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ABSTRACT

The United Nations’ ambitions to combat climate change and prosper human de-
velopment are manifested in the Paris Agreement and the Sustainable Develop-
ment Goals (SDGs), respectively. These are inherently inter-linked as progress to-
wards some of these objectives may accelerate or hinder progress towards others.
We investigate how these two agendas influence each other by defining networks
of 18 nodes, consisting of the 17 SDGs and climate change, for various groupings
of countries. We compute a non-linear measure of conditional dependence, the
partial distance correlation, given any subset of the remaining 16 variables. These
correlations are treated as weights on edges, and weighted eigenvector centralities
are calculated to determine the most important nodes.

We find that SDG 6, clean water and sanitation, and SDG 4, quality education,
are most central across nearly all groupings of countries. In developing regions,
SDG 17, partnerships for the goals, is strongly connected to the progress of other
objectives in the two agendas whilst, somewhat surprisingly, SDG 8, decent work
and economic growth, is not as important in terms of eigenvector centrality.

1 INTER-LINKED HUMAN AND NATURAL WORLDS

The state-of-the-art in sustainability is described by two United Nations (UN) landmark agendas, the
Paris Agreement (UN| 2015a) and the Sustainable Development Goals (SDGs) (UN|[2015b). Whilst
the former focuses on preventing a global climate crisis with far reaching consequences by limiting
global warming to 1.5 to 2°C above pre-industrial levels, the purpose of the latter is to end poverty,
protect the planet and ensure that all people enjoy peace and prosperity by 2030. Any action for the
progress on either agenda often has an influence on the other (UN Climate Changel |2019), reflecting
the complexity of the human and natural worlds.

This inter-linked nature gives rise to opportunities for the creation of synergistic interventions: civil,
corporate and institutional actions can efficiently create impact across both agendas, thereby im-
proving the world profoundly. On the other hand, this inter-linked construct can also be subject
to trade-offs between objectives, i.e., progress towards one agenda constrains progress towards the
other. In this work, we aim to discover how climate change, as measured by local temperature rises,
and the 17 SDGs are inter-linked by learning the structure of undirected graphs over these variables
from their (conditional) dependencies.

Adding climate change as an 18" variable is motivated by the observation that temperature rises (or
any other direct metrics of climate change) are not actually tracked within SDG 13 (climate action).
Indicators of SDG 13 only track inputs (such as investment), means (such as plans and strategies),
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and impacts (number of people affected by disasters), but they do not account for outputs, such as
changes in temperature or green house gas emissions

We use distance correlation (Székely et al.,|2007) as a measure of non-linear dependence between
variables of possibly varying dimensions. To account for possible interactions, each pair of variables
is conditioned on any subset of the remaining variables, and the minimum resulting distance corre-
lation is taken as the weight on an edge between these two variables. Subsequently, the weighted
eigenvector centrality of every node is calculated to measure its importance within the network.

In summary, the contributions of this paper include: first, the application of a non-linear measure
of (conditional) dependence to SDG data, thereby relaxing the linearity assumption on the nature of
interlinkages between the SDGs, compared to the work of |[Lusseau & Mancini|(2019); and secondly,
the use of eigenvector centrality as a relative measure which also takes the importance of a node’s
neighbours into account, as opposed to simple degree centrality as used by McGowan et al.|(2019).

2 METHODOLOGY

We use data provided by the World Bank (2020b) and the UN (2020) in form of time-series for
various indicators, which measure progress towards their associated SDGs, in conjunction with
temperature recordings (World Bank) 2020a)E] In total, these three sources provide 379 time-
series, which are available on a country-level with annual measurements from 2000 to 201
Apart from measurements for the 17 SDGs, we introduce climate change as an additional vari-
able which we define by annual average temperature per country. We consider these 18 variables
as the set of nodes V' of an undirected graph G. We learn the graph structure by computing par-
tial distance covariances (Székely et al.|[2014) between any pair (X, Y") of nodes, given any subset
Z C V \ (X,Y) of the remaining 16 nodes. This yields a sparsely-connected undirected graph
with weighted edges E capturing non-linear dependencies between variables. Using these weights,
we compute weighted eigenvector centralities (Newman), 2018] p.159; Appendix [A.2) to find the
most important nodes. Code to reproduce our findings and visualisations of networks may be found
online athhttps://github.com/felix—laumann/SDG-dataset!

2.1 DISTANCE COVARIANCE

Let X € R and Y € R?" be two random vectors with finite first moments, i.e., E[X], E[Y] < oo.
The distance covariance between X and Y, denoted by V?(X,Y), is a measure of dependence
between X and Y with the following important properties: (i) V2(X,Y’) > 0, with equality if and
only if X and Y are independent, i.e., it is a non-parametric measure that—unlike, e.g., standard
correlation—is able to pick up complex non-linear dependencies; (ii) V?(X,Y) = V3(Y, X), i.e.,
it is symmetric; and (iii) unlike many other dependence measures V?(X,Y") is well-defined even
for dx # dy. This last point makes it particularly useful for our setting where, due to the different
numbers of indicators per SDG, dimensionality varies considerably between variables.

Formally, the distance covariance between X and Y is defined as

VAX,Y) = [|fx.y(ts) — fx () fy (s)]I” := / \fxy(t,s) — fx () fy(s)|Pw(t,s)dt ds (1)
where w(t, s) := (|t\}iidx |s|zljdY )~L, and where the characteristic function f of a random variable
Z is denoted as fz(t) = E[e?*%] with i2 = —1.

The corresponding distance correlation R? is the normalised distance covariance, computed by

RA(X,Y) = { VV2AXX)V2(YY) it VX, XOVAYY) @
0, if VX, X)V2(Y,Y)=0.

Properties of R? include: (i) 0 < R?*(X,Y) < 1; and (ii)) R*(X,Y) = 1 if and only if there exists
a vector a, a non-zero real number b, and an orthogonal matrix C such that Y = a + bCX.

'Only recently (and after performing the present analysis) have “total greenhouse gas emissions” been
added as an output-quantifying indicator (13.2.2).

For detailed descriptions of indicators, seelhttps://sustainabledevelopment .un.org/sdgs

3We impute missing values (especially for the time 2000-2005) using a weighted average across countries
(where data is available) with weights inversely proportional to the Euclidean distance between indicators.


https://github.com/felix-laumann/SDG-dataset
https://sustainabledevelopment.un.org/sdgs
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Table 1: Comparison of eigenvector centralities between the Global South and the Global North
(left), and between Western Asia and Northern Europe (right). Results for all groupings can be
found in[B.2

Global South Global North Western Asia ~ Northern Europe

SDG6 048 SDG6 043 SDG6 048 SDG4  0.38
SDG4 042 SDG4 040 SDG4 036 SDG3 0.35
SDG7 038 SDG9 0.33 SDG 17 034 SDG6  0.30
SDG 17 037 SDG3  0.32 SDG3 033 SDG16 0.30
SDG3 026 SDG17 0.29 SDG16 032 SDG7 029
SDG 15 0.25 SDG7 0.27 SDG7 026 SDGY9 0.28

Since V2(X,Y') and therefore R%(X,Y) are defined in terms of the underlying joint distribution of
(X,Y) which is usually not known, we require a way to estimate them from data. Definitions of

biased and unbiased estimators, referred to as A and A, can be found in Appendix and
2.2 PARTIAL DISTANCE COVARIANCE

As we deal with graphs of 18 nodes, any pairwise covariance may occur through the remaining
16 nodes. Thus, we condition any pair of nodes (X,Y) on any subset Z C V' \ (X,Y) of the
remaining 16 nodes. The pairwise distances ¢;; = ||Z; — Z;|| and the distance matrix C;; for Z
are computed equivalently to A;; and B;; for X and Y as explained in Appendix [A.T.1} For any
number n > 4 of samples {(x;,y;,2;)}", from (X,Y,Z), we define a Hilbert space H,, over
distance matrices computed on these n points, with inner products (-, -) as defined in Appendix
@] (Székely et al., |2014). With this, we can compute partial distance covariances for random
vectors of varying dimensions as follows.

Let A(x), B(y) and C(z) be elements of the Hilbert space #,, corresponding to the distance ma-
trices computed using the samples x = (21,...,2n), ¥ = (Y1,..,Yn), and z = (21, ..., 2,), re-
spectively. The projection P,(x) of A(x) onto C(z) and the complementary orthogonal projection
P, (x) are defined by

(A(x),C(2)) ~ i i (A(x),C(2)) ~
P,(x):= —*—"C(z), and P,. (x):= A(x)—P,(x) = A(x)————""——"C(z), (3
= e oy O (9 = A~ P = Al) = 22 ), @)
respectively. The sample partial distance covariance is then defined as
V’I’2L(X7Y ‘ Z) = <Pzi(x)vpzi(y)> = ﬁ Z:;éj (pzL (X))” (1:)zL (y))U 4

Finally, we can normalise these covariances to arrive at the sample partial distance correlations

(P,1(x),P,1(y)) .
REX.Y |Z) = {lp()”lp()l if | P (3| 1P ()] # 0

. ; )
0, if | Ppr ()| |1 P (y) [ = 0

which serve as weights on edges between any two nodes.

3 RESULTS

We apply this methodology to the data set of the aforementioned 379 indicators for various groupings
of countries, for which countries are assumed to be independent samples. This assumption allows
us to see the indicators’ non-stationary time-series as d-dimensional probability distributions, where
d = #indicators x #years. Whilst we only describe the networks of a few groupings in this section,
we would like to refer to Appendix [B|for results on all groupings.

Firstly, we compare the Global South and the Global North (see Figure[T). The accompanied eigen-
vector centralities are shown in Table [} In both groupings, SDG 6, clean water and sanitation,
followed closely by SDG 4, quality education, are the most central objectives of the 18 variables.
In the Global South, temperature rises are more strongly dependent on variables than in the Global
North, which broadly aligns with King & Harrington| (2018) who find that geographical areas in
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Figure 1: Networks with weighted edges of (left) the Global South and (right) the Global North. The
minimum partial distance correlations between the two adjacent nodes X and Y, given any subset
Z CV\ (X,Y) are weights on edges.

the Global South are more vulnerable to climate change than regions in the Global North. Further,
SDG 1, no poverty, is strongly linked to SDG 14, life below water, in the Global South. This may
be explained by the dependence of small island developing states (SIDS)—all of which lie in the
Global South—on marine life to provide for their citizens’ living.

Contrarily, the Global North strongly depends on SDG 9, industry, innovation and infrastructure, to
maintain its citizens’ high levels of living standards and to further progress towards other SDGs, as
well as climate change mitigation and adaptation. Moreover, SDG 7, clean and affordable energy,
is closely related to SDG 15, life on land, which could result from the increasing area of biodiverse
land populated by wind turbines, solar panels, or water dams (e.g.,[Hernandez et al.| 2015).

Next, we compare two geographical regions, Western Asia and Northern Europe, shown in Figure 2]
with accompanied eigenvector centralities in Table[I] In Western Asia, SDG 6 together with SDG
4 are again the two most central nodes, but SDG 16, peace, justice and strong institutions, is also
important, likely to be associated with the unstable political circumstances in this area during the
period of recorded measurements. Additionally, SDG 5, gender equality, is strongly linked to SDG
17, partnerships for the goals, which coincides with the remarkably low percentage of women in
managerial positions in Western AsiaEl

In contrast, Northern Europe does not see a remarkable difference between the centralities of SDGs
6 and 4 to all others, but finds SDGs 4, 6, 3, and 17 with almost equivalently high centralities. As

Northern Europe
o= =3

distance correlation R

Figure 2: Networks with weighted edges of (leff) Western Asia and (right) Northern Europe. The
minimum partial distance correlations between the two adjacent nodes X and Y, given any subset
Z CV\ (X,Y) are weights on edges.

“In Saudi Arabia, for example, only 5 to 9% of managerial positions were held by women from 2000 to
2015, whereas this number fluctuated between 32 and 36% in the United Kingdom in the same period

(2020), indicator 5.5.2)
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in the Global North, industry, innovation and infrastructure are of particular importance to progress
towards the SDGs, and we fine that clean and affordable energy is closely linked to life on land.

We note, however, that most edges found in our network analysis are not statistically significant at
p = 0.05, using the test of Székely et al.|(2014)). This is likely linked to the high dimensionality of
the data and the short recording period. The present work is thus only a first step, and further analysis
is needed to better understand non-linear interlinkages between the SDGs and climate change.

4 CONCLUSIONS

We report findings of our work in progress towards discovering dependencies amongst the Sustain-
able Development Goals (SDGs) and climate change. As a first step, we compute partial distance
correlations between the 17 SDGs and climate change, as measured by indicators associated to the
SDGs and annual average temperature, respectively. Using these measurements of non-linear de-
pendence as edge weights in a network over these variables, we determine eigenvector centralities
to unveil which variables are of particular importance, given the available data. Our results indicate
that SDG 6, clean water and sanitation, together with SDG 4, quality education, are the most central
nodes in nearly all continents and other groupings of countries. In contrast to many contemporary
policies, our preliminary results suggest that economic growth, as measured by SDG 8, appears not
to play as central of a role for sustainable development or mitigating climate change as other SDGs.
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A APPENDIX A

A.1 DISTANCE COVARIANCE ESTIMATORS
A.1.1 BIASED ESTIMATORS

Suppose that we have access to a sample of pairs (21, Y1), -, (Tn, Yn) id Px y. First, define the

pairwise distances: a;; = |z; — x;|| and b;; = ||y, — y;|| Vi,j = 1,...,n. Next, define the
corresponding distance matrices, denoted by (A;;)7';_; and (B;;)7;_,, as follows:
PR LRSS ED DAYV E D DT ECY TR N o ©)
” 0, if i=j
and
b b Y by s D b, 0 i
B;; = : e (7N
0, if 1=7.
Having computed these, the sample distance covariance V2(X,Y") can be estimated by
V2(X,Y) Z Ayj Bij, ®)

3,j=1
which converges almost surely to the population distance covariance V?(X,Y') as n — oo (Székely
et al.l [2014).

A.1.2 UNBIASED ESTIMATORS

Unbiased estimators of the distance covariance are denoted as 2,,(z,y). Firstly, we must redefine

our distance matrices (A;;);;_; and (B;)} which we call (Aij)ﬁjzl and (Bij)?,jzl as

ij=1>
D 53 Dalm1 Gl — 553 Dkt Okt oy k=1 Gk § ©)
7ol it i=j
and

B — bij — i3 2oimn bit — iy Dope bij + (n= 1 Zkl 1w, i i (10)

* 0, if i=j.
Finally, we can compute the unbiased estimator ©2,,(X,Y") for V2(X,Y) as the dot product (A, B):

o 1 L

O (X,Y)=(A,B) = ——— S A;; B;; 11
( ) < > n(n _ 3) J J ( )

A.2 EIGENVECTOR CENTRALITY

For any graph G := (V, E), let K be the adjacency matrix of graph G with k,; equal to the weight
on the edge between node v and ¢. The eigenvector centrality = of node v is a measure relative to all

other nodes in G, defined as )
= 3 Z ko e, (12)

teg
where ) is the greatest eigenvalue in the eigenvector equation Kx = Ax, subject to x # 0. Conse-
quently, this centrality measure is an extension of the widely used degree centrality by considering
the centrality of its neighbours besides its own.
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B APPENDIX B

B.1 NETWORKS OF GROUPINGS
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B.2 EIGENVECTOR CENTRALITIES
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