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Abstract: ESG ratings are data-driven indices, focused on three key pillars (Environmental, Social,
and Governance), which are used by investors in order to evaluate companies and countries, in
terms of Sustainability. A reasonable question which arises is how these ratings are associated to
each other. The research purpose of this work is to provide the first analysis of correlation networks,
constructed from ESG ratings of selected economies. The networks are constructed based on Pearson
correlation and analyzed in terms of some well-known tools from Network Science, namely: degree
centrality of the nodes, degree centralization of the network, network density and network balance.
We found that the Prevalence of Overweight and Life Expectancy are the most central ESG ratings,
while unexpectedly, two of the most commonly used economic indicators, namely the GDP growth
and Unemployment, are at the bottom of the list. China’s ESG network has remarkably high positive
and high negative centralization, which has strong implications on network’s vulnerability and
targeted controllability. Interestingly, if the sign of correlations is omitted, the above result cannot
be captured. This is a clear example of why signed network analysis is needed. The most striking
result of our analysis is that the ESG networks are extremely balanced, i.e. they are split into two
anti-correlated groups of ESG ratings (nodes). It is impressive that USA’s network achieves 97.9%
balance, i.e. almost perfect structural split into two anti-correlated groups of nodes. This split of
network structure may have strong implications on hedging risk, if we see ESG ratings as underlying
assets for portfolio selection. Investing into anti-correlated assets, called as "hedge assets", can be
useful to offset potential losses. Our future direction is to apply and extend the proposed signed
network analysis to ESG ratings of corporate organizations, aiming to design optimal portfolios with
desired balance between risk and return.

Keywords: ESG ratings; network analysis; signed network; weighted network; centrality; centraliza-
tion; network density; structural balance; sustainable finance; sustainable investing

1. Introduction

How can we evaluate the performance of a business as “good”? Is it enough to see
the profits of the past years? What if the company’s profitable strategy results in depletion
of natural resources, pollution of the environment or burden on the local communities in
which it operates? If there was a competing business with less profitability, but having
a strategy that emphasizes in health, society and the environment, which one would we
choose to invest in? In recent years there is a rising global concern about the environment,
climate change and sustainability [1]. In this context, investment decisions are increasingly
influenced by their environmental impact and sustainability [2]. In the 1990s’ only a few
companies published data related to sustainability performance, while in 2020 about 92% of
S&P 500 companies and 70% of Russell 1000 companies published such data and reports [3].
ESG indices are used to evaluate the sustainability performance of a company or a country,
taking into account Environmental, Social, and Governance concerns [4–8]. In 2006, the UN
Principles for Responsible Investment (UNPRI) promoted the integration of ESG criteria
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into business and investment decisions. By the end of 2021, the adoption of such ESG
criteria for investment decisions exceeded 120 trillion dollars of assets under management
(AUM) among 3800 signatories of UNPRI [9].

From the investors’ side, the main question is: “Why are ESG data useful and how are
utilized for investment decisions?” The motivation of most investors in using ESG data
is mainly financial rather than ethical [4]. More specifically, 82% of executives working in
investing organizations believe that ESG data are financially important for the performance
of investment [4]. This is consistent with meta-analysis studies [5], which show that
ESG criteria have positive impact on corporate financial performance. Other important
implications of using ESG information in investment decisions is the mitigation of risk [10,
11] and portfolio performance [12,13] in times of crisis. Investors who use ESG data usually
adopt one of the following three investment strategies [4]: (a) engagement, which is based
on the voting power of shareholders, adopting the ESG methodology, in order to influence
investment decisions, (b) integration into stock valuation, which includes ESG criteria into
financial analysis, and (c) negative screening, which excludes certain assets based on ESG
criteria. However the successful integration of ESG information into the investment process
has some barriers [4], such as the following: (i) the lack of standards in reporting ESG
information, (ii) the lack of comparability across different companies or countries, (iii) the
cost of gathering and analyzing the data, (iv) ESG information published by firms are often
too general to be useful, and (v) the lack of quantifiable ESG information.

Besides companies and organizations, it is also important for investors to evaluate
entire countries with ESG indices. This is mainly because countries with low ESG rat-
ings have less credit worthiness. More specifically, CDS spreads [14,15] and bond yield
spreads [16,17] are negatively correlated with ESG ratings. ESG ratings provided by agen-
cies (MSCI, Beyond Ratings, Sustainalytics, etc.) may differ significantly in the case of
companies. This is due to different ways of measuring ESG performance; for example,
what is the scope of each ESG rating and what are the different components taken into
account [18]. On the other hand, in the case of countries, the ESG ratings have no significant
differences [19].

ESG ratings are data-driven indices, focused on three key pillars (Environmental,
Social, and Governance), which are used by investors in order to evaluate companies and
countries, in terms of Sustainability. A reasonable question which arises is how these
ratings are associated to each other. Network Theory provides the most well-known
mathematical framework for the analysis of interdependencies [20]. Networks consist of
nodes κ = 1, 2, . . . , N connected via links. In our work, the nodes represent the ESG indices,
while the links are weighted according to the Pearson correlation coefficient. As a result,
each link (κ, λ) is characterized by the corresponding weight wκλ, describing the sign and
the strength of relationship between the two nodes κ and λ. In this way, we construct
networks from the correlations between the ESG indices. The aim of our work is to analyze
these networks using some well-known tools from Network Science, namely, the following:
degree centrality of the nodes, degree centralization of the network, network density and
network balance. Degree centrality measures the extent to which a node is connected–
correlated with other nodes. Therefore, degree centrality gives us information about how
“central” a node is within the network, based on its connections–correlations with other
nodes. While degree centrality is a local index, referring to nodes, degree centralization
is a global index, referring to the network as a whole. More specifically, if there are a
few “central” nodes in the network, then the network is considered as “centralized” and,
therefore, the degree centralization is high. In this case, where the degree centralization of
the network is high, the dynamics of each node is highly interdependent on the dynamics
of the few central nodes, called “hubs”. Network density is also a global index, which
is defined as the ratio of the existing link weights to the maximum possible link weights
that may occur. In other words, density measures how dense the link weights are within
the network, expressing how much the different nodes/variables are interdependent. For
example, if a correlation network is sparse, this means that the nodes/variables are not
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highly interdependent. In other words, the dynamics of each node is weakly correlated
with the dynamics of the other nodes of the network. Network balance is also a global index,
originally defined for social networks, which measures the extent to which a network can
be separated into two groups of nodes, where intra-group weights are positive, and inter-
group weights are negative. Further clarification of the above tools, as well as their formal
mathematical definitions and relevant references, are provided in Section 2, Materials and
Methods.

It is said that, if Sustainable Development Indicators influence each other, then the
actions which are made to improve one specific indicator, may cause “synergies” (co-
benefits) or “impairments” (trade-offs) to others [21,22]. In the same line of thinking, the
rise or fall of some highly correlated ESG indices may trigger strong fluctuations in the rest
of the ESG ratings. This instability is translated into uncertainty for ESG-based investors.
Therefore, the study of correlations between ESG ratings with Network Theory is of high
importance, because, in this way, the most central, highly correlated, ESG ratings (nodes),
as well as the groups of similarly correlated or anti-correlated nodes, are clearly captured.
It is worth mentioning that this is the first analysis of correlation networks from ESG
ratings. Therefore, the contribution of our work to professionals and academics results from
providing the first insight into the structure of ESG interdependencies. More specifically,
we found that the Prevalence of Overweight and Life Expectancy are the most central ESG
ratings, while, unexpectedly, two of the most commonly used economic indicators, namely
GDP growth and Unemployment, are at the bottom of the list. Furthermore, China’s
ESG network has remarkably high positive and high negative centralization, implying
that there are only a few central, highly correlated, ESG indices. The most striking result
of our analysis was the finding that the ESG networks are extremely balanced, i.e., they
can be split into two anti-correlated groups of ESG ratings (nodes). Specifically, for the
USA, the ESG correlation network achieved 97.9% balance, i.e., almost perfect structural
split into two anti-correlated groups of nodes. This split of network structure may have
strong implications on hedging risk, if we see ESG ratings as underlying assets for portfolio
selection. This is because, investing in anti-correlated assets, called “hedge assets”, can be
useful to offset potential losses. The results of our work are presented in detail in Section 3,
Results and Discussion.

Network analysis of correlations is a well-established methodology, which has been
applied widely to several topics. For example, in financial networks, the analysis of the
relevant networks is useful for the study of risk contagion in financial markets [23–28],
while in brain networks, the relevant correlation networks have been analyzed as signed
graphs [29]. Recently, network analysis has been applied to the relationships between the
Sustainable Development Indicators. The United Nations adopted, in 2015, a plan of 17
Sustainable Development Goals (SDGs) and 169 associated targets, aiming to eradicate
poverty, protect the planet and ensure peace and well-being for all people by 2030 [30].
Of course, these goals are not independent. On the contrary, they influence each other,
in the sense that actions taken to improve one specific indicator, may cause “synergies”
(co-benefits) or “impairments” (trade-offs) to others [21,22]. For the analysis of the inter-
dependencies between the 17 SDGs, both qualitative and quantitative approaches have
been proposed. Concerning qualitative approaches, the International Council for Science,
published in 2015, was the first analysis of interconnections between the SDGs and their
associated targets [31]. After the work of Nilsson et al. [32], where a seven-point scale
(from −3 to +3) was introduced to assess the links between the goals, another important
analysis was published [33], where the authors specified the dependencies between the
SDGs and their associated targets, taking into account the seven-point scale of Nilsson et al.
Many papers rely on such qualitative estimations of the links, in order to construct relations
networks of the SDGs and their associated targets [22,34–36].

In addition to the aforementioned qualitative approach in analyzing the relationships
between Sustainable Development Indicators, there are also quantitative studies which
analyze correlation networks, constructed from Sustainable Development Indicators. More
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specifically, these correlation networks are usually based on Pearson or Spearman corre-
lation coefficient, and, therefore, they have both positive and negative link weights. As
a result, they are treated as signed networks [21,37–42]. Furthermore, causal networks
of Sustainable Development Indicators have also been constructed, based on Granger
Causality [43]. In this case, the networks are treated as directed graphs. The usual network
analysis includes node centralities, aiming to rank the importance of nodes (Sustainable
Development Indicators) in terms of their connectivity [21,37,40,41,44].

Our work provides the first quantitative network analysis of correlations between
ESG ratings, as estimated from the Pearson correlation coefficient, with data provided
by the World Bank. The constructed correlation networks are treated as signed weighted
graphs. Therefore, the usual network analysis (degree centralities of the nodes, degree
centralization of the network, network density) has been extended in order to be applicable
to signed weighted graphs. In addition to the above tools, we analyze the ESG correlation
networks in terms of Network Balance, which measures the extent to which there are
antagonistic (anti-correlated) groups of nodes in the network. The existence of antagonistic
groups of nodes was mentioned for networks constructed from sustainable development
indicators [21]. In the same line of thinking, we explore the existence of such “network
split” quantitatively, in networks constructed from ESG ratings.

The rest of the paper is structured as follows. In Section 2, we specify the economies
and the ESG indices to be studied, the relevant data, as well as how the networks are
constructed and assessed. In Section 3, we present the results from network analysis. In
Section 4, we summarize the concluding remarks and the impact of our findings.

2. Materials and Methods

We used the ESG dataset of the World Bank [45], which provides data on an annual
basis. We studied 25 ESG indices for 16 economies over a time period from 1990 to 2015, due
to data availability. The 16 economies are the following: (a) 13 countries (China, the United
Kingdom, the United States, Japan, Germany, Austria, Denmark, Finland, France, Greece,
the Netherlands, Norway, Sweden), (b) two economic associations (OECD, Euro Area), and
(c) High-Income Countries. The 25 ESG indices are categorized as follows: (i) 13 are related
to environmental concerns (Agricultural land, CO2 emissions, Electricity production from coal
sources, Energy imports, Energy use, Food production, Forest area, Fossil fuel energy consumption,
Methane emissions, Nitrous oxide emissions, Population density, Renewable electricity output,
Renewable energy consumption), (ii) 8 are related to social concerns (Fertility rate, Hospital beds,
Life expectancy, Mortality rate under-5, Population ages 65 and above, Prevalence of overweight,
Labor force participation rate, Unemployment), and (iii) 4 governance concerns (GDP growth,
Patent applications, Ratio of female to male labor force participation rate, Individuals using the
Internet). We studied the resulting correlation networks, where the nodes κ = 1, 2, . . . , N
represent the 25 ESG indices and the links are undirected and signed weighted according
to the Pearson correlation coefficient defined below.

Definition 1. Pearson Correlation Matrix C = (cκλ).

The Pearson Correlation Coefficient cκλ estimates the linear correlation between two
variables, namely κ and λ, as follows:

cκλ =
∑2015

t=1990[(xκ(t)−mκ)·(xλ(t)−mλ)]√
∑2015

t=1990(xκ(t)−mκ)
2·
√

∑2015
t=1990(xλ(t)−mλ)

2

where xκ(t) and xλ(t) are the observations of the two variables-ESG indices (nodes) κ and
λ correspondingly, while mκ and mλ are the corresponding mean values of observations.
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The resulting Correlation Matrix C = (cκλ) below is a square N × N = 25 × 25 matrix with
elements taking values −1 ≤ cκλ ≤ 1:

C = (cκλ) =


c11 c12 c13 · · · c1N
c21 c22 c23 · · · c2N
c31 c32 c33 · · · c3N

...
...

...
...

...
cN1 cN2 cN3 · · · cNN

 =


1 c12 c13 · · · c1N

c21 1 c23 · · · c2N
c31 c32 1 · · · c3N

...
...

...
...

...
cN1 cN2 cN3 · · · 1


Definition 2. Weight Matrix W = (wκλ).

The Weight Matrix W = (wκλ) is constructed from the correlation matrix C as fol-
lows. First, we eliminate the diagonal elements of the correlation matrix representing
autocorrelations. Second, we eliminate the off-diagonal elements of the correlation matrix
with weak correlations, namely cκλ ∈ [−0.1,+0.1]. This “threshold method” is standard
in correlation network analysis [27] in order to reduce the complexity and facilitate the
analysis and retain the most significant relationships. We tried different small thresholds
and we selected 10%, because, in this case, the weights variations were visualized more
clearly and the results were captured more easily. The weight matrix W has the following
form:

W = (wκλ) =


0 w12 w13 · · · w1N

w21 0 w23 · · · w2N
w31 w32 0 · · · w3N

...
...

...
...

...
wN1 wN2 wN3 · · · 0


where wκλ = 〚 cκλ /∈ [−0.1,+0.1]〛·cκλ.

The term
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=

{
1, if Q is True
0, if Q is False

The network, corresponding to weight matrix W, is signed weighted undirected with
no self-loops. From weight matrix W we can define the following relevant matrices.

Definition 3. Absolute Weight Matrix |W| = (|wκλ|).

The Absolute Weight Matrix |W| = (|wκλ|) is simply the absolute value of weight
matrix W. The corresponding network is positively weighted undirected with no self-loops.

Definition 4. Positive W+ =
(
w+
κλ

)
and Negative W− =

(
w−κλ

)
Weight Matrices.

The Positive Weight Matrix W+ =
(
w+

κλ

)
has the non-negative elements of weight

matrix W, while the Negative Weight Matrix W− =
(
w−κλ

)
has the non-positive elements

of weight matrix W. The elements of W+ and W− are defined correspondingly as: w+
κλ =

〚wκλ > 0〛·wκλ and w−κλ =〚wκλ < 0〛·wκλ, where the term 〚Q〛 is the Iverson bracket [46]
defined above. The two corresponding networks are weighted (positively for W+ and
negatively for W−) undirected with no self-loops.

We define below some useful metrics from Network Theory for assessing individual
nodes (local metrics), as well as for assessing the network as a whole (global metrics). We
also briefly present the concept of Balance for signed undirected networks.

Definition 5. Degree (Local Metric).
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The Degree degκ of node κ is defined [29] as the sum of links with all its first dis-
tinct neighbours, taking values within the interval [0, N− 1]. Degree measures the extent
to which a node is connected-correlated with other nodes. Therefore, degree gives us
information about how “central” is a node within the network, based on its connections–
correlations with other nodes. For weight matrices |W|, W+, W−, we define in Table 1
the corresponding weighted degrees of node κ, which also take values within the interval
[0, N− 1].

Table 1. Degree degκ of node κ.

Matrix Name Formula

|W| Absolute weighted degree deg|w|κ =
N
∑

ν=1
ν 6=κ

|wκν|

W+ Positive weighted degree deg[w]+
κ =

N
∑

ν=1
ν 6=κ

w+
κν

W− Negative weighted degree deg[w]−
κ =

N
∑

ν=1
ν 6=κ

∣∣w−κν∣∣

Definition 6. Degree Centrality (Local Metric).

The Degree Centrality DEGκ of node κ is defined [47] as the normalized degree degκ,
taking values within the interval [0, 1]. For weight matrices |W|, W+, W−, we define in
Table 2 the corresponding weighted degrees centralities of node κ, which also take values
within the interval [0, 1].

Table 2. Degree Centrality DEGκ of node κ.

Matrix Name Formula

|W| Absolute weighted degree centrality DEG|w|κ =
deg|w|κ
N−1

W+ Positive weighted degree centrality DEG[w]+
κ =

deg[w]+
κ

N−1

W− Negative weighted degree centrality DEG[w]−
κ =

deg[w]−
κ

N−1

Definition 7. Degree Centralization (Global Metric).

The Degree Centralization of a network is a key metric with values in the interval [0, 1],
which measures how central the most central node ξ is, in relation to how central all the
other nodes κ = 1, 2, . . . , N are [47]. While degree centrality is a local index referring to
nodes, degree centralization is a global index referring to the network as a whole. More
specifically, if there are a few “central” nodes in the network, then the network is considered
as “centralized” and, therefore, the degree centralization is high. The degree centralization
DEG of a network is defined [47] by the following fraction:

DEG =
∑N

κ=1(DEGξ −DEGκ)

N− 2

where: DEGξ = max
κ=1,2,...,N

{DEGκ}
The numerator is the sum of differences between the degree centralities of the most

central node ξ and all other nodes κ = 1, 2, . . . , N. The denominator is the theoretically
largest sum of such differences in any network of the same size. The theoretically largest
sum of such differences is achieved for the undirected “star” network topology. This
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network topology consists of one “star” (central) node ξ which has links with all other
“satellite” nodes (with maximal possible weight equal to one), and “satellite” nodes have
no links with other “satellite” nodes. In other words, for the undirected “star” network
topology, we have: DEGξ = N−1

N−1 = 1 and DEGκ = 1
N−1 for κ = 1, 2, . . . , N with κ 6= ξ.

For weight matrices |W|, W+, W−, we define in Table 3 the corresponding weighted
degrees centralizations of the networks, which also take values within the interval [0, 1].

Table 3. Degree Centralization DEG of the network.

Matrix Name Formula

|W| Absolute weighted degree centralization DEG|w| =
∑N

κ=1

(
DEG|w|ξ − DEG|w|κ

)
N−2

W+ Positive weighted degree centralization DEG[w]+ =
∑N

κ=1

(
DEG[w]+

ξ − DEG[w]+
κ

)
N−2

W− Negative weighted degree centralization DEG[w]− =
∑N

κ=1

(
DEG[w]−

ξ − DEG[w]−
κ

)
N−2

Definition 8. Network Density (Global Metric).

The Density of a network is also a key metric with values in the interval [0,1], which
measures how dense the link weights within the network are [47]. The density expresses
how much the different nodes/variables are interdependent. For example, if a correlation
network is sparse, this means that the nodes/variables are not highly interdependent. In
other words, the dynamics of each node is weakly correlated with the dynamics of the other
nodes of the network. The density DEN of a network is defined [47] as a fraction where
the numerator is the sum of existing off-diagonal link weights and the denominator is the
sum of maximal possible off-diagonal link weights. In other words, the denominator corre-
sponds to a theoretical complete network of the same size, where all off-diagonal links are
present (with maximal possible weight equal to one). For weight matrices |W|, W+, W−,
we define in Table 4 the corresponding weighted densities of the networks, which also take
values within the interval [0, 1].

Table 4. Network Density DEN.

Matrix Name Formula

|W| Absolute weighted density

DEN|w| =

∑N
κ=1

∑N

ν = 1
ν 6= κ

|wκν|


N·(N−1)

W+ Positive weighted density

DEN[w]+ =

∑N
κ=1

∑N

ν = 1
ν 6= κ

w+
κν


N·(N−1)

W− Negative weighted density

DEN[w]− =

∑N
κ=1

∑N

ν = 1
ν 6= κ

|w−κν|


N·(N−1)

As weight matrix W corresponds to a signed undirected network, it is interesting to
examine to what extent this network is balanced. We briefly present the concept of Balance
for signed undirected networks. Structural Balance Theory, proposed by Heider, was based
on triangles [48,49] within the context of social relationships and attitude change. Harary
and Cartwright formulated Heider’s theory mathematically, using signed undirected
networks [50,51]. A triangle is considered as “balanced” if the multiplication of the signs of
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the links is positive. As a result, a balanced triangle may consist of either three positive
links or two negative links with one positive link. Otherwise, the triangle is unbalanced.
The simplest way to measure network balance is to compute the fraction of balanced
triangles [51]. However, this way may not give a satisfactory measure of the global balance
of the network, i.e., a network may not be globally balanced, although all triangles are
balanced [52].

In this paper, we are interested in measuring network balance based on frustration.
That is because frustration-based balance measures how close the network is to a structural
split of two groups, where intra-group weights are positive and inter-group weights are
negative (Figure 1). Each node has one of two possible colors, for example, either black
or blue, as illustrated in Figure 1. Frustrated links are defined as the links that are either
negative intra-group (links 1–2 and 7–9 in Figure 1b) or positive inter-group (link 5–6 in
Figure 1b). In this way, Frustration F is defined as the smallest number of frustrated links
over all possible 2-colorings of the nodes (black–blue) of a network.
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Figure 1. Illustration of a balanced (left) and an unbalanced (right) network. The left network (a) is
balanced because it is structurally split into two groups, where all intra-group weights are positive
and all inter-group weights are negative. On the contrary, the right network (b) is not balanced due
to three “frustrated” links, namely: 1–2 (negative intra-group link), 7–9 (negative intra-group link),
and 5–6 (positive inter-group link).

Definition 9. Network Balance (Global Metric).
The Balance of a network is defined based on Frustration F, taking values from 0 (perfect
unbalance) to 1 (perfect balance) as follows:

BAL[w] = 1− F

∑N
κ=1

∑N
ν = 1
ν 6= κ
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For more details on measuring network balance based on frustration, we refer to the

work of Aref [53]. The calculations were implemented computationally using the relevant
“signet” package [54] in R programming language.

3. Results and Discussion

In this section we present and discuss the results of our analysis. More specifically,
in Section 3.1 we present the results for individual nodes, the ESG indices (local analysis),
based on degree centrality and egonets. In Section 3.2 we present the results for each network,
the economy as a whole (global analysis), based on degree centralization, network density, and
network balance. We make specific remarks in order to highlight notable results. For data
analysis and visualization, we used the R programming language and relevant packages
available on CRAN [55].
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3.1. Local Analysis (Degree Centrality, Egonets)

In this subsection, we are interested in identifying which ESG ratings are the most
central, playing a key role, within ESG correlation networks. This research question is
addressed, based on the degree centrality of the ESG indices (nodes), for all 16 economies
examined. The resulting data are summarized and visualized in relevant heatmaps, for the
case of (a) absolute, (b) positive, and (c) negative degree centrality. The key finding is that
the ESG index, Prevalence of overweight, is the most central in all 16 economies examined.
Therefore, we are interested in examining more closely the relevant egonets, aiming to
identify with which nodes the correlation is positive or negative. We present indicatively
the egonets for 8 economies: China, the USA, the Euro Area, the UK, the OECD, High
Income, Japan, Germany. The remarks from local analysis are the following.

Remark 1. Prevalence of Overweight and Life Expectancy are the most central ESG ratings, while,
unexpectedly, GDP Growth and Unemployment are at the bottom of the list.

Focusing on ESG indices, we can observe Figure 2 by rows. More specifically, from
Figure 2a we observe that health-related ESG ratings are the most central nodes, in terms of
absolute weighted degree centrality, in all 16 economies examined. The most central ESG
ratings are: Prevalence of overweight and Life expectancy. In addition, other health-related
ESG ratings with high centrality are: Population ages 65 and above and Mortality rate under-5.
Concerning emissions, Methane emissions and Nitrous oxide emissions are central nodes for
all 16 economies examined, while, on the contrary, CO2 emissions is not always a central
node. It is interesting to observe that the Ratio of female to male labor force participation
rate, as well as the Individuals using the Internet are central nodes for all 16 economies
examined. Concerning energy consumption, Fossil fuel energy consumption and Renewable
energy consumption are central nodes for most of the economies examined.

Concerning low centrality nodes, it is striking to observe that two of the most com-
monly used economic indicators, namely GDP growth and Unemployment, are at the bottom
of the list (Figure 2a). In the same direction, it is unexpected to observe that Energy use and
Energy imports are also low centrality nodes, for most economies examined.

Remark 2. China has specific ESG ratings with remarkably high positive or high negative centrality.
The existence of such “positive or negative hubs” was not observed in other economies examined.

Focusing on economies, we can observe Figure 2 by columns. More specifically,
from Figure 2b we observe that China has specific ESG ratings with remarkably high
positive centrality (positive hubs), as, for example: Prevalence of overweight, Life expectancy,
Individuals using the Internet, Population ages 65 and above, Fossil fuel energy consumption, Patent
applications, Energy imports, Energy use, and, surprisingly Unemployment. Similarly, from
Figure 2c, we observe that specific ESG ratings have remarkably high negative centrality
(negative hubs), as, for example: Ratio of Female to male labor force participation rate, Renewable
energy consumption, Labor force participation rate, Mortality rate under-5. The existence of
such “positive or negative hubs” was not observed in other economies examined. This
different pattern for China may be understandable, as China’s economy has unique features,
following a different path for development and social organization [56]. In addition, the
growth rate of China’s economy has been about 8%, on average, since 1978 [57]. Moreover,
both labor force participation rate and total factor productivity grew rapidly during this
period [57].
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Figure 2. Heatmaps illustrating the Degree Centrality of the 25 ESG indices (nodes) for the
16 economies, in case of: (a) absolute weight matrix |W|, (b) positive weight matrix W+, and
(c) negative weight matrix W−.

Remark 3. The most central ESG index, “Prevalence of Overweight”, is positively correlated with
nodes “Individuals using the Internet” and “Ratio of female to male labor force participation rate”,
in almost every economy examined.

From the egonets of Figures 3 and 4, we observe that the Prevalence of Overweight is
positively correlated with many ESG indices; for example, Life expectancy, Individuals using
the internet, Ratio of female to male labor force participation rate and Population density. On the
other hand, Mortality rate under-5, Methane emissions, Nitrous oxide emissions and Agricultural
land are negatively correlated with Prevalence of Overweight. Generally speaking, in most
economies, Prevalence of Overweight is positively correlated with 11 out of 24 ESG ratings,
while, on the contrary, it is negatively correlated with 9 out of 24 ESG ratings (Appendix A,
Egonets in Supplementary Material).
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3.2. Global Analysis (Degree Centralization, Network Density, Network Balance)

In this subsection, we are interested in identifying which economies have the most
centralized, or the densest, ESG correlation network. In other words, in this subsection,
we are interested in the global characteristics of the ESG networks, as a whole. The above
research question was addressed, based on degree centralization and network density,
for all 16 economies examined. As the ESG correlation networks are signed (having both
positive and negative weights), we are also interested in examining to what extent these
networks are balanced, in the sense that they can be split into two negatively correlated
groups of ESG ratings. This property in signed networks may have strong implications
on hedging risk, if we see ESG ratings as underlying assets for portfolio selection [58–65].
The resulting data are summarized and visualized in relevant bar plots and heatmaps. The
remarks from global analysis are the following.

Remark 4. China’s ESG correlation network has remarkably higher positive and negative central-
ization compared to other economies, with strong implications for its vulnerability and targeted
controllability. Interestingly, if the sign of correlations is omitted, this result cannot be captured.

From Figure 5b,c, we observe that China’s ESG correlation network has remarkably
higher positive and negative centralization, compared to other economies, which is under-
standable due to the existence of “positive and negative hubs” (Remark 2). This finding has
strong implications for the vulnerability and targeted controllability of China’s ESG correlation
network. A fundamental result in network theory is that the transmission of shocks, and
therefore the vulnerability of the network, is related to structure, with centralized networks
(in-homogeneously connected) being the most fragile [66]. In addition, it is well-known
that centralized networks (heterogeneously connected) are target controllable [67]. In our
context, this is understandable in the following way: targeted shocks, originating from pos-
itive and negative hubs, may propagate fluctuations to other nodes (ESG indices), resulting
in the destabilization of the corresponding ESG network. Positive hubs control the network
via positive correlations, while negative hubs control the network via negative correlations.

On the other hand, concerning economies with low centralization, the ESG correla-
tion networks of France, Denmark and the USA have the lowest positive and negative
centralization (Figure 5b,c). Thus, they are robust to targeted control and manipulation.

Interestingly, if the sign of correlations is omitted, the above result cannot be captured.
More specifically, in Figure 5a, the centralization scores for all 16 economies are similar,
with China at the bottom of the list. In other words, if the sign of correlations is omitted,
valuable information may be lost. This is a clear example of why signed network analysis
is needed, without leaving aside the sign of correlations. This is the key methodological
novelty of our work compared to other analyses, especially in financial networks, where
the sign of correlations is eliminated with mathematical tricks, like the similarity distance
dκλ =

√
2·(1− cκλ), which maps the values of the Pearson correlation coefficient cκλ ∈

[−1, 1] to the non-negative interval dκλ ∈ [0, 2] monotonically.
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negative weight matrix W−.

Remark 5. ESG correlation networks are quite dense. China has high positive density, which
contributes further to the controllability of its ESG network.

From Figure 6a, we observe that the ESG correlation networks are quite dense, for all
16 economies examined. This means that ESG ratings are significantly correlated with each
other. This finding is stronger for China, Germany, the Euro Area, the OECD, the USA, and
weaker for Scandinavian Countries (Sweden, Finland, Norway). For negative density, we
observe that all economies have similar values (Figure 6c).

From Figure 6b, we observe that China has remarkably higher positive density com-
pared to other economies, which means that many ESG ratings (nodes) are moving similarly
towards the same direction. It is well-known that dense networks are more controllable [68].
Taking into account the discussion in Remark 4, this dense structure of positive correlations,
makes the ESG network of China even more controllable.

It is interesting to note that, for the absolute weighted density (Figure 6a), the ordering
of the 16 economies is the exact opposite of the ordering observed for the absolute weighted
degree centralization (Figure 5a).
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Figure 6. Barplots illustrating the Density of the ESG correlation networks for the 16 economies, in
case of: (a) absolute weight matrix |W|, (b) positive weight matrix W+, and (c) negative weight
matrix W−.

Remark 6. The ESG correlation networks are extremely balanced, i.e., they are split into two
negatively correlated Groups of ESG ratings (nodes).

From Figures 7 and 8, we observe that the ESG correlation networks are split into two
negatively correlated groups of nodes. In other words, the intra-group weights are positive,
while, on the contrary, the inter-group weights are negative. This finding was confirmed
in all 16 economies examined (Weight Matrices in Supplementary Material). We specified
the ESG ratings (nodes) of the two anti-correlated groups. For most of the economies
examined, the first group (Group A) includes: Labor force participation rate, Prevalence of
overweight, Life expectancy, Individuals using the Internet, Ratio of female to male labor force
participation rate, Population density, Renewable energy consumption, Patent applications. The
second anti-correlated group (Group B) includes: Mortality rate under 5, Methane emissions,
Nitrous oxide emissions, Agricultural land, Fossil fuel energy consumption. More details about
the two anti-correlated groups of ESG ratings (nodes) are presented in Appendix B.
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We quantify, with Frustration-based Balance (Definition 9) [53], how close the networks
are to a perfect structural split of two anti-correlated groups of ESG ratings (nodes). The
results are presented in Figure 9, where it is striking to observe that ESG correlation
networks are extremely balanced, about 90%, on average, for all 16 economies examined.
It is impressive that the USA’s network achieved almost perfect balance (97.9%, Figure 9),
i.e., almost perfect structural split (Figure 7b). This split of network structure may have
strong implications on hedging risk, if we see ESG ratings as underlying assets for portfolio
selection. More specifically, investing into anti-correlated assets, called “hedge assets”, can
be useful to offset potential losses [58–65].

AppliedMath 2022, 2, FOR PEER REVIEW 16 

 

 

 
Figure 8. Heatmaps illustrating the positive and negative correlations among the 25 ESG indices 
(nodes), based on weight matrix W, in case of: (a) OECD, (b) High Income, (c) Japan, (d) Germany. 

 
Figure 9. Bar plot illustrating the Frustration-based Balance of the ESG correlation networks for the 16 
economies, based on weight matrix W. 

4. Conclusions 
The research purpose of this work was to provide the first analysis of correlation 

networks, constructed from ESG ratings of selected economies. We examined 25 ESG 

Figure 9. Bar plot illustrating the Frustration-based Balance of the ESG correlation networks for the
16 economies, based on weight matrix W.

4. Conclusions

The research purpose of this work was to provide the first analysis of correlation
networks, constructed from ESG ratings of selected economies. We examined 25 ESG
indices for 16 economies for a time period from 1990 to 2015. The ESG dataset was
provided by the World Bank. For each economy, the relevant correlation network was
constructed as follows: the ESG indices correspond to nodes, and the links between the
nodes are signed weighted according to the Pearson correlation coefficient. We assessed the
resulting correlation networks with selected metrics for individual nodes (local analysis),
as well as for the network as a whole (global analysis).

Concerning local analysis, the main finding was that Prevalence of Overweight and
Life Expectancy are the most central ESG ratings (Remark 1). Generally speaking, health-
related ESG ratings are the most central nodes. On the other hand, it was striking to
observe that two of the most commonly used economic indicators, namely GDP growth
and Unemployment, are at the bottom of the list. Although at first these findings surprised
us, after reviewing the relevant literature, we found that many studies emphasize the
significance of a healthy workforce [69–71]. More specifically, there is a strong impact
of obesity in labor productivity and health costs [72–74]. Considering the importance of
the health factor, it has been proposed to add H to ESG, as H-ESG [75], and our findings
seem to agree with this direction. In addition, ESG agencies, like MSCI, Beyond Ratings,
and Sustainalytics, are also in accordance with our results: (a) Life Expectancy is one of
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the most important ESG indices, and (b) GDP growth has limited influence on the overall
score of a country [19]. Another interesting result concerning Prevalence of Overweight is
that it is positively correlated with nodes Individuals using the Internet and Ratio of female
to male labor force participation rate in almost every economy examined (Remark 3). We
make a special mention of the case of China, as the results of our analysis are slightly
different, compared to those of other economies. China has specific ESG ratings with
remarkably high positive or high negative centrality (Remark 2). The existence of such

“positive or negative hubs” was not observed in other economies examined. The most notable
example is Unemployment: while in all other economies the centrality of Unemployment is
negligible, for China Unemployment is one of the most central nodes. This different result
for China may be understandable, as China’s growth rate has been about 8%, on average,
since 1978 [57], while additionally, the labor force participation rate and the total factor
productivity grew rapidly during this period [57].

Concerning global analysis, we found that China’s network has remarkably higher
positive and negative centralization compared to other economies (Remark 4), which is
understandable of course, due to the existence of “positive and negative hubs”, mentioned
above. It is important to note that this high centralization of China’s network, has strong
implications on network vulnerability [66] and targeted controllability [67] in the following
way: targeted shocks, originating from positive and negative hubs, may propagate fluctuations
to other nodes (ESG indices), resulting in the destabilization of corresponding networks.
Interestingly, if the sign of correlations is omitted, the above result cannot be captured. This
is a clear example of why signed network analysis is needed, without leaving aside the
sign of correlations. This is the key methodological novelty of our work. In addition to
high centralization, we found that China’s network also has high positive density, which
contributed further to the controllability [68] of its ESG network (Remark 5). Generally
speaking, the ESG correlation networks are quite dense for all economies examined.

The most striking result of our analysis comes from global analysis, and concerns
frustration-based Network Balance (Definition 9) [53]. As the ESG correlation networks are
signed, having both positive and negative weights, we were interested in examining to what
extent these networks were frustration-based balanced, in the sense that they can be split into
two negatively correlated groups of nodes (ESG ratings). Surprisingly, we found that the ESG
networks of all economies examined are extremely balanced, about 90% on average (Remark
6). It was impressive that the USA’s network achieved almost perfect balance (97.9%), i.e.,
almost perfect structural split. This split of network structure may have strong implications
on hedging risk, if we see ESG ratings as underlying assets for portfolio selection. More
specifically, investing into anti-correlated assets, called “hedge assets”, can be useful to offset
potential losses [58–65]. Investigating further this structural split of ESG networks, we also
specified the nodes (ESG ratings) of each anti-correlated group (Remark 6).

Our work provides new valuable insights concerning the structure of ESG correlation
networks, by using signed weighted network analysis. Our future direction is to apply
and extend the proposed signed network analysis to ESG ratings of corporate organizations,
aiming to design optimal portfolios with desired balance between risk and return (greatest
possible returns with acceptable risk or lowest risk given a certain return).
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Appendix A

Positively and Negatively correlated ESG ratings (nodes) with the Prevalence of Overweight

Positively Correlated Negatively Correlated

ESG rating (node)
Relative

Frequency
ESG rating (node)

Relative
Frequency

Life expectancy 16/16 economies Mortality rate under 5 16/16 economies

Individuals using the internet 16/16 economies Methane emissions 15/16 economies

Population ages 65 and above 16/16 economies Nitrous oxide emissions 15/16 economies

Ratio of female to male
labor force participation rate

15/16 economies Agricultural land 14/16 economies

Population density 15/16 economies Hospital beds 14/16 economies

Forest area 15/16 economies
Fossil fuel energy

consumption
13/16 economies

Renewable electricity output 14/16 economies
Electricity production

from coal sources
13/16 economies

Renewable energy
consumption

14/16 economies GDP growth 13/16 economies

Patent applications 12/16 economies CO2 emissions 11/16 economies

Labor force participation rate 12/16 economies Energy use 8/16 economies

Food production 10/16 economies Fertility rate 8/16 economies

Energy imports 7/16 economies Energy imports 6/16 economies

Fertility rate 7/16 economies Unemployment 6/16 economies

Energy use 6/16 economies Food production 5/16 economies

CO2 emissions 5/16 economies Patent applications 4/16 economies

Unemployment 5/16 economies Labor force participation rate 4/16 economies

Fossil fuel energy
consumption

3/16 economies
Renewable energy

consumption
2/16 economies

Electricity production
from coal sources

3/16 economies Population ages 65 and above 1/16 economies

Methane emissions 1/16 economies Forest area 1/16 economies

Agricultural land 1/16 economies Renewable electricity output 1/16 economies

Hospital beds 1/16 economies
Ratio of female to male

labor force participation rate
1/16 economies

GDP growth 1/16 economies

Nitrous oxide emissions 1/16 economies

https://databank.worldbank.org/source/environment-social-and-governance
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Appendix B

Two negatively correlated Groups of ESG ratings (nodes)

Group A Group B

ESG rating (node)
Relative

Frequency
ESG rating (node)

Relative
Frequency

Labor force participation rate 14/16 economies Mortality rate under 5 13/16 economies

Prevalence of overweight 13/16 economies Methane emissions 12/16 economies

Life expectancy 13/16 economies Nitrous oxide emissions 12/16 economies

Individuals using the internet 13/16 economies Agricultural land 11/16 economies

Population ages 65 and above 12/16 economies Hospital beds 10/16 economies

Population density 12/16 economies GDP growth 10/16 economies

Forest Area 12/16 economies
Fossil fuel energy

consumption
10/16 economies

Ratio of female to male
labor force participation rate

12/16 economies
Electricity production

from coal sources
9/16 economies

Renewable energy
consumption

11/16 economies

Patent applications 11/16 economies

Energy imports 10/16 economies

Renewable electricity output 10/16 economies
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