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1. I ntroduction

In 2015, more than 190 world leaders committed to 17 Sustainable Development 
Goals (SDGs).1 In contrast to their predecessors, the Millennium Development 
Goals, the SDGs are designed to tackle the cause of the problems, taking into 
account their interconnectedness (Hák et al., 2016). Another key feature is their 
focus on the mobilization of financial resources, as well infrastructure and technol-
ogy (Zilberman et al., 2018). The goals and corresponding sub-goals were set for 
2030. As shown in Table A8, the majority of the goals agreed upon does not include 
time-bound targets. This lack of targets for each (sub-)goal does not allow a 
straightforward comparison of countries’ position to the level of ambition put 

1See Tables A7 and A8 for a full description of the goals, indicators and targets.
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forward in the SDG agenda (Miola and Schiltz, 2019).2 An alternative approach to 
hold governments accountable is by benchmarking performance between countries. 
To do so, one needs to define a set of indicators, and develop a weighting method 
to combine the indicators into one composite indicator, either at the goal level or 
overall.

To define a set of indicators when measuring SDG performance, a major diffi-
culty is picking one that is relevant for all countries being benchmarked—irrespective 
of the aggregation method chosen to construct a composite indicator. For example, 
in the SDG index,3 several targets for hunger and poverty were already achieved in 
most EU countries before the goals were adopted. This follows directly from the fact 
that the prevalence of stunting, undernourishment or people living on a budget below 
$1.9 is very low in EU countries, and not because all forms of poverty are already 
defeated. As is clear from this example, different indicators will be needed depending 
on the context where the benchmarking is done. Therefore, several local initiatives 
followed the ongoing implementation phase, a process often referred to as “Localizing 
the SDGs.” At the European level, Eurostat provided a policy framework to monitor 
SDG performance by constructing the EU SDG indicator set, containing 1454 indi-
cators for all European countries. This indicator set facilitates the monitoring of 
SDG targets by the European Commission while publicly available data improves 
transparency and allows researchers to construct measures of performance and 
rankings.

To measure SDG performance, the chosen set of indicators needs to be aggre-
gated into one metric. Measuring SDG performance has been a topic of fierce 
debate among researchers, policymakers and other stakeholders (Radermacher, 
2015). The intrinsic multidimensionality of SDGs poses new challenges for eco-
nomic analysis, decision-making, and policy-making. The issue on how to synthe-
size multidimensional information into one metric has recently paved the way for 
the development of Composite Indicators (CIs) (Nardo et al., 2008; Costanza et 
al., 2016; Burgass et al., 2017; Greco et al., 2019). Despite their advantages, CIs may 
send simplistic and misleading messages, if  the construction process is not trans-
parent and/or lacks conceptual and statistical principles (Nardo et al., 2008). The 
main concern is directly related to the choice of weights as only slight changes may 
give rise to significant differences in the final evaluation (Sharpe, 2004; Saisana et 
al., 2005; Cherchye et al., 2008; Permanyer, 2011; Decancq and Lugo, 2013; Foster 
et al., 2013; Costanza et al., 2016; Becker et al., 2017; Greco et al., 2019).

A common approach to compare countries’ SDG performance is to impose a 
set of weights for each goal and indicator. For example, this approach is adopted 
when constructing the Bertelsmann Index where all components are equally 
weighted, both within and among goals (Lafortune et al., 2018, p. 20). An import-
ant limitation of this conventional approach is that countries are not allowed to 
prioritize goals. Although equal weighting is often supported by the argument that 

2OECD (2017): Measuring Distance to the SDG Targets 2019. An Assessment of Where OECD 
Countries Stand.

3The SDG index was constructed by the Bertelsmann Stiftung, in cooperation with the UN to 
measure how all 193 member states are performing relative to the 2030 Agenda.

4Eurostat (2019). Note that some indicators are considered “multi-purpose,” and hence the number 
of unique indicators is equal to 100.
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all indicators and all goals are equally important (formally in the 2030 Agenda), 
some countries might still value some dimensions more than others, especially 
when it comes to prioritizing policies over time. Assuming fixed weights for all 
countries does not grasp the contextual heterogeneity present in different countries 
and the importance of autonomy in setting priorities (Resce and Maynard, 2018; 
Greco et al., 2019). Hence, different weightings of individual SDGs can have 
important implications on countries’ performance and relative rankings (Booysen, 
2002). In sum, the performance of different countries should be measured consid-
ering that policy-makers and citizens may attach varying importance to different 
dimensions (Helliwell, 2003; Decancq and Schokkaert, 2016). In the absence of 
information on policy priorities, earlier work has extensively employed nonpara-
metric aggregation techniques to construct CIs. In particular, Data Envelopment 
Analysis (DEA–Charnes et al., 1978) with equal inputs (Benefit of Doubt–BoD) 
(Decancq and Lugo, 2013; Shen et al., 2013; Greco et al., 2019; Patrizii et al., 2017; 
Hatefi and Torabi, 2018). The BoD approach estimates a CI based on the combina-
tion of weights that is most convenient to the evaluated country—that is, the coun-
try is granted “the benefit of the doubt.” Different countries can have differentiated 
weights in BoD, but each country is assigned a unique vector of weights in order to 
obtain a ranking (Vidoli et al., 2015; Zanella et al., 2015; Rogge et al., 2017). This 
uniqueness in the weighting system cannot take into account the fact that different 
decision-makers and different citizens may have differentiated priorities even within 
countries, resulting in heterogeneity in the weighting scheme (Greco et al., 2018).5

In this paper we present an innovative approach to measure SDG performance 
and rank countries. We do so by considering all possible weighting combinations, 
to obtain a distribution over potential rankings for each country. This way, the 
dependency of rankings on weight choice can be visualized, while calculating the 
“expected rank”6 allows a comparison of countries. We apply Hierarchical 
Stochastic Multi-Objective Acceptability Analysis (HSMAA), first developed in 
Angilella et al. (2016) which allows to estimate a CI considering the whole set of 
feasible weights and the hierarchical nature of SDG measurements. The proposed 
method improves existing approaches to obtain an overall SDG measure by 
accounting for the nested structure of indicators within goals, and offers several 
advantages. In particular, HSMAA (1) constructs the best practice frontier in a 
nonparametric manner, avoiding restrictive assumptions on the functional form of 
the production process, (2) allows to consider the hierarchical structure of SDGs, 
and (3) allows to take into account the uncertainty in weights.

Our results show that Denmark clearly comes out on top, regardless of the set 
of weights given to single indicators and goals. Lower levels of performance are 
instead observed in Romania and Bulgaria. For several countries in between these 
top and bottom performers, we observe a strong discrepancy in rankings depend-
ing on the chosen set of weights. This corroborates the relevance of considering the 
whole space of feasible weights in the aggregation process as choosing a fixed set 

5An alternative theoretical approach was proposed by Sen (1992). It allows for a certain degree of 
underspecification for some weights, since, as argued by Foster and Sen (1997, p. 206), “uniqueness is 
not really necessary to make agreed judgements in many situations.”

6Note that the ranking obtained for each country from this “expected rank” does not equal the 
ranking that results from averaging all indicators within goals (see Figure A1).
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of weights will inevitably benefit certain countries over others, hindering political 
consensus.

2. L iterature Review on Composite Indicators

Synthetizing information is essential for economic analysis, decision-making, 
and policy-making (Costanza et al., 2016). Following this need, the construction 
of composite indicators has received considerable attention (Nardo et al., 2008). 
The weighing process represents one of the most important steps in the building of 
a composite indicator, as weights determine the trade-offs among the dimensions, 
and to this respect they reflect value judgments, and hence policy priorities. Also 
the choice of the list of candidate dimensions can be traced back to weighting 
schemes, since weights associated to dimensions to left out can be considered to 
have zero value. Decancq and Lugo (2013) distinguish three classes of approaches 
to weight vectors: data-driven, normative, and hybrid.

First, the weights in data-driven approaches depend solely on the distribution 
of the elementary indices. Into the family of data-driven methods, there are three 
main subcategories: frequency, statistical, and most favorable weights approaches. 
Frequency techniques have been extensively used in multidimensional poverty 
indices, they rely on the idea of an inverse correlation between the frequency of 
the deprivation in one dimension and the weight (importance) to be given to that 
dimension (Deutsch and Silber, 2005). Statistical approaches rely on multivariate 
methods like the Principal Component Analysis (PCA), and the factor analy-
sis (among others, Noorbakhsh, 1998; Klasen, 2000; Krishnakumar and Nagar, 
2008). The most favourable weights approaches are based on DEA models (Shen 
et al., 2013; Patrizii et al., 2017; Greco et al., 2018).

Second, normative approaches set the weights on the basis of value judgments. 
In the family of normative methods, Decancq and Lugo (2013) distinguish the equal, 
the expert opinion, and the price-based weights. The use of equal weights is the most 
common approach in multidimensional well-being, also the Human Development 
Index launched by the UNDP in 1990 is estimated by means of equal weights 
(Ravallion, 1997). Other normative approaches use expert opinions as weights. In 
these cases, the opinions are translated into weights either by means of budget alloca-
tion (Macherini and Hoskins, 2008) or by Analytic Hierarchy Process developed by 
Saaty (1987). Many studies rely on price-based weights to the most common dimen-
sion of well-being like health and education (Card, 1999; Murphy and Topel, 2006).

Third, the hybrid approaches are subdivided in hedonic and stated prefer-
ences weights. The hedonic approach suggests deriving weights by the correlation 
between different dimensions to be included into the composite index and a proxy 
of self-reported outcome (Nardo et al., 2008). Stated preferences weights are usu-
ally derived by a representative group of individuals in the society (see Resce and 
Maynard, 2018; Greco et al., 2019).

Different techniques have been proposed to take into account the whole set of 
feasible weight vectors in the evaluation process, away from one vector of weights in 
the three approaches described above (Greco et al., 2018; Lagravinese et al., 2019). 
This move reflects the understanding that weights are likely to change according 
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to individual preferences and needs, and in the absence of a priori information 
and without making recourse to a set of weights reflecting a merit-good approach 
on part of the policy-maker. Three main approaches have been explored in the 
literature to make comparisons in a multidimensional framework, while remaining 
agnostic about the weighting schemes: (1) Geometric approaches considering the 
entire simplex formed by the weighting schemes (see Decancq and Ooghe, 2010; 
Foster et al., 2013); (2) Stochastic dominance approaches imposing only condi-
tions on the derivatives of the composite indicator (Atkinson and Bourguignon, 
1982; Trannoy, 2006); (3) Monte Carlo approaches drawing weightings schemes 
from the simplex (Zhou et al., 2010; Greco et al., 2019, 2018; Lagravinese et al., 
2019).

Decancq and Ooghe (2010) apply a geometric approach by considering the 
entire simplex formed by the weighting schemes to international data from World 
Development Indicators (World Bank, 2009). They focus on three dimensions of 
well-being very similar to the main components of the Human Development Index 
(HDI): income, measured by GDP per capita; longevity, measured by life expec-
tancy at birth; and education, measured by the gross secondary enrolment rate and 
the literacy rate. The evaluation is proposed by a graphical technique that allows 
to visualize results in triangles in which every point represents a different weighting 
scheme. The main drawback of this visualizing method is that the approach cannot 
be employed when the dimensions to consider are more than three.

Foster et al. (2013) propose a method and a number of metrics to evaluate to 
what extent ranking by composite index obtained by a specific vector of weights 
is robust to changes in weighting schemes. They apply the methods to three indi-
ces: the HDI published by the United Nations Development Program (UNDP, 
2009, 2010), the Index of Economic Freedom (IEF) obtained from the Heritage 
Foundation (2008), and the Environmental Performance Index (EPI) (Esty et al., 
2008). Results show that the HDI has the highest rank robustness, while the EPI 
was the least robust. This method requires a specific vector that serves as a starting 
point for the estimate, and robustness estimates are mainly based on the distance 
between the evaluation obtained by selected weights and the evaluation obtained 
with the extreme weight.

Zhou et al. (2010) proposed a similar estimate, which extends the multiplica-
tive DEA method by a combination of optimistic and pessimistic optimization. In 
the optimistic case the weights are the most convenient to the evaluated country as 
the standard DEA, while the pessimistic case the weights are the most inconvenient 
to the evaluated country. From an operational perspective, pessimistic estimates 
are obtained inverting the objective function in the linear program originally pro-
posed by Charnes et al. (1978). Uncertainty about weights is considered according 
to the degree of which the final composite index takes more from the optimistic or 
from the pessimistic optimization.

With regard to the previous abovementioned literature, the use of the 
Stochastic Multi-Objective Acceptability Analysis allows to move forward along 
three main lines:

1.	 SMAA allows to explore the whole set of feasible weights since it 
does not need a specific vector from which the estimates can start 
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(as Foster et al., 2013), and does not need assumptions needed by 
DEA-based models (as Zhou et al., 2010).

2.	 SMAA allows to quantify the volume of vectors of weight by which rank-
ing changes as it is not only based on the distance between evaluation 
obtained by actual weight and the evaluation obtained with the extreme 
weight (as Foster et al., 2013; and Zhou et al., 2010). In other words, the 
Foster et al. (2013)’s and DEA based methods are not able to quantify how 
frequent the extreme rankings attained by countries would be according to 
a predetermined distribution of vector of weights.

3.	 SMAA does not have curse of  dimensionality problems. This is a 
clear advantage when aggregating a high number of  indicators when 
measuring SDG performance (our estimates below are based on 106 
indicators). All the above mentioned models have problems when the 
dimensionality increases. The main problem is that as the number of 
indicators increases, the probability that all observations dominate the 
others in at least one of  the considered dimension (Pareto optimality) 
increases, and there will be no possibility to rank at all. In other words, 
the curse of  dimensionality does not affect SMAA results and outcomes 
for evaluation.

To consider the hierarchical (H) structure of SDG indicators, SMAA needs to be 
extended further, making the analysis independent from how many indicators are 
in each goal. Indeed, as shown in Table A8 in Appendices, the number of indica-
tors is not the same in each goal. The use of standard SMAA on indicators ignor-
ing the hierarchical structure of SDG produces different rank acceptability indices 
(see Table A4 in the appendices in which non-hierarchical results are reported). By 
means of HSMAA the uncertainness in weights is considered, but the probability 
for each goal to be important into the composite index is independent from the 
number of indicators under the goal.7

3. M easuring SDG Performance

We propose a flexible composite indicator (CI) to compare performance of 
countries using Eurostat indicators.8 Formally, the set of 28 countries A 

(

a1,… ,am
)

 
is evaluated on a set of 17 SDGs 

(

g1,… ,gn
)

. The SDG composite indicator can be 
seen as the average of the seventeen goals weighted by the weights (w) associated to 
each of the seventeen goals:

7Nevertheless, the Intraclass Correlation Coefficients (Shrout and Fleiss, 1979; McGraw and 
Wong, 1996; Wolak et al., 2012) between rank acceptability indices obtained with standard SMAA and 
rank acceptability indices obtained by HSMAA shows that the two results are significantly correlated 
(see Table A5 in the Appendices).

8Data was collected using the Eurostat R package for EU28 countries. After removing missing 
values, the final dataset includes the latest observation for each of 106 (out of 145) SDG indicators, 
divided over 17 Goals (see Table A3).

(1) CI
(

ak,w
)

=

n
∑

i=1

wigi
(

ak
)
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where wi reflects the importance given to the goal gi, and gi
(

ak
)

 is the achieved 
result in country ak for goal gi, normalized by min max method so that all 
gi
(

ak
)

,i=1,… , n, end up in the [0:1] range (Nardo et al., 2008, p. 30). Nardo et al. 
(2008) and Decancq and Lugo (2013) list several procedures in the construction of 
a composite index. The most frequent solution is equal weighting or data-driven 
weighting (Paruolo et al., 2013; Greco et al., 2019). The majority of approaches 
produce a single weight vector overall or a single weight vector for each Decision 
Making Unit (in the case of DEA). The main problem is that the order of impor-
tance given to different dimension is a subjective choice, which implies that one 
single vector of w does not exist. This is particularly important in the EU context, 
considering the political relevance of member states’ autonomy. Also, choosing 
weights is relevant in an accountability context, as changing the set of weights 
directly affects the ranking of countries.

3.1.  Stochastic Multi-Objective Acceptability Analysis

In order to embody unknown preferences on the weights assigned to each cri-
teria, SMAA considers the probability distributions fW (w) in the set of the feasible 
weights W  (Lahdelma and Salminen, 2001):

The set of feasible weights is a n−1 dimensional simplex. A uniform weight 
distribution is assumed in the set of feasible weights W .

Defining �ik as the value of goal gi in country ak, from the probability distribu-
tions f� (�) on �, where � is the evaluation space (in our case the space of the values 
assumed by the goals gi in G), Lahdelma and Salminen (2001) introduce a ranking 
function relative to the country ak:

where � (true)=1, and � (false)=0. Hence, the rank of country ak, given a vector of 
weights w, is one plus how many times the weighted average of SDG performances 
of ak (CI

(

�k,w
)

) is dominated by the weighted average of SDG performances of the 
other countries (CI

(

�h,w
)

). Thus, the value assumed by the variable rank (k,�,w) in 
equation (3) is one plus the number of countries that performs better than country 
ak in terms of SDGs. It follows that the lower the value of rank (k,�,w) the better 
the performance of the country ak.

Accordingly, for each country ak and for each value that can be taken by 
SDGs performances �∈�, SMAA computes the set of weights for which country 
ak assumes rank r:

(2) W =
{(

w1, … ,wn
)

∈Rn
+
,w1+…+wn=1

}

(3) rank (k,𝜉,w)=1+
∑

h≠k
𝜌
[

CI
(

𝜉h,w
)

>CI
(

𝜉k,w
)]

(4) Wr
k
(�)={w∈W :rank (k,�,w)= r}
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From equation (4), one can then compute the rank acceptability index:

Equation (5) indicates the probability that the country ak has the r-th posi-
tion in the ranking. In other words, br

k
 is the ratio of the number of the vector of 

weights by which country ak gets rank r to the total amount weights considered.

3.2.  Hierarchical Stochastic Multi-Objective Acceptability Analysis

The structure of the SDG measurement problem is hierarchical: goals are in 
the first level and the different indicators are in the second level (Figure 1).

In the SMAA context, Angilella et al. (2016) proposed the inclusion of a 
hierarchical structure. In our problem, each criterion (goal) gi ∈G is given by the 
weighted sum of sub-criteria (indicators) qij ∈Qi:

In this case, the CI of SDGs becomes the weighted average of goals, which 
are the weighted average of Eurostat indicators. The new value function to aggre-
gate the evaluations of a country, from A with respect to the gi goals from G, with 
respect to the indicators from Qi, is a double weighted average. For each country 
ak ∈A, we can estimate the following CI:

where wi is the weight given to the goal i, and vij is the weight given to the Eurostat 
indicator j.

(5) br
k
= ∫

�∈�

f� (�) ∫
w∈Wr

k
(�)

fW (w) dwd�

(6) gi =

si
∑

j=1

vijqij

(7)
CI

(

ak,w,vk
)

=

n
∑

i=1

wi

si
∑

j=1

vijqij
(

ak
)

Figure 1.  Hierarchical Structure of a Composite Indicator of SDG Performance 
Note: This figure depicts the hierarchical structure of (Eurostat) indicators, used to monitor SDG 

performance. Overall SDG performance is obtained by aggregating performance on individual goals, 
while performance for each of the 17 goals is obtained by aggregating all indicators corresponding to 
that goal
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In order to consider the hierarchy of this problem, we use HSMAA. This 
approach allows us to take into account: (1) the uncertainty with respect to the 
weights assigned to the goals (as in the standard SMAA) and within goals (2) 
the uncertainty with respect to the weights assigned to the Eurostat indicators 
(sub-criteria).

The HSMAA considers three probability distributions: fW (w), fV (v); f� (�) 
on W , V ; and � (De Matteis et al., 2019), respectively, where:

and � is the space of the value that can be taken by the Eurostat indicators 
qij ∈Qi (i=1,… ,n).

We introduce a ranking function relative to the country ak:

where � (true)=1, and � (false)=0. Then, for each country ak, for each evaluation of 
countries �∈�, and for each rank r=1,...,m, HSMAA computes the set of weights 
of SDGs for which country ak assumes rank r:

HSMAA evaluation is based on the computation of the rank acceptability index, 
which is the relative measure of the set of weight vectors for which the country ak 
gets rank r:

br
k
 is the probability that country ak gets the r-th position in the preference ranking.

Within SMAA, the pairwise winning index (Leskinen et al., 2006) gives the 
frequency that an alternative ak is preferred to an alternative ah in the space of 
possible weight vectors and possible evaluations on single criteria. In a hierarchical 
structure the pairwise winning index can be represented as follows:

Since it is related to comparisons of couples of alternatives, the pairwise 
winning index is in the line of the Condorcet rule. One of the most successful 
Condorcet methods is the Copeland’s method, in which candidates are ordered by 
the number of pairwise victories, minus the number of pairwise defeats. In the case 

(8)
W =

{(

w1,… ,wn
)

∈Rn
+
,w1+…+wn=1

}

V =
{(

vi1,… ,visi

)

∈R
si
+, vi1+…+visi =1, i=1,… n

}

(9) rank (k,𝜉,w,v)=1+
∑

h≠k
𝜌
(

CI
(

𝜉h,w,vh
)

>CI
(

𝜉k,w,vk
))

(10) Wr
k
(�,v)={w∈W :rank (k,�,w,v)= r}

(11) br
k
= ∫
w∈Wr

k
(�)

fW (w) ∫
�∈�

f� (�) ∫
v∈V

fV (v) dvd�dw

(12) pkh= �
w∈W

fW (w) �
�∈� :CI(�k ,w,vk)≥CI(�h,w,vh)

f� (�) �
v∈V

fV (v) dvd�dw
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of pairwise winning indices presented in (12), victories and defeats are not binary 
variables, but they are defined in the continuous: the frequency that an alternative 
is preferred to another and the frequency that another is preferred to the alterna-
tive. The differences between the sum of all pairwise winning indices for alternative 
ak and the sum of all pairwise winning indices of all other alternative compared 
with ak can be seen as the generalized Copeland’s method when the outcomes are 
multiple and all the space of feasible weights is considered:

From a computational perspective, the multidimensional integrals defining 
the considered indices are estimated using Monte Carlo simulations. In our appli-
cation, we consider uniform probability distributions fW (w) on W  and fV (v) on V . 
To rank European countries (spatial alternatives), we apply the HSMAA technique 
to 10,000 extractions of w and v vectors from a uniform distribution. To this regard, 
Tervonen and Ladhelma (2007) show that 10,000 extractions are enough to get an 
error limit of 0.01 with a confidence interval of 95 percent. As a further robust-
ness check, to the aim of considering all weights on the simplex, we repeated the 
analysis taking 10,000 weights from the Halton sequence. As shown in Tables A2 
and A3 in the Appendices, results remain unchanged. The Intraclass Correlation 
Coefficients (Shrout and Fleiss, 1979; McGraw and Wong, 1996; Wolak et al., 
2012) between rank acceptability indices obtained with uniform distribution and 
rank acceptability indices obtained by Halton sequence are higher than .99 in all 
ranks (see Table A5 in the Appendices).

4.  Results

In this paper the HSMAA is used to build a country level composite index 
measuring performance in terms of SDGs. In what follows we focus on overall per-
formances (Section 4.1), in goal-specific performances (Section 4.2), and in pair-
wise comparisons (Section 4.3).

4.1.  Overall SDG performance

Figure 2 reports the country level Rank acceptability indices (br
k
) for each of 

the 28 ranks (Rank acceptability indices are in Table A1 in the Appendix).9 
Countries are ranked according to the expected rank (the average of ranks obtained 
out of 10,000 Monte Carlo simulated weights). Overall, countries with a high 
probability to be in the top ranks are Denmark, Sweden, and the Netherlands. This 
means that in these countries, there is a generalized positive performance in almost 
all the dimensions considered in the 106 sub-indicators of SDGs. Their narrow 

(13) GCMk =

m
∑

i=1

pki−

m
∑

i=1

pik

9For the sake of comparison, Table A1 in the Appendix displays the rank changes relative to the 
“expected rank” presented here. Hence, we rescale all indicators and aggregate them first at goal level, 
and next over all SDGs. Using the resulting value, we rank all EU countries and contrast this ranking 
to the one proposed here.
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distribution of ranks reflects this overall strong performance, as changing the set 
of weights does not seem to affect their relative position with respect to other EU 
member states. The opposite can be seen in Bulgaria, Croatia, Greece, Hungary, 
and Romania, displaying both a high probability to be in the lowest ranks, and a 
narrow distribution around this low rank. Hence, these countries cannot improve 
their relative position as either kind of weight set will classify them at the bottom.

Figure 2.  Rank Acceptability Index 
Note: This figure depicts the Rank Acceptability Index for each of the 28 ranks, obtained by 10,000 
Monte Carlo generation of weights from a uniform distribution for each goal. Countries are ranked 
according to the expected rank (i.e. the average of ranks obtained out of 10,000 Monte Carlo generation 
of weights from a uniform distribution). [Colour figure can be viewed at wileyonlinelibrary.com]

www.wileyonlinelibrary.com
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In between top- and bottom-ranked countries, the distribution of mean ranks 
reveals interesting information about countries’ “weight-dependency.” For exam-
ple, Luxemburg, the UK, Malta, Slovakia, and Poland are characterized by a wide 
rank distribution, suggesting that on some goals (or indicators), their performance 
is superior to adjacent countries. When imposing one common set of weights, it 
would be unfair for those countries as their ranking could be affected drastically. 
Reporting the full range of possible outcomes allows a more just comparison, as 
countries that outperform others when all weights were considered, can be reason-
ably be labelled better performers on achieving the SDGs.

Other countries, where distributions overlap to some extent cannot be ranked 
vis-à-vis each other without making some value judgment on the priorities assigned 
to indicators and goals. In other countries like the Czech Republic and Romania, 
the ranking appears to be rather independent of weights and display a consistent 
performance across goals and indicators.

Overall, the variance of the distributions in Figure 2 connects with the work 
of Foster et al. (2013), where the robustness of rankings obtained from compos-
ite indices is analyzed in depth. The main contribution to this literature is here 
in quantifying the volume of vectors of weight by which ranking would change. 
As shown in Table A1 in the Appendix, both Sweden and the Netherlands have 
some probabilities of getting the 7th rank with extreme pessimistic weights, but at 
the same time Sweden gets the second rank with 53 percent of weights while the 
Netherlands gets the second rank with 30 percent. Both Latvia and Slovakia have 
some probability of getting the 25th rank for some extreme pessimistic weights, but 
for Latvia the volume of these weights is 1 percent of the whole space, compared to 
5 percent for Slovakia (see Table A1 in the Appendix).

The metrics proposed in this analysis allow to add information on what has 
been shown in previous approaches making comparisons in a multidimensional 
framework, while remaining agnostic about the weighting schemes (see Decancq 
and Ooghe, 2010; Foster et al., 2013). In particular, previous literature has been 
focused on checking all weights, which has been done either with optimistic and 
pessimistic DEA, or with the method proposed in Decancq and Ooghe (2010), 
or with the Foster et al. (2013) technique. The analysis proposed here focuses on 
measuring the volume of weights assigned to specific rankings. The measurement 
of volumes allows to move from a deterministic and dual ranking, where a country 
is uniquely associated to a specific rank, to a more flexible probabilistic ranking, 
where each country has some probability to obtain each rank position. From a 
policy perspective, this metric can be used to make comparisons considering the 
heterogeneity on individual preferences and needs (Greco et al., 2018; Lagravinese 
et al., 2019). In some cases, as in Denmark, the heterogeneity in individual pref-
erences does not really affect the rank position: Denmark is first according to 93 
percent of weights and it is second according to the remaining 7 percent (see Table 
A1). In contrast, there are countries like Estonia, Luxemburg, and Slovakia where 
vector of weights associated to a specific ranking is lower than the 20 percent. This 
means that in these countries each deterministic ranking would consider no more 
than one fifth of the all feasible preferences and needs of citizens. Furthermore, 
it is worth mentioning that DEA-based approaches like BoD compare countries 
based on the top of the distribution shown in Figure 2. Like any other approach 
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focused on a single vector of weights, DEA evaluations shed little light on what 
would happen when more weight to the bottom tail of the distributions is given. 
To this regard, the use of HSMAA, by Monte Carlo generation, allows to make 
benchmarking more transparent in terms of weighing choice issues.

4.2.  Goal-Specific SDG Performance

HSMAA allows to disentangle the overall performance shown in Figure 2 into 
specific goals thanks to its hierarchical structure. In Table 1 the expected rank (the 
average of ranks obtained out of 10,000 Monte Carlo generation of weights from a 
uniform distribution) for each goal is reported. As can be noted, there is substantial 
variability in the goal-specific performance within each country. Focusing on the 
top performers, Denmark is positioned at the bottom when looking solely at Goal 
15 (Life on land). Sweden, the second best performer overall, is also ranked low 
in two goals: 6 and 14 (Clean water and sanitation and Life below water). Similar 
results can be found at the bottom of the ranking: Romania, the last but one in 
terms of overall performance, received the third expected rank in terms of goal 
15 (Life in land), essentially ending up as being ranked a top performer. Likewise, 
Bulgaria, the worst overall performer, has an expected rank between 4 and 5 in 
terms of goal 7 (Affordable and lean energy). Overall, results in Table 1 show that 
the performance with respect to Sustainable Development Goals in Europe is not 
uniform at all, even within countries among different goals.

4.3.  The Pairwise Winning Indices

In this section we make inference on pairwise comparisons by equation (12). 
Table 2 contains all pairwise combinations, it shows the probability that a country 
on the row gets a higher rank than a country on the column in terms of SDGs. As 
an example there is 42 percent probability that Belgium gets a higher rank than 
the UK, and there is 58 percent probability that the UK gets a higher rank than 
Belgium. Confirming the good performance observed in Figure 2, Denmark has 
100 percent probability to get higher rank than all other countries with the excep-
tion of Sweden for which this probability is 93 percent. In contrast, Bulgaria has 
no probability to get higher rank than any other country with the exception of 
Romania for which the probability is 7 percent. With the exception of these two 
stratified countries, other countries show a differentiated path in pairwise compar-
ison, with higher pairwise winning index for countries in the upper side on rank in 
Figure 2 and lower level of pairwise winning index for countries in the lower side 
of rank.

In Table 3 for any country we show the sum of all pairwise winning indices, 
the sum of all pairwise winning indices of all other countries compared with it, and 
the generalized Copeland’s ranking presented in equation (13). The ranking is con-
sistent in all the three metrics, and shows Denmark, Sweden, and the Netherlands 
in the first three positions, with a generalized Copeland’s ranking of 26.85, 23.67, 
and 22.72, respectively. On the bottom side of the rankings are Bulgaria, Romania, 
Croatia which have a generalized Copeland’s ranking of −26.85, −25.15, and 
−21.07 respectively. It is worth noting that the Copeland’s ranking is also con-
sistent with the expected rank (i.e. the average of ranks obtained out of 10,000 
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Monte Carlo generation of weights from a uniform distribution) used in Figure 2. 
The rank correlation between the generalized Copeland’s method and the expected 
rank is 1.

5. C onclusion

This paper proposed Hierarchical Stochastic Multi-Objective Acceptability 
Analysis as an innovative composite indicator capturing the relevant context of 
EU28 member states. This was done using Eurostat data. In order to overcome 
differing policy priorities between countries, and corresponding heterogeneity in 
weights attached to individual indicators, the proposed method allows countries to 
be ranked according to the whole feasible set of weights. This approach quantifies 
the volume of vectors of weights by which each country obtains a specific rank-
ing, and does not suffer from the curse of dimensionality when measuring SDG 
performance using a high number of indicators. Furthermore, HSMAA allows to 
consider the hierarchical structure of SDG measurement: that is, each goal is mea-
sured by means of different indicators.

Our results indicate weight-independent top (Denmark) and bottom (Romania, 
Bulgaria) performers in the EU, while many countries’ ranks are weight-dependent. 

TABLE 3   
Generalised Copeland’s Ranking

  m
∑

i = 1

pki

m
∑

i = 1

pik GCMk

Austria 22.78 4.22 18.56
Belgium 18.30 8.70 9.59
Bulgaria 0.07 26.93 −26.85
Croatia 2.97 24.03 −21.07
Cyprus 7.79 19.21 −11.42
Czechia 15.87 11.13 4.74
Denmark 26.93 0.07 26.85
Estonia 5.51 21.49 −15.99
Finland 23.25 3.75 19.50
France 20.06 6.94 13.12
Germany 21.69 5.31 16.38
Greece 3.97 23.03 −19.05
Hungary 5.16 21.84 −16.68
Ireland 18.38 8.62 9.77
Italy 11.53 15.47 −3.93
Latvia 8.98 18.02 −9.03
Lithuania 7.16 19.84 −12.68
Luxembourg 21.60 5.40 16.19
Malta 13.77 13.23 0.54
Netherlands 24.86 2.14 22.72
Poland 6.24 20.76 −14.51
Portugal 12.02 14.98 −2.96
Romania 0.93 26.07 −25.15
Slovakia 6.85 20.15 −13.30
Slovenia 15.01 11.99 3.01
Spain 13.04 13.96 −0.93
Sweden 25.34 1.66 23.67
United Kingdom 17.95 9.05 8.90
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The latter motivates the use of several weights, as resulting rankings are highly 
dependent on the chosen set. Disentangling the overall performance into specific 
goals, a substantial variability within each country was found. Countries ranked at 
the top of overall SDG performance can be ranked at the bottom for specific goals, 
and vice versa for overall low performing countries. This suggests that reporting at 
goal level remains relevant when developing composite indicators.

Embedding the proposed approach when monitoring SDG performance could 
strengthen accountability of member states. By considering all possible weights, 
accountability towards low-performing countries will be less sensitive to political 
maneuvering. Countries with a dense distribution at the bottom are robustly low-
ranked, making it impossible for them to contest their ranking. Also, countries 
with wide distributions could still be compared by quantifying the probability by 
which each country receives a given ranking.
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