same folder as the scripts (Fig. 12).

17

For
more
info
on
the
import
tool
in
MATLAB
see
for
example,
https://se.mathworks.com/help/matlab/ref/importtool-app.html
18
Examples of appropriate normalization methods, (a) Min-Max (b) Target (c) Ranking. Avoid negative values.
If standardization is used, it requires that all values are brought to a positive scale. This can be done by, for
example, finding the largest negative value in the data set and adding its absolute form to all values (e.g. X +
abs(min(X))). This ensures that the minimum value is zero. For more details on normalization methods, see OECD
(2008).
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Fig. 12. Screenshots representing the renaming of the imported matrix (left). Then, when renamed/assigned to the global
variable X (right), select Save As… and save as a .mat file.

5) In the MENU_version.m script, simply replace the “load test_data” (Fig. 13) with the name that
your data is saved as.

Fig. 15. The line in the script MENU_version.m that loads the X matrix for analysis.

6) Now, everything should be set for running the analysis on your data.

Output
Pearson correlations, linear and nonlinear regression estimates (Si), decomposed values (SU and SC),
optimized Si and weights (wopt), and discrepancy tables.

XIV

