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Abstract

Achieving the United Nations Sustainable Development Goals (SDG) is cru-
cial to addressing urgent global challenges such as poverty, inequality, envi-
ronmental degradation, and climate change. The SDG aim to foster a more
equitable, resilient, and sustainable future, yet their interdependent nature
means that progress in one area often influences others, creating complex
patterns of synergies and trade-offs. Navigating these systemic dynamics
requires robust, data-driven methods capable of capturing interactions at a
granular level. This paper proposes a consistent and integrated framework
for analyzing SDG indicators interlinkages at the global scale. We extend the
Kendall rank correlation by incorporating population weighting and regional
specificities, constructing a consistent signed weighted network of indicators.
An optimal clustering method, aligned with eigenvector centrality, identifies
structural groupings and systemic leverage points. We introduce a bi-criteria
Pareto front selection to prioritize indicators based on influence and urgency,
and an innovative visualization tool that reorganizes network diagrams for
greater interpretability. Applying the framework to the SDR 2024 dataset
reveals actionable synergies and tensions, particularly emphasizing the roles
of governance quality, environmental management, and urban infrastructure.
Our approach provides a coherent toolset for policymakers seeking to design
integrated, effective interventions that balance development and sustainabil-
ity goals.
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1. Introduction

The 2030 Agenda for Sustainable Development, adopted by all United
Nations (UN) member states in 2015, outlines 17 Sustainable Development
Goals (SDG) and 169 targets aimed at balancing social, economic, and envi-
ronmental progress [55]. By design, the SDG are integrated and indivisible:
achieving progress in one area often depends on simultaneous advancements
in others [34, 52]. For instance, synergies between health (sdg3) and ed-
ucation (sdg4) can accelerate overall development, while uncoordinated ef-
forts such as expanding industry (sdg9) without environmental safeguards,
may hinder climate goals (sdg13). Effectively leveraging such synergies and
managing trade-offs is therefore essential to fulfilling the Agenda’s ambition
[45, 6, 61, 53, 7].

Despite widespread commitment, progress remains insufficient. As the
2030 deadline approaches, less than around 20% of SDG targets are on
track, with systemic setbacks exacerbated by global crises including pan-
demics, conflicts, economic instability, and climate disasters [49]. The slow
and uneven trajectory demands not only accelerated action but also a shift
toward coordinated, system-aware strategies. Recent research increasingly
emphasizes that siloed, sectoral interventions are inadequate to address the
systemic complexity of sustainable development [47, 27, 31, 41, 45]. Conse-
quently, there is a growing consensus on the necessity to map and quantify
interlinkages among SDG indicators to guide more coherent policy choices.

Addressing the complexity of global sustainability challenges requires
tools that can support integrated, data-driven decision-making [27, 16, 53,
23, 31, 41, 45, 20]. Rigorous analysis of SDG interactions can reveal lever-
age points for maximizing positive spillovers and preempt unintended cross-
sectoral trade-offs [44, 7]. However, navigating these complex relationships
and achieving the SDG is still a daunting task, requiring a deep understand-
ing of the synergies and trade-offs between the different goals and targets [7].
Furthermore, the complexity and structure of interlinkages between SDG
indicators are inherently context-dependent, reflecting variations in socioe-
conomic, environmental, and institutional conditions across different geogra-
phies [33, 7].
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Although SDG interlinkages are context-specific, global analyses are still
essential as they offer a valuable starting point for decision-makers, reveal
persistent patterns of synergies and trade-offs, and facilitate cross-context
learning to accelerate progress toward the 2030 Agenda [9]. By identifying
recurring interlinkages at the global level, we can better anticipate systemic
dynamics, inform strategic priority-setting, and foster more coherent, scal-
able solutions that localized analyses alone may overlook. Moreover, because
sustainability challenges are inherently global and countries are increasingly
interconnected, the actions or inactions of one nation can generate signifi-
cant spillover effects across borders, making it crucial to understand SDG
interlinkages not only within local contexts but also through a global lens.

Accordingly, this paper aims to contribute to the global governance of
the SDG. We propose a framework for investigating interlinkages between
indicators in an integrated and consistent manner, utilizing complementary
analytical methods while accounting for regional specificities. Our approach
offers a comprehensive and systematic approach to understanding the re-
lationships between different SDG, with a particular focus on identifying
potential synergies and trade-offs between indicators. It is characterized by
a set of mutually coherent and interconnected technical features, including:

• An innovative extension of Kendall correlation measure to assess the in-
terlinkages between SDG indicators taking into account regional depen-
dencies and population sizes.

• The application of an optimal clustering method to discover groups of
indicators that are internally in positive relationships and mutually in
negative relationships.

• The utilization of eigenvector centrality measure to detect which indica-
tors are more important and influential in the SDG indicators network.

• The integration of the preceding clustering and centrality methods, shown
to stem from the same optimization problem, to provide a more robust
understanding of the SDG interlinkages.

• The development of an innovative visualization tool that leverages the
information extracted by clustering and centrality measures to facilitate
the interpretation of results.

• The use of the Pareto front to select in each cluster the optimal set of SDG
indicators to focus on, ensuring that the most important and impactful
indicators are prioritized.
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This proposed framework aims to advance the understanding of the sus-
tainability phenomenon and to empower decision-makers and stakeholders
at global level with innovative tools to design integrated and actionable in-
ternational policies that balance competing priorities and maximize positive
impacts.

The remainder of this paper is structured as follows: we first review the
existing literature on SDG interlinkages in the next Section 2, followed by a
detailed presentation of the proposed framework in Section 3, its application
to a case study with a discussion of the results and implications in Section 4,
and finally, a discussion of the limitations of our work and of future research
directions in Section 5.

2. Previous works

2.1. SDG interlinkages analysis
Since the launch of the 2030 Agenda in 2015, research on SDG inter-

connections has grown rapidly, with many studies examining the complex
relationships among the 17 goals. The UN emphasizes the principles of uni-
versality, indivisibility, and interdependence, highlighting that all SDG are
equally important, closely linked, and must be pursued holistically to avoid
progress in one area undermining another [34]. Given this complexity, di-
verse methodological approaches have emerged to address the multidimen-
sional challenges involved. These methods can be grouped into the following
categories [26, 7]:

• Data analysis: examination of quantitative and/or qualitative data along
with statistical and/or network analysis to identify and categorize rela-
tionships.

• Expert judgment: involves leveraging the insights and assessments of spe-
cialists, often gathered through surveys and structured interviews, to eval-
uate the interconnections.

• Modelling: use of computational and mathematical frameworks to simu-
late and assess the relationships and dynamics among different sectors to
anylyze interactions in complex systems.

• Literature review: synthesizes existing research findings and data from
multiple studies to identify patterns and trends among the interlinkages.
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Research on SDG interlinkages has also considered various settings [26,
9, 7], including the analysis of interactions:

• at different levels, focusing on indicators, targets, or goals, which we
collectively refer to as variables subsequently;

• at distinct spatial scales looking at national, regional or global tiers;

• focusing on a subset of goals such as the water-energy-food nexus;

• with additional external factors like climate.

This paper focuses on data-driven methods that rely on statistical data
from official sources, using correlation and network analysis techniques, as
illustrated in [46, 19, 30]. These approaches quantify the strength of rela-
tionships among variables, enabling the identification of specific synergies
and trade-offs. Graph clustering methods help automatically detect groups
of variables that form synergy poles, revealing meaningful structures within
the complexity of sustainable development. In addition, network analysis can
identify central nodes, which represent key areas for intervention that may
not be evident through traditional methods. These techniques also enhance
the visualization of complex interlinkages, making it easier to understand
how multiple variables interact simultaneously. Although other analytical
approaches, such as Multiple Factor Analysis [14], are of interest, they fall
outside the scope of this paper.

Below, we provide a short review of the main tools used in this paper, in-
cluding statistical association measures, clustering, and centrality measures.

2.2. Association measures
Research on SDG interlinkages often draws on statistical association mea-

sures to assess relationships between variables (indicators, targets or goals).
Pearson and Spearman correlation coefficients are commonly used to quan-
tify the direction and strength of linear or monotonic relationships among
variables. These pairwise associations can be represented as weighted net-
works. While Pearson is used in studies such as [35, 54, 61], others prefer
Spearman, as in [45, 31, 25, 5].

However, Pearson coefficient is sensitive to outliers, assumes linearity,
and cannot detect non-linear patterns. Spearman measure is more robust
and detects monotonic trends but is limited by sensitivity to ties and its
assumption of monotonicity.
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To capture more complex, non-linear, and non-parametric relationships,
alternative measures such as distance correlation (dCor) [33], maximal infor-
mation coefficient (MIC) [59], and revealed comparative advantage (RCA)
[28] have been introduced.

Furthermore, association-based analyses of SDG interlinkages generally
follow two approaches: longitudinal and cross-sectional [46]. Longitudinal
studies examine how indicators evolve over time within a country or re-
gion, identifying dynamic dependencies and potential causal links [45, 54, 33].
Cross-sectional studies, by contrast, compare interactions across countries at
a single time point, revealing patterns of co-development, regional disparities,
and structural dependencies [31, 25, 59, 28].

2.3. Graph clustering
Graph clustering is a key tool in SDG interlinkages analysis, helping to

uncover structural and functional groupings among goals, targets, or indi-
cators [60]. By identifying tightly connected clusters, also referred to as
communities or nexuses, clustering supports a more systemic understanding
of synergies and trade-offs across domains such as the environment, economy,
and social equity.

Among various methods, modularity-based clustering [40] is the most
widely used [60, 54, 33, 28]. Techniques like the Louvain algorithm [11] op-
timize modularity by maximizing within-cluster connections and minimizing
links between them, effectively revealing cohesive and interdependent vari-
able groupings.

Spectral clustering, which uses eigenvalue decomposition of the graph
Laplacian [57, 39], allows for detecting clusters of arbitrary shapes and was
applied, for example, in [35]. In contrast, standard k-means is less suitable
for SDG networks due to its rigid assumptions about cluster number and
shape.

2.4. Centrality measures
Centrality measures quantify the influence of nodes based on their po-

sition in a network and are widely used across disciplines [17, 10]. In SDG
interlinkages analysis, they help identify the most impactful goals, targets, or
indicators [18, 19], guiding policymakers in prioritizing high-leverage actions.

Different measures capture different aspects of influence. Degree central-
ity identifies variables with the most direct connections [44], while between-
ness centrality highlights those acting as bridges between otherwise discon-
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nected goals [28]. Eigenvector centrality, by contrast, considers not only a
node’s connections but also the importance of its neighbors, offering a more
nuanced view of systemic influence [19].

Although betweenness can reveal bottlenecks, eigenvector centrality is
generally preferred in SDG analysis due to its ability to identify structurally
dominant variables and its greater stability under network changes [12].

2.5. Limitation of current approaches
To summarize the previous points, Figure 1 provides a generic overview

of commonly used network analysis tools and a general workflow for studying
SDG interlinkages.

SDG variables
(goals, targets or indicators)

Graph representation
of variables using

correlation coefficients

Graph clustering
of variables

Chord diagram of
variables interlinkages

Centrality measure
of variables

Figure 1: Conventional network analysis procedures for SDG interlinkages.

Within this scope, we identify the following research gaps:

• Existing association measures often lack interpretability for policymakers
and overlook key factors such as population size and regional dependen-
cies, limiting global representativity.

• Modularity is widely used in graph clustering but is not the only relevant
criterion. Modularity-based algorithms often rely on heuristics, introduc-
ing non-determinism and inconsistent community structures.

• While eigenvector centrality has been interpreted for directed signed graphs
[18, 19], a clear understanding for undirected networks in SDG analysis,
is still missing.

• Clustering and centrality are typically applied independently, resulting in
fragmented insights. Their integration is needed for a coherent under-
standing of complex systems.

• Chord diagrams, though common, become cluttered with many variables
or edges, limiting their utility for interpreting complex SDG interlinkages.
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• Despite increasing research, there is still no comprehensive, operational
framework that enables policymakers to design actionable, context-specific
interventions.

In the following section, we introduce our methodology that aims to ad-
dress the aforementionned issues.

3. Proposed framework

3.1. Overview
Our proposal involves employing complementary tools and methods that

ultimately provide a consistent and integrated framework for a robust and
enriched analysis of SDG interconnections at a global scale. In Figure 2, we
depict the different components of our approach, emphasizing in bold and
red the specificities of our methodology in comparison to the base workflow
exposed in Figure 1.

SDG variables
(goals, targets or indicators)

Graph representation
of variables using within-region
weighted Kendall coefficient

Optimal graph
clustering of variables

Integrated eigenvector centrality
measure of variables

Enriched chordial diagram
of variables interlinkages

Pareto fronts of
variables per cluster

Integrated Framework

Figure 2: Our consistent and integrated framework for SDG interlinkages analysis and
visualization.

In a nutshell, the main features of our approach are the following ones:

• We study interconnections between SDG at the level of indicators rather
than at the level of goals or targets. This approach provides a more gran-
ular and precise analysis, allowing for a better understanding of synergies
and trade-offs, ultimately informing more actionable policy design.

8



• We apply a cross-sectional approach that emphasizes the comparison be-
tween countries at a given point in time, with the goal of extracting global
structural dependencies among indicators.

• We utilize Kendall rank coefficient to assess the type and strength of
the relationship between each pair of indicators. Moreover, we take into
account the population size of each country as a weight to ensure that
the results are representative of the majority of the world’s population.

• We target global SDG governance, but it is essential to ensure that re-
gional specificities align with the global strategy. We address this con-
cern by using an extension of the weighted Kendall association measure
that accounts for the regional dependencies between countries, thereby
enhancing the consistency between global and regional analyses.

• We apply an optimal clustering model to the consistent within-region
weighted Kendall correlation network to discover clusters of indicators
that show strong intra-synergies and strong inter-trade-offs simultane-
ously. This clustering approach does not require the pre-setting of the
number of clusters.

• We use the principal eigenvector of the within-region weighted Kendall
correlation graph as a centrality measure. This approach is fully aligned
with the aforementioned clustering procedure. We show that the leading
eigenvector is the solution to a relaxed version of this clustering problem.

• In our proposal, the clusters and centrality measures are closely associ-
ated, and we suggest using these outputs to represent the indicators in a
chord diagram in a structured manner. This feature provides an innova-
tive and informative visualization of the interactions between SDG.

• Studying the interactions at the indicator level allows for a fine-grained
analysis, but the large number of indicators can be cumbersome for decision-
makers. As a result, we propose determining the Pareto front in each
cluster by considering two criteria: the percentage of performance (or
achievement) and the eigenvector centrality measure.

In the following paragraphs, we formally introduce and further explain
the motivations behind each component of our integrated framework, as well
as provide additional details on the complementarities they share.
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3.2. Within-region weighted Kendall rank correlation
We use the Kendall rank correlation to assess the direction and strength

of association between SDG indicators. Unlike Pearson correlation, Kendall
coefficient is non-parametric and captures general monotonic relationships.
It offers an intuitive interpretation by comparing the number of concordant
and discordant pairs, rather than rank differences as in Spearman measure,
making it more accessible for decision-makers.

To account for global priorities, we introduce a population-weighted ver-
sion of Kendall correlation. This approach ensures that indicator associations
more accurately represent the current global landscape by giving greater
weight to countries with larger populations, thus supporting more equitable
and impactful policy decisions.

Let Xj and Xj′ be two indicators, measured across n countries. Denote
their value vectors as xj = (xj

1, . . . , x
j
n) and xj′ = (xj′

1 , . . . , x
j′
n ). For two

countries Xi and Xi′ , we introduce the following definitions:

• (Xi, Xi′) is concordant if (xj
i < xj

i′ ∧ xj′

i < xj′

i′ ) or (xj
i > xj

i′ ∧ xj′

i > xj′

i′ ).
This indicates a positive association between indicators Xj and Xj′ .

• (Xi, Xi′) is discordant if (xj
i < xj

i′ ∧ xj′

i > xj′

i′ ) or (xj
i > xj

i′ ∧ xj′

i < xj′

i′ ):
they are ranked in opposite orders, suggesting a negative correlation.

Then, to compare all n(n−1)
2

country pairs, we use the following quantities:

• Conc(xj,xj′) denotes the total number of concordant pairs.
• Disc(xj,xj′) denotes the total number of discordant pairs.

The basic Kendall τa coefficient (no ties) is given by:

τa(x
j,xj′) =

Conc(xj,xj′)−Disc(xj,xj′)
n(n−1)

2

. (1)

τa ranges from −1 (perfect negative correlation) to 1 (perfect positive
correlation). To account for ties, we introduce the following definitions:

• (Xi, Xi′) is tied in xj if xj
i = xj

i′ .
• Tied(xj) denotes number of tied pairs in xj.

Accordingly, the adjusted Kendall τb is:

τb(x
j,xj′) =

Conc−Disc√(
n(n−1)

2
− Tied(xj)

)(
n(n−1)

2
− Tied(xj′)

) . (2)

10



Let Sj = (sjii′) be the sign matrix of xj, where:

sjii′ =


−1, xj

i < xj
i′ ,

0, xj
i = xj

i′ ,

1, xj
i > xj

i′ .

(3)

Then τb can be rewritten as:

τb(S
j,Sj′) =

∑
i,i′ s

j
ii′s

j′

ii′√∑
i,i′(s

j
ii′)

2
∑

i,i′(s
j′

ii′)
2

. (4)

In this paper, we aim to weight the concordance and discordance counts
with respect to population sizes. Weighted versions of the Kendall coefficient
have been studied by several papers [50, 2, 56]. We opt for the following
definition denoted by τw:

τw(S
j,Sj′) =

∑n
i,i′=1wiwi′s

j
ii′s

j′

ii′√∑n
i,i′=1wiwi′(s

j
ii′)

2
∑n

i,i′=1 wiwi′(s
j′

ii′)
2

, (5)

where, for all i = 1, . . . , n, wi is the positive weight of Xi.
The weighted Kendall τw coefficient lies in the interval [−1, 1], similar to

Kendall τa and τb, and shares the same interpretations [56].
Next, we extend τw in order to integrate regional specificities and make

our linkage measure context-dependent. When measuring the interconnec-
tion between two indicators Xj and Xj′ using the weighted Kendall asso-
ciation measure, we propose to consider only pairs of countries within the
same region, rather than all possible country pairs. Our assumption is that
assessing the probability of concordance and discordance between indicators
is more meaningful within a shared regional context, as cross-regional com-
parisons lack interpretive relevance.

Suppose that the n countries are partitionned into m regions, R = {R1, . . . ,Rm}.
we define the within-region weighted Kendall coefficient denoted τw,R by:

τw,R(S
j,Sj′) =

∑m
l=1

∑
i,i′∈Rl

wiwi′s
j
ii′s

j′

ii′√∑m
l=1

∑
i,i′∈Rl

wiwi′(s
j
ii′)

2
∑m

l=1

∑
i,i′∈Rl

wiwi′(s
j′

ii′)
2

, (6)

where the subscript i, i′ ∈ Rl is shorthand for i, i′ = 1, . . . , n, such that
Xi ∈ Rl ∧Xi′ ∈ Rl.
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Let us denote by Sj,l = (sjii′)i,i′∈Rl
, the block submatrix of size |Rl|×|Rl|

extracted from Sj and containing only rows and columns corresponding to
countries in region Rl. Then, it is not difficult to see that (6) is similar to:

τw,R(S
j,Sj′) =

m∑
l=1

ωlτw(S
j,l,Sj′,l), (7)

where ωl is the positive weight of region Rl defined by:

ωl =

√∑
i,i′∈Rl

wiwi′(s
j
ii′)

2
∑

i,i′∈Rl
wiwi′(s

j′

ii′)
2√∑m

l=1

∑
i,i′∈Rl

wiwi′(s
j
ii′)

2
∑m

l=1

∑
i,i′∈Rl

wiwi′(s
j′

ii′)
2

. (8)

Accordingly, τw,R(S
j,Sj′) provides a measure of the direction and intensity

of the interaction between Xj and Xj′ at the global level, while explicitly
accounting for regional dependencies between countries. It can be interpreted
as a linear combination over regions Rl, for l = 1, . . . ,m, of the weighted
Kendall association measures τw(Sj,l,Sj′,l) defined in (5), where each term is
weighted by ωl, which is proportional to the total population of the countries
within Rl. We provide a concrete example in paragraph 4.2 to illustrate the
rationale behind our context-informed global linkage measure.

In the following paragraphs, we assume a set of p SDG indicators {X1, . . . , Xp}
with observed values over a set of countries {X1, . . . , Xn}, represented by the
set of vectors of size n, {x1, . . . ,xp}. Our framework is built upon the in-
terlinkages network represented by the signed weighted adjacency matrix
K = (kjj′) of size p × p, where each entry is defined by the within-region
weighted Kendall coefficient given in (6). Specifically, ∀j, j′ = 1, . . . , p:

kjj′ = τw,R(S
j,Sj′). (9)

3.3. Mathematical Relational Analysis clustering
The within-region weighted Kendall correlation matrix K captures syner-

gies and trade-offs as positive and negative values. These are represented as
a complete graph, with indicators as nodes and signed edge weights reflecting
correlation directions and strengths.

Figure 3 in page 19 presents a conventional visualization of the SDG indi-
cator network. While informative, this dense representation with numerous
nodes and edges reflects the complexity of sustainability without offering
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clear insights. To reveal underlying structures, we apply network analysis
tools aimed at identifying two key patterns: positively interconnected clusters
representing win-win relationships, and negatively linked groups indicating
trade-offs requiring careful policy balancing.

To extract these patterns, we introduce a graph clustering method that
explicitly incorporates both positive and negative associations. It searches
for an optimal partition maximizing intra-cluster synergies and inter-cluster
tensions. Unlike heuristic approaches, our method formulates the clustering
as a binary integer linear program (0-1 ILP), ensuring rigorous and exact
solutions.

Our approach builds on the Mathematical Relational Analysis (MRA)
framework, originally developed in [38, 37], which combines graph theory,
statistics, and optimization to model binary relations such as preferences and
equivalences. In our case, the goal is to approximate a graph via an equiva-
lence relation over its nodes. Related applications of MRA can be found in
[36, 3, 15], and similar questions are also addressed in recent literature on
correlation clustering [8, 21, 58].

In the MRA notations, a binary relation R over a set of p items is repre-
sented by a graph with an adjacency matrix, also called a relational matrix,
R = (rjj′) of size p× p, with the general term:

rjj′ =

{
1, if XjRXj′ , that is Xj is in relation with Xj′ ,
0, otherwise.

(10)

A clustering (or partition) of the nodes of the graph is exactly the same
as an equivalence relation over the set of nodes. This type of binary relations
satisfies the following properties:

• Reflexivity: XjRXj, for all j = 1, . . . , p.

• Symmetry: XjRXj′ ⇔ Xj′RXj, for all j, j′ = 1, . . . , p, such that j ̸= j′.

• Transitivity: XjRXj′ ∧ Xj′RXj′′ ⇒ XjRXj′′ , for all j, j′, j′′ = 1, . . . , p,
such that j ̸= j′ ̸= j′′.

In [38], the authors show that all properties can be expressed as linear
constraints of terms of the relational matrix R:

• Reflexivity: rjj = 1, for all j = 1, . . . , p.

• Symmetry: rjj′ = rj′j, for all j, j′ = 1, . . . , p, such that j ̸= j′.
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• Transitivity: rjj′ + rj′j′′ − rjj′′ ≤ 1, for all j, j′, j′′ = 1, . . . , p, such that
j ̸= j′ ̸= j′′.

We aim to approximate K using an unknown equivalence relation repre-
sented by a relational matrix R, obtained by solving the following 0-1 ILP:

max
R∈{0,1}p×p

p∑
j,j′=1

kjj′rjj′ (11)

s.t.


rjj = 1, ∀j = 1, . . . , p,
rjj′ = rj′j, ∀j, j′ = 1, . . . , p; j ̸= j′,
rjj′ + rj′j′′ − rjj′′ ≤ 1, ∀j, j′, j′′ = 1, . . . , p; j ̸= j′ ̸= j′′.

Although clustering is NP-hard [4], the0-1 ILP in (11) enables efficient
and exact solutions for problems with p in the hundreds, as in our case.

We further detail why Problem (11) enables the detection of indicator
clusters that specifically reveal synergies and trade-offs within the SDG net-
work. For simplicity, and without loss of generality, assume that there are no
tied values in any of the vectors xj, j = 1, . . . , p. In this case, kjj′ from (9) can
be written as the difference between the estimated probability that Xj and
Xj′ are concordant and the estimated probability that they are discordant:

kjj′ = P̂ (Conc(Xj, Xj′))− P̂ (Disc(Xj, Xj′)). (12)

Then, it is not difficult to see that:

max
R∈{0,1}p×p

p∑
j,j′=1

kjj′rjj′

⇔ max
R∈{0,1}p×p

p∑
j,j′=1

P̂ (Conc(Xj, Xj′))rjj′ +

p∑
j,j′=1

P̂ (Disc(Xj, Xj′))(1− rjj′).

Consequently Problem (11) is equivalent to:

max
R∈{0,1}p×p

p∑
j,j′=1

(
P̂ (Conc(Xj, Xj′))rjj′ + P̂ (Disc(Xj, Xj′))(1− rjj′)

)
(13)

s.t.


rjj = 1, ∀j = 1, . . . , p,
rjj′ = rj′j, ∀j, j′ = 1, . . . , p; j ̸= j′,
rjj′ + rj′j′′ − rjj′′ ≤ 1, ∀j, j′, j′′ = 1, . . . , p; j ̸= j′ ̸= j′′.

From this formulation, we observe the following:
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• Indicators Xj and Xj′ are likely to be in the same cluster (rjj′ = 1) when
P̂ (Conc(Xj, Xj′)) exceeds P̂ (Disc(Xj, Xj′)), reflecting strong positive as-
sociations and potential synergies.

• Conversely, when P̂ (Disc(Xj, Xj′)) dominates, Xj and Xj′ tend to be
assigned to different clusters (rjj′ = 0), indicating negative associations
and trade-off dynamics.

3.4. Eigenvector centrality
In addition to clustering, centrality measures are other tools borrowed

from network analysis to extract meaningful information from the SDG in-
teractions graph. They allow for the exhibition of the relative importance of
each indicator in the network, highlighting those that are most strongly con-
nected to others and, thus, most likely to have a ripple effect on the achieve-
ment of multiple SDG. Moreover, they can reveal indicators that serve as
crucial hubs or bridges between different clusters or poles, exerting signifi-
cant influence on the overall network dynamics.

Let K = (kjj′) be a given correlation matrix between the indicators
{X1, . . . , Xp}. We denote by v = (vj) the vector of size p that gives the
centrality measure for each indicator Xj with j = 1, . . . , p. We focus on
eigenvector centrality (or eigencentrality) which quantifies the global influ-
ence of a node Xj across the entire network structure. It is formally defined
as follows for any indicator Xj:

vj =
1

λ

p∑
j′=1

kjj′vj′ , (14)

where λ > 0 is interpreted as a scaling factor.
Eigenvector centrality is based on the idea that the importance of a node

Xj, denoted by vj, is determined by the importance of its neighboring nodes.
Specifically, the contribution of each neighbor Xj′ , with importance vj′ , is
weighted by the strength of their connection, represented by kjj′ .

From a mathematical standpoint, the correlation matrix K being a real
symmetric square matrix of size p × p, it has p real eigenvalues λ1 ≥ λ2 ≥
. . . ≥ λp associated to p eigenvectors v1,v2, . . . ,vp that are mutually orthog-
onals and by definition we have, ∀j = 1, . . . , p:

Kvj = λjv
j.
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Then, the eigenvector centrality v and the scaling factor λ in (14) are exactly
the leading eigenvector and eigenvalue v1 and λ1: v = v1 and λ = λ1.

In the context of SDG interlinkages, eigencentrality is typically applied to
binary or non-negative weighted adjacency matrices, where a non-zero weight
indicates a connection between nodes. In such cases, the Perron–Frobenius
theorem ensures that both the leading eigenvalue λ1 and its correspond-
ing eigenvector v1 have non-negative entries, allowing for a straightforward
ranking of nodes by importance. This approach, which yields non-negative
eigencentrality scores, has been used in SDG correlation networks in [54, 33].

In the more general case where K contains both positive and negative
values, it is not guaranteed that λ1 and v1 contain non-negative values. In
this situation, if some nodes have a negative centrality measure, the definition
of eigencentrality provided by (14) becomes more difficult to interpret. In
[13], the authors address this concern in the context of social network analysis
and show that, in the case of a signed adjacency matrix with “like” (+1) versus
“dislike” (-1) relationships, the leading eigenvector v1 reveals two groups of
nodes: those with positive values in v1, which are opposed to those with
negative values, forming two contrasting cliques.

In our case, we apply eigenvector centrality to the within-region weighted
Kendall correlation network K which includes both positive and negative val-
ues. As can be seen from (5), K is a Gram matrix and therefore its eigenvalues
are non-negative. In what follows, we demonstrate that the leading eigen-
vector v1 corresponds to the solution of a relaxed version of Problem (11),
where the number of clusters is fixed at two.

Let R̃ = (r̃jj′) be a signed relational matrix associated to the binary
relational matrix R = (rjj′) through the following relation, r̃jj′ = 2rjj′ − 1.
Thus, we have, ∀j, j′ = 1, . . . , p:

r̃jj′ =

{
1, if XjRXj′ ,
−1, otherwise.

(15)

If R is an equivalence relation, it is not difficult to see that the charac-
teristic properties translate into similar linear constraints as those for R in
the case of R̃:

• Reflexivity: r̃jj = 1, for all j = 1, . . . , p.
• Symmetry: r̃jj′ = r̃j′j, for all j, j′ = 1, . . . , p, such that j ̸= j′.
• Transitivity: r̃jj′ + r̃j′j′′ − r̃jj′′ ≤ 1, for all j, j′, j′′ = 1, . . . , p, such that
j ̸= j′ ̸= j′′.
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Moreover, we have the following relation regarding the objective function
of Problem (11):

max
R̃∈{−1,1}p×p

p∑
j,j′=1

kjj′ r̃jj′ ⇔ max
R∈{0,1}p×p

p∑
j,j′=1

kjj′(2rjj′−1) ⇔ max
R∈{0,1}p×p

p∑
j,j′=1

kjj′rjj′ .

As a consequence, Problem (11) is equivalent to:

max
R̃∈{−1,1}p×p

p∑
j,j′=1

kjj′ r̃jj′ (16)

s.t.


r̃jj = 1, ∀j = 1, . . . , p,
r̃jj′ = r̃j′j, ∀j, j′ = 1, . . . , p; j ̸= j′,
r̃jj′ + r̃j′j′′ − r̃jj′′ ≤ 1, ∀j, j′, j′′ = 1, . . . , p; j ̸= j′ ̸= j′′.

Next, suppose that R̃ encodes a partition with only two clusters. Then
we can equivalently formulate R̃ with respect to a vector z ∈ {−1, 1}p as
follows, ∀j, j′ = 1, . . . , p:

r̃jj′ = zjzj′ , (17)

where zj = 1 if Xj is in the 1st group and zj = −1 if it is in the 2nd group.
Note that through (17), vector z automatically implies a signed relational

matrix R̃ that satisfies the linear constraints of reflexivity, symmetry and
transitivity in Problem (16). As a result, in the particular case of a partition
with only two groups, we can reduce the representation of the equivalence
relation from a matrix to a vector. This specific property makes it possible
to simplify the MRA clustering problem as follows:

max
R̃∈{−1,1}p×p

p∑
j,j′=1

kjj′ r̃jj′ s.t.


r̃jj = 1, ∀j,
r̃jj′ = r̃j′j, ∀j, j′; j ̸= j′,
r̃jj′ + r̃j′j′′ − r̃jj′′ ≤ 1, ∀j, j′, j′′; j ̸= j′ ̸= j′′,

R̃ encodes 2 clusters.

⇔ max
z∈{−1,1}p

p∑
j,j′=1

kjj′zjzj′

⇔ max
z∈{−1,1}p

z⊤Kz. (18)

The discrete problem maxz∈{−1,1}p z
⊤Kz is NP-hard. A standard relax-

ation replaces the discrete domain with a continuous one: maxz∈Rp,∥z∥2≤1 z
⊤Kz
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where ∥z∥ is the Euclidean norm. It is well-known that the optimal solution
of this convex optimization problem is z = v1, the leading eigenvector of K.
This mathematical result aligns with the work presented in [13], which shows
that eigenvector centrality v = v1 provides, in the case of a signed network,
a division of the nodes into two cliques.

Moreover, we can infer an importance order within each cluster by ranking
their members with respect to their eigencentrality scores absolute values.
Additionally, the two nodes with the most opposite centrality measures tend
to be the most adversarial. Overall, eigenvector centrality applied to a signed
weighted graph provides richer insights compared to an unsigned weighted
network, especially for discovering the two main opposing poles.

It is important to mention that the previous development is reminiscent of
several research works in spectral graph theory, and in data science for dimen-
sion reduction and clustering [24, 22, 57]. Nonetheless, from our perspective,
this result allows us to innovate by integrating two typically separate net-
work analysis tools into a unified framework for SDG interlinkages, enabling
decision-makers to identify synergies, trade-offs, and key indicators for more
coherent and actionable policy design.

3.5. Visualization tool
In Figure 3, we provide illustrations of chord diagrams of the SDG inter-

connections graph between a set of 96 indicators measured by our approach.
The intensity of the edge color indicates the strength of the relationship given
by the within-region weighted Kendall correlation measure, with darker col-
ors representing stronger positive or negative links between the nodes. On
the left hand side, only the positive correlation measures are illustrated while,
on the right hand side, solely the negative association values are depicted.

However, in Figure 3, the indicators are organized in circle with respect to
the 17 goals they belong to from sdg1 to sdg17. Clearly, from these graphs, it
is difficult to infer any meaningful insights because there are too many edges
that cross each other, creating a cluttered representation that obscures the
underlying relationships.

In contrast, the connection we have established previously between MRA
clustering and eigenvector centrality can serve as a framework to reorganize
the indicators and provide a more informative visualization of the SDG in-
terlinkages using chord diagrams:

• Firstly, we can group indicators based on the clusters identified by the
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Figure 3: Chord diagrams of the SDG interlinkages of the 96 indicators organized with
respect to their goals, with positive correlations on the left and, negative correlations on
the right.

MRA clustering.

• Secondly, we can arrange the clusters in a circular order, starting from the
top and moving counterclockwise, according to the mean eigencentrality
measures.

• Thirdly, within each cluster, we can order the indicators according to
their eigenvector centrality scores. As a consequence, indicators in the
top left and the ones in the top right positions are those that tend to be
the most in trade-off with each other.

Therefore, Figure 4 presents a reorganized view of the same graph shown
in Figure 3, using the proposed clustering and eigencentrality ordering. The
left diagram highlights two synergy clusters, with strong positive intracon-
nections and darker edges at the top indicating the most central indicators.
The right diagram shows negative correlations, making trade-offs between
the two clusters more visible, especially for top-ranked indicators positioned
on opposite sides.

Overall, our approach uncovers meaningful groupings and rankings within
the within-region weighted Kendall graph, enhancing the clarity of chord di-
agram visualizations. It highlights synergies and trade-offs among indicators
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Figure 4: Chord diagrams of the SDG interlinkages of the 96 indicators organized with
respect to their two clusters and eigenvector centrality scores provided by our integrated
framework, with positive correlations on the left and, negative correlations on the right.

and goals, emphasizing the importance of integrated policy responses. More
detailed interpretations based on Figure 4 are provided in Section 4.

3.6. Decision aiding using Pareto fronts
Our focus is on exploring the relationships between SDG through their

individual indicators rather than through broader goals or targets. This
detailed perspective enables us to gain a clearer insight into the synergies and
trade-offs involved. A drawback of this approach however, is that decision-
making necessitates the manipulation of numerous variables, which can be
overwhelming and complicate the analysis process.

To address this issue, we propose focusing on two complementary criteria
to select the indicators that decision-makers should prioritize. The first cri-
terion U is the percentage of performance (or achievement) of indicators and
the second criterion V is the eigenvector centrality measure that we already
discussed in paragraph 3.4.

Below, we provide further details on the first criterion, the performance
percentage U , as defined in [49, 32] and included in the SDR 2024 dataset.
This dataset serves as the primary data source for our empirical analysis and
supports the application of our integrated framework, described in Section 4.
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For any numerical indicator Xj, we assume two thresholds: wj and bj,
representing the worst- and best-case scenarios. Depending on the indicator,
these may correspond to upper and lower bounds, or vice versa. For example,
for Xj = sdg3_neonat (Neonatal mortality rate), the worst case is at the up-
per bound (wj = 40/1000) and the best at the lower bound (bj = 1.1/1000).
Conversely, Xj′ = sdg3_births (Births attended by skilled health personnel)
has its worst case at the lower bound (wj′ = 23%) and best at the upper
bound (bj′ = 100%).

The initial value of indicator Xj for country Xi, denoted dji , is converted
into a performance percentage xj

i using the transformation defined in [49, 32]:

• First, the data distributions across countries are censored, meaning that
any value dji falling outside the interval [min(wj, bj),max(wj, bj)] is set to
the nearest bound.

• Next, the data are normalized to obtain a percentage of performance xj
i

that increases with proximity to the best-case scenario. For all indica-
tors, higher values of xj

i (closer to 100%) indicate better performance and
greater progress toward achieving the target associated with indicator Xj.
This normalization is given by, ∀j = 1, . . . , p and ∀i = 1, . . . , n:

xj
i =

|dji − wj|
|bj − wj|

100. (19)

Since our analysis is conducted at the global scale, the first criterion
for indicator selection is based on the weighted mean of values across all
countries, using population size as the weighting scheme.

Then, to facilitate a more focused and interpretable analysis, we reduce
the number of indicators using the concept of the Pareto front. Widely used
in multi-objective optimization, the Pareto front represents the set of non-
dominated solutions that balance multiple criteria. In our case, we apply
this concept from a bi-objective perspective, selecting indicators that are
simultaneously influential and underperforming.

Specifically, in the case of the two criteria, U and V , a solution is said
to be Pareto optimal if there is no other solution that improves U without
degrading V , or vice versa. Let us denote u = (uj) with uj =

∑n
i=1wix

j
i , the

vector of the weighted means of percentages of performance of all indicators
and, v = (vj) the vector of eigenvector centrality measures. Regarding U ,
an indicator Xj should be prioritized over another indicator Xj′ if uj < uj′ ,
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because in that case, Xj has a low level of advancement and requires more
urgent progress. On the contrary, in the case of V , Xj should be prioritized
over Xj′ if vj > vj′ , since this indicates that Xj is more influential. Accord-
ingly, we say that the indicator Xj is Pareto optimal if the two following
conditions are verified:{

(uj ≤ uj′) ∧ (vj ≥ vj′), ∀j′ = 1, . . . , p, such that j′ ̸= j,
(uj < uj′) ∨ (vj > vj′), ∀j′ = 1, . . . , p, such that j′ ̸= j.

(20)

By considering the percentage of performance, we direct our attention
to indicators that require urgent upgrades, which aligns with the indivisible
nature of the SDG as emphasized by the UN. Additionally, by incorporating
the eigencentrality measure, we aim to support overall SDG progress by
prioritizing indicators that exert significant influence across the network.

In our approach, we determine the Pareto front for each cluster rather
than for the overall set of indicators. This procedure aligns with the struc-
tured insights provided by our MRA clustering and integrated eigenvector
centrality, offering robustness and significant advantages. First, it allows for
broader coverage of the main poles of synergies, capturing unique intercon-
nections within each cluster. Second, this approach enhances our ability to
identify critical trade-offs between clusters. By focusing on cluster specific
Pareto fronts, we can effectively reduce the number of indicators, simplify-
ing decision-making and enabling targeted strategies that optimize synergies
while minimizing conflicts across the SDG.

In Figure 5, we present the SDG interlinkages chordal graphs shown in
Figure 4, but restricted to the Pareto fronts of each cluster. In this case, the
number of indicators is reduced from 96 to 13.

4. Application to the SDR 2024 dataset

4.1. The SDR 2024 dataset
Similarly to [31, 25, 61], we analyze SDG interlinkages using the dataset

provided by the Sustainable Development Solutions Network (SDSN), a global
initiative launched by the UN to promote practical solutions for sustainable
development. The SDSN publishes an annual report, the Sustainable De-
velopment Report (SDR), which assesses the progress of countries toward
achieving the SDG. This report provides data, analysis, and recommenda-
tions, highlighting best practices and identifying areas where further efforts
are needed.
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Figure 5: Chord diagrams of the SDG interlinkages of the indicators in the Pareto fronts
organized with respect to their two clusters and eigenvector centrality scores provided by
our integrated framework, with positive correlations on the left and, negative correlations
on the right.

In this paper, we analyze the SDR 2024 dataset, which serves as the
foundation for the SDSN report of 2024 [49]. This dataset is freely available
at https://dashboards.sdgindex.org/downloads. We apply our consis-
tent and integrated framework for global analysis. To integrate context-
specific dependencies in our within-region weighted Kendall association mea-
sure given by (6), we considered the 7 regions as defined in the SDR 2024,
which consist of the following: Eastern Europe & Central Asia, East & South
Asia, Latin America and the Caribbean, Middle East and North Africa, Ocea-
nia, OECD members, Sub-Saharan Africa.

The SDR 2024 dataset countains 100 global indicators and 193 countries.
We work with the censored and normalized version of these variables as de-
scribed in paragraph 3.6 and defined by (19). Therefore, all indicators range
from 0 to 100 and they are all in ascending order. These motivated data
preprocessing steps performed by the SDSN ensure the homogeneity of vari-
ables, significantly enhancing the clarity and reproducibility of the analyses
conducted. However, there are many missing values. We implemented the
following extra procedures to address this issue:

• If an indicator has more than 40% missing values, it is dropped.
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• Then, if a country has more than 30% missing values, it is removed.

After this first round of filtering, we were left with only two countries from
the region of Oceania. We decided to remove these two cases for statistical
consistency reasons. Consequently, our final dataset consists of 96 indicators
and 165 countries, distributed across 6 regions. Descriptions of all indicators,
along with their corresponding worst-case and best-case scenario thresholds,
are provided in [49] and in the SDR 2024 dataset spreadsheet file.

4.2. Empirical results
Let X = (xj

i ) be the data matrix of size 165 × 96, where i = 1, . . . , 165

and j = 1, . . . , 96. For all pairs of vectors xj = (xj
i ) and xj′ = (xj′

i ), we
applied (6) to assess the interlinkage between indicators Xj and Xj′ , resulting
in the within-region weighted Kendall correlation matrix K of size 96× 96.

To illustrate the impact of the within-region weighted extension of the
Kendall rank coefficient, we consider the example of Xj = sdg1_wpc, rep-
resenting “Poverty headcount ratio at $2.15/day (2017 PPP, %)”, and Xj′ =
sdg3_traffic, which refers to “Traffic deaths (per 100,000 population)”. For
this pair of indicators, the distribution of values xj and xj′ across 165 coun-
tries yields a Pearson correlation coefficient of 0.50 and a weighted Kendall
rank correlation of 0.24. In contrast to these positive associations, the within-
region weighted Kendall correlation is negative, with a value of −0.48.

Examining the region specific weighted Kendall scores reveals substantial
variation: 0.18 for Eastern Europe & Central Asia, −0.60 for East & South
Asia, 0.06 for Latin America and the Caribbean, −0.10 for Middle East and
North Africa, 0.03 for OECD members, −0.19 for Sub-Saharan Africa.

Region specific scores show sharp contrasts: −0.60 for East & South Asia
and −0.19 for Sub-Saharan Africa, versus weakly positive values in other
cases. This suggests that population weighted regional perspectives can re-
veal divergent patterns hidden in global averages. In heavily populated re-
gions like East & South Asia, large middle-income countries such as China
and India exhibit high traffic deaths alongside reductions in extreme poverty.
These outliers drive a negative association when population size is accounted
for. Hence, when weighting countries by population, a negative global cor-
relation is arguably more reasonable, reflecting the realities of development
where rising incomes do not uniformly translate into improved road safety.

Figure 3 shows the positive and negative interactions among the 96 indi-
cators using standard chord diagrams, with variables grouped by SDG. To
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structure this signed weighted network, we solve the MRA clustering Prob-
lem (11). The optimal solution yields two clusters. As detailed in Section 3.4,
the sign of the entries in the leading eigenvector v of K aligns exactly with
this partition, linking centrality and clustering outcomes. We then reorder
the indicators based on the MRA clustering and eigencentrality, following
the procedure in Section 3.5. This produces a clearer and more informative
chord diagram of both positive and negative interlinkages, shown in Figure 4.
All indicator acronyms, descriptions, and eigencentrality scores are provided
in the supplementary materials.

Despite improved visualization and partial simplification, the large num-
ber of indicators still challenges decision-making. To address this, we identify
the Pareto front for each cluster (see paragraph 3.6) to retain only the most
relevant indicators. Figure 5 displays the interlinkage subgraph between these
selected indicators. This refinement reduces visual clutter and enhances clar-
ity, highlighting key priorities and facilitating more targeted interventions.

The within-region weighted Kendall correlation submatrix for the indi-
cators on the Pareto front of each cluster is presented in Table 1, while
their descriptions, population weighted mean performance percentages U ,
and eigenvector centrality measures V are provided in Table 2.
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sdg6_wastewat 1.00 0.12 0.13 0.22 0.16 0.22 0.20 0.20 0.18 0.00 0.22 -0.05 -0.13
sdg14_cpma 0.12 1.00 -0.12 -0.05 -0.08 0.08 0.01 0.23 0.20 -0.45 -0.27 0.17 -0.10
sdg9_rdex 0.13 -0.12 1.00 0.72 0.74 0.58 0.78 0.47 0.55 -0.10 -0.23 -0.67 -0.58
sdg16_cpi 0.22 -0.05 0.72 1.00 0.79 0.68 0.76 0.50 0.59 -0.08 -0.14 -0.65 -0.58
sdg9_articles 0.16 -0.08 0.74 0.79 1.00 0.60 0.78 0.55 0.61 -0.12 -0.28 -0.69 -0.64
sdg16_admin 0.22 0.08 0.58 0.68 0.60 1.00 0.66 0.66 0.63 -0.27 -0.33 -0.47 -0.64
sdg3_uhc 0.20 0.01 0.78 0.76 0.78 0.66 1.00 0.56 0.64 -0.04 -0.21 -0.60 -0.65
sdg2_stunting 0.20 0.23 0.47 0.50 0.55 0.66 0.56 1.00 0.69 -0.31 -0.48 -0.43 -0.62
sdg11_slums 0.18 0.20 0.55 0.59 0.61 0.63 0.64 0.69 1.00 -0.17 -0.37 -0.41 -0.77
sdg7_renewcon 0.00 -0.45 -0.10 -0.08 -0.12 -0.27 -0.04 -0.31 -0.17 1.00 0.43 0.02 0.23
sdg16_exprop 0.22 -0.27 -0.23 -0.14 -0.28 -0.33 -0.21 -0.48 -0.37 0.43 1.00 0.24 0.37
sdg12_pollprod -0.05 0.17 -0.67 -0.65 -0.69 -0.47 -0.60 -0.43 -0.41 0.02 0.24 1.00 0.44
sdg12_ewaste -0.13 -0.10 -0.58 -0.58 -0.64 -0.64 -0.65 -0.62 -0.77 0.23 0.37 0.44 1.00

Table 1: Within-region weighted Kendall correlation network of indicators in the Pareto
front of each cluster. Pareto-Cluster 1 is in bold.

In the following paragraph, we briefly interpret these results with refer-

25



Acronym Description U V
sdg6_wastewat Anthropogenic wastewater that receives treatment (%) 13.13 0.024
sdg14_cpma Mean area that is protected in marine sites important to biodiversity (%) 30.36 0.041
sdg9_rdex Expenditure on research and development (% of GDP) 31.27 0.114
sdg16_cpi Corruption Perceptions Index (worst 0-100 best) 35.76 0.117
sdg9_articles Articles published in academic journals (per 1,000 population) 37.22 0.121
sdg16_admin Timeliness of administrative proceedings (worst 0 - 1 best) 46.01 0.123
sdg3_uhc Universal health coverage (UHC) index of service coverage (worst 0-100 best) 47.39 0.124
sdg2_stunting Prevalence of stunting in children under 5 years of age (%) 52.17 0.129
sdg11_slums Proportion of urban population living in slums (%) 70.17 0.133
sdg7_renewcon Renewable energy share in total final energy consumption (%) 20.07 -0.055
sdg16_exprop Expropriations are lawful and adequately compensated (worst 0 - 1 best) 27.34 -0.087
sdg12_pollprod Production-based air pollution (DALYs per 1,000 population) 57.64 -0.095
sdg12_ewaste Electronic waste (kg/capita) 70.86 -0.130

Table 2: Acronyms, descriptions, weighted means of percentages of performance (U), and
eigencentrality scores (V ) for indicators in the Pareto front of each cluster. Pareto-Cluster
1 is in bold.

ence to the cluster specific subsets of Pareto optimal indicators.

4.3. Results interpretations and implications
Pareto-Cluster 1:. This cluster includes indicators related to governance,
R&D, health and urbanism, forming a strongly synergistic group with mul-
tiple high correlations (τw,R > 0.6). Key relationships include:

• Governance, Innovation, Health: Good governance, measured by low cor-
ruption (sdg16_cpi) and high administrative efficiency (sdg16_admin),
strongly correlates with R&D investment (0.72 and 0.68), scientific out-
put (0.79 and 0.60), and universal health coverage (0.76 and 0.66), in-
dicating that effective institutions support innovation and health [1, 48].
Additionally, R&D expenditure and scientific output each correlate at
0.78 with universal health coverage, suggesting that research investment
drives better health outcomes.

• Urban Development and Nutrition: The share of urban population living
in slums (sdg11_slums) strongly correlates with child stunting (sdg2_stunting)
at 0.69, showing how poor urban conditions hinder nutrition and health
[51]. With only 13.13% of anthropogenic wastewater treated (sdg6_wastewat),
urgent improvements in water infrastructure are needed to support sus-
tainable development and reduce inequalities.

Pareto-Cluster 2:. In our analysis, this cluster appears to link environmental
sustainability, circular economy, and institutional capacity. Although the
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correlations are moderate (around 0.4), they remain consistently positive:

• Pollution and Waste: Countries that reduce industrial pollution (sdg12_pollprod)
tend to manage electronic waste (sdg12_ewaste) more effectively, as shown
by a positive correlation of 0.44. Despite its specificity, e-waste stands
out as a critical leverage point, with a centrality score of –0.13, due to its
strong structural connections across multiple sustainability dimensions.

• Rule-of-law: Strong rule-of-law (sdg16_exprop) is positively associated
with improved e-waste recycling (correlation 0.37) and greater renewable
energy use (correlation 0.43), exposing the importance of legal certainty
for environmental outcomes [29]. Despite being Pareto optimal, both
indicators underperform globally (20.07% for renewable energy, 27.34%
for property rights), making them urgent priorities for policy action.

Cross-Cluster Trade-offs. Negative correlations between clusters highlight
several development dilemmas:

• Urban Development vs. Waste: The strong negative correlation of -0.77
between slum prevalence (sdg11_slums) and e-waste generation (sdg12_ewaste)
reveals that reducing slums often coincides with increased electronic con-
sumption and waste. This highlights the need to align urban development
with circular economy strategies to mitigate environmental trade-offs [43].

• Innovation vs. Pollution: Scientific output (sdg9_articles) and research
investments (sdg9_rdex) show strong negative correlations with indus-
trial pollution (sdg12_pollprod), at -0.69 and -0.67 respectively. This
suggests that innovation-driven industrial growth may increase pollution
unless accompanied by strict environmental regulations.

• Health vs. Waste: Universal health coverage (sdg3_uhc) is negatively
correlated with e-waste generation (sdg12_ewaste) at -0.65, suggesting
that improved health systems often coincide with higher consumption and
electronic waste. This reflects the growing use of medical technologies,
which, despite their benefits, contribute significantly to e-waste [42].

Policy Implications. To advance the SDG, strengthening governance should
be a core priority. Reducing corruption and improving administrative effi-
ciency can trigger cascading benefits such as boosting R&D, enhancing health
services, and improving urban conditions. Integrating urban infrastructure
with public health, clean water, and sanitation initiatives is key to reducing
inequalities and fostering well-being.
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At the same time, sustainability efforts must address both upstream pol-
lution and downstream waste. The positive link between industrial emission
control and e-waste management underscores the need for comprehensive en-
vironmental policy. Strengthening rule-of-law such as through secure prop-
erty rights and legal certainty, is vital for effective recycling and renewable
energy adoption. Environmental governance thus depends on broader insti-
tutional quality.

Finally, policymakers must anticipate trade-offs between socio-economic
gains and environmental sustainability. Urban upgrades and tech access can
increase waste and emissions. Responses should pair development with cir-
cular economy strategies such as urban mining and sustainable consumption,
while enforcing strong environmental regulations. Holistic, system-wide ap-
proaches are needed to align growth with long-term ecological responsibility.

5. Discussions and future works

This paper presents a robust, data-driven framework for analyzing in-
terlinkages among the SDG at the indicator level, offering a granular and
context-sensitive perspective on sustainability dynamics. By extending Kendall
rank correlation to incorporate both population weighting and regional speci-
ficity, and by integrating clustering and centrality measures within a uni-
fied system, the framework efficiently captures both synergies and trade-
offs across indicators. This consistent and integrated methodology generates
more actionable insights, helping to guide policymaking at global level that
balances urgency with influence. Furthermore, the framework’s use of Pareto
fronts and advanced visualization tools equips decision-makers with practi-
cal mechanisms to prioritize high-impact indicators, thereby supporting more
coherent and effective global sustainability governance.

Empirical results based on the SDR 2024 dataset reveal strong interlink-
ages between governance quality, innovation capacity, and health outcomes,
suggesting that effective institutions foster both research ecosystems and eq-
uitable health services. The analysis also highlights links between urban
conditions, nutrition, and access to clean water, reinforcing the foundational
role of infrastructure for human development. A second set of interconnec-
tions ties environmental sustainability to institutional strength, showing that
better rule-of-law frameworks support pollution control, waste management,
and renewable energy uptake. However, critical trade-offs emerge, as im-
provements in living standards often correlate with increased electronic waste
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and industrial emissions, underscoring the need for integrated strategies that
balance socio-economic progress with environmental stewardship.

Naturally, several limitations must be acknowledged. Firstly, our analysis
relies on a single global dataset, the SDR 2024 database [49]. Although this
source is widely used in SDG research [31, 25, 61], it is possible that some
of our findings reflect dataset specific biases or gaps. Issues related to data
availability, consistency, and comparability remain persistent challenges in
the field of SDG governance [46, 7]. Future work will apply our methodol-
ogy to additional global databases, such as those provided by the UN and
the World Bank, which feature a broader set of indicators and could help
robustify and extend our findings.

Secondly, like most studies on SDG interconnections [54, 61, 5, 28], our
framework identifies correlational rather than strictly causal relationships.
While the network of synergies and trade-offs offers valuable insights into
how indicators tend to move together, it does not establish causality. Conse-
quently, deeper analyses informed by local expertise are essential to support
our findings. Moving forward, we intend to explore causal dynamics by using
time series data and concepts such as Granger causality, following method-
ologies outlined in [54] and [33].

Thirdly, although our framework accounts for regional context through
weighting, the analysis remains primarily global. As such, the clusters and
priority indicators identified may not directly translate to national realities.
For example, a trade-off that appears significant globally might be mitigated
more easily in certain countries due to different policy frameworks or insti-
tutional capacities. To address this, future research will extend our method
to analyze SDG interlinkages at national or regional levels such as in [14].
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