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Abstract
International environmental agreements which promote cooperation among countries
represent a key instrument to limit environmental degradation that crosses national borders. Since 1970, the number of agreements has increased rapidly. As of 2015, 1998
treaties were signed in total by 238 countries. Little is known about the overall structure
and the dynamics governing the web of environmental treaties. This paper takes a descriptive approach and uses network analysis to study the main features characterising the
institutional system of environmental treaties. Using a unique data set drawn from Ecolex
with detailed information on the multilateral environmental treaties signed over the period
1868-2015, we are able to identify some suggestive facts. First, the network of signatory
countries becomes increasingly dense over time, indicating that countries interacted with
each other more and more intensively. Second, countries were not isolated when coping
with environmental issues. Third, over the past decades, the weighted shortest path length
has been decreasing to a low level, which means that information concerning environmental treaties could travel more efficiently between countries. Fourth, based on the overall
network in 2015, France appears to have played a crucial role in controlling the flow of
information among countries. In addition, according to the ranking in the closeness centrality measure, France could disseminate its ideas more quickly and, consequently, could
easily exert influence on other countries in the institutional system. This result provides
support for further investigation into the extent to which France can influence the adoption
of environmental treaties by other countries. This paper is part of a broader research agenda
that aims to analyse the economic, political and cultural drivers of patterns of cooperation
between countries in the environmental sector.

1. Introduction
Environmental treaties among different political jurisdictions play a key role in achieving the
Sustainable Development Goals outlined in the 2030 Agenda [1] and in addressing the global
environmental changes which require the cooperation of a global set of actors. Recent decades
have witnessed a significant increase in the number of environmental treaties reaching a total
of almost 2000 in 2015. The number of signatory countries has also increased constantly over
time, from 6 in 1869 to 238 in 2015. A complex institutional system has emerged globally
in the context of environmental policy, with different sets of countries participating in some
treaties but not in others. Little is known about the features characterising this system. Yet, a
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better understanding of its structure and dynamics would provide useful insights to evaluate the
effectiveness of global environmental governance.
In the last three decades, international environmental agreements have received a considerable attention in the economics literature. The seminal papers by Carraro and Siniscalco [2] and
Barrett [3] proposed a game theoretic approach to study the decision of countries to participate
in environmental treaties. These papers have spurred the development of a large theoretical
literature on treaty ratification behaviour, which has enriched the original models introducing
different types of dynamics and sets of strategies (see [4], for a review). Recently, Wagner [4]
proposed and estimated the first model to explain the timing of ratification across countries.
The empirical literature on international environmental cooperation is more scant and so far
has mainly used a reduce-form type of estimation [5] [6].1
Our paper takes a step back and provides a first glimpse of the overall structure of international environmental agreements, by using the tools of network analysis. This approach allows
us to uncover patterns of international cooperation in the environmental sector.
Network science provides a novel and effective way to analyse complex system, by analysing
the nodes in the network and their interaction. The theories of the small-world effect proposed
by Watts and Strogatz [7] in 1998 and the scale-free network found by Barabasi and Albert [8]
in 1999 have promoted the development of network science, which has been extensively applied to analyse various real-world networks, including technological networks, such as the
Internet, the power network, and social networks such as the scientist collaboration network,
actor network and the occurrence network. Network analysis allows to study the topological structure and dynamics of complex networks, as well as various phenomena in complex
network systems, including synchronisation, diffusion and emergence [9].
To our knowledge, Kim [10] is thus far the only study which has adopted a network-based
approach to multilateral environmental agreements, based on the idea that the environmental
policy system can be formalised as a complex system of treaties. In particular, he constructed
a citation network including 747 nodes, each representing a distinct multilateral environmental
agreement, and 1, 001 links, each referring to a cross-reference from one agreement to another.
Findings on the structure of this network have suggested that the international environmental
governance system is characterised by a rather cohesive polycentric legal structure.
Our study proposes a different approach. We analyse the topology of the network of countries that signed multilateral environmental agreements. We find that the co-signatory network,
i.e., the network of countries signing an agreement, has become increasingly dense over time,
indicating that countries interacted with each other more intensively. The system did not fragment into isolated components when coping with environmental problems. In addition, over
the past decades, the weighted shortest path length has been decreasing to a low level (about 2.3
in 2015). This suggests that the distance between countries has become shorter, which has enabled information related to environmental treaties to transfer more quickly and at a lower cost.
Moreover, the weighted global clustering coefficient has been increasing to a high level (about
0.990 in 2015), thus suggesting that the system has become increasingly rich in third-party
relationships and locally dense neighbourhoods.
Finally, we compute rankings of countries according to various measures of network centrality. Our results suggest that in 2015 France played the most important role in controlling the
spread of information among other countries (i.e., it has the highest value of betweenness centrality). Moreover, based on the ranking by closeness centrality, it can be argued that France
could disseminate its ideas more quickly and, consequently, could easily exert influence on
1 With the exception of Wagner (2016), who proposes a structural estimation of ratification decision using a
cross section of ratification times.
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other countries in the institutional system. This result provides support for further investigation
into the extent to which France can influence the adoption of environmental treaties by other
countries.
The study is part of a wider research agenda which will investigate how countries influence
each other in the adoption of environmental agreements and ultimately the economic, political
and cultural drivers of environmental cooperation between countries. This paper will proceed
as it follows: the next section describes the data and the methodology; the evolution of the
topology of the global network is analysed in the third section; in the fourth section, we investigate the topological structure of the network and the centrality of countries considering all the
environmental treaties in our sample up to 2015. Section five will provide concluding remarks.

2. Data and methodology
2.1 Data
We use a unique database from Ecolex [11], which consists of detailed information on 1, 998
environmental treaties signed by 238 jurisdictions between 1868 to 2015. Treaties are categorised as multilateral or bilateral. For each treaty we have information on the signatory
countries, the date of entry and date of ratification of the treaty, the depositories of the treaty
and the main object of the treaty (e.g., conservation, deforestation, climate, water resources,
etc.). The number of treaties that have different types of key dates are listed in Table 1, while
Fig. 1 shows the treaty distribution in terms of different subjects.
Table 1: Basic information of the dataset
Content
Total number of treaties
Total number of jurisdictions
Number of treaties that have date of entry into force or ratification
Number of treaties that have date of entry into force or ratification or simple signature
Number of treaties that have no information of dates

Figure 1: Treaty distribution in terms of subjects
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Value
1998
238
560
579
1411

For our analysis, we select a sub-sample of treaties signed by countries and not by other
jurisdictions such as international organisations, dependent territories and sub-state territories.
We exclude from our sample treaty-country observations for which there is neither information
on the date of entry into force nor on the date of ratification. Also, countries that at a certain
point in time have withdrawn from a given treaty are not considered as part of the treaty. Our
final sample comprises 559 environmental treaties signed over the period 1950-2015, by 200
countries.
Figure 2: Number of signatory countries per treaty

(a) Average number of countries per treaty (b) Distribution of the number of countries per
(1950-2015)
treaty in different years

Figure 3: Number of treaties per country

(a) Average number of treaties per country (b) Distribution of the number of treaties per
(1950-2015)
country in different years

Basic statistics are shown in Fig. 2 and Fig. 3. Over the period the average number of
signatory countries per treaty rose gradually from 17 in 1950 to 32 in 2015, as it is shown in
Panel (a) (blue line) of Fig. 2. However in Panel (b) of the same Figure, one can see that the
distribution of the number of signatory countries per treaty has become very skewed over time,
with the emergence of few treaties signed by a large number of countries (>75), suggesting that
the number of global agreements has increased over time. At the same time, since 1950 there
has been a significant increase in the number of treaties with less than 10 signatory countries.
Panel (a) (blue line) of Fig. 3 shows that the average number of signed treaties per country
4

grew gradually since 1950. In particular, between 1992 and 2008 it grew almost linearly from
33 to 79, experiencing only recently a slower growth. Panel (b) in Fig. 3, shows that most
countries have a small number of treaties, with few countries being very active and signing a
large number of treaties. However, the peak gradually decreases and moves to the right over
time, indicating that the number of treaties per country increases over time. Overall, Fig. 2 and
Fig. 3, show that the number of large treaties has increased over time together with the number
of countries becoming more active in signing environmental treaties. The UN has played an
important role in influencing these trends, getting its members to sign a significant number of
global agreements. In fact, since it was established in 1945, the UN has promoted over 100
environmental treaties. However, Panels (a) of Fig. 2 and Fig. 3 clearly show that the patterns
outlined above do not change when we exclude treaties promoted by the UN.

2.2 Methodology
We use network theory to examine the emerging structure of environmental treaties at a global
scale, with the aim to understand the relationships between signatory jurisdictions. In particular, we study the network linking countries that co-sign environmental agreements. To this end,
we first construct a bipartite network that connects treaties to countries, as shown in Fig. 4. We
then obtain the co-signatory network between countries, by constructing a one-mode projection of the bipartite network. In particular, the vertices of the co-signatory network represent
the countries, and a link is established between any two countries if there exists at least one
common treaty signed by them. A weight is assigned to each link in the network to construct
a weighted network based on the methodology proposed by Newman [12]. In our case, the
weight of a link between two countries is proportional to the number of treaties they have both
co-signed and inversely proportional to the number of signatory countries involved in each
common treaty. The weight is essentially a measure of the intensity of the interaction between
any two countries.
Figure 4: Construction of the co-signatory network

Bipartite network

Weighted network
b

a
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Treaties
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𝑤23 = 0.5

Countries
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2

3

1

𝑤13 = 0.5

3

2.3 Bipartite null model and statistically validated projections
When modelling bipartite networks a projection over the layer of interest is an effective way
to examine the relationship between vertices in the same layer. The projection is expected to
preserve as much as possible of the information encoded in the original bipartite networks.
However, in a variety of cases this is not possible, and the projection turns out to be a distorted
image of the actual relationships based on the original bipartite network. For example, should
5

an agreement involve all countries C in the system, by construction each country ci in the
projection would have a degree equal to C − 1, i.e, it would have a link with all other countries.
Formally, a node with degree k in one given class of the bipartite network generates k(k − 1)/2
links in the one-mode projection onto the other class, and vice versa [13]. The projection may
therefore lead to a very dense network and to biases in the assessment of some topological
measures, such as for example the clustering coefficient [14].
To address this problem, Saracco et al. [14] proposed the grand canonical algorithm to
obtain a statistically-validated projection of any binary, undirected, bipartite network. The
general idea underpinning this method is that any yotwo nodes belonging to the same layer
of a bipartite network should be connected in the corresponding one-mode projection if, and
only if, they are significantly similar. More specifically, the method is based on the disparity
filter formalism originally proposed by Serrano et al. [15] that aims to assess the statistical
significance of a given network with respect to an appropriate null model. Moreover, because
this null model is defined by constraints which are satisfied on average, the method here used
is typically referred to as a grand canonical algorithm for obtaining a statistically-validated
one-mode network projection.
The grand canonical algorithm for obtaining a statistically validated projection of a bipartite network can be articulated into the following three steps. First, a given pair of vertices
belonging to a given layer are chosen and their similarity is calculated in terms of the number of common neighbours they share in the other layer. Second, the statistical significance of
the similarity between the two nodes is assessed with respect to an appropriate null model by
computing the corresponding p-value. Third, a link is established between the two nodes if,
and only if, the corresponding p−value is statistically significant. These three steps are then
repeated for each pair of nodes in the given layer.
Measuring the statistical significance of the similarity between any two nodes thus amounts
to calculating the probability p of observing simply by chance a number of common neighbours
shared by two nodes that is greater than, or equal to, the given one. Thus, this method describes
a one-tail statistical test, where nodes are considered as significantly similar if, and only if, they
share a sufficiently large number of common neighbours. In order to compute which p−values
are significant, the grand canonical algorithm relies on a statistical procedure that accounts
for testing multiple hypotheses at a time. In particular, the so-called False Discovery Rate
(FDR) procedure is applied that controls for the expected number of false “discoveries” (i.e.,
incorrectly-rejected null hypotheses) [16]. Thus, each pair of nodes is validated by the FDR
(and thus connected in the resulting projection) when their corresponding p−value is lower
than, or equal to, a properly adjusted threshold t based on the usual single-test significance
level α, i.e., p−value≤ t(α). In the following analysis, we have used a single-test significance
level α = 0.01.
The implementation of the grand canonical algorithm has traditionally been based on the
entropy-based exponential random graph (ERG) framework. In particular, the probability distribution of the similarity between nodes has typically been computed according to four bipartite null models within the ERG class of null models: the bipartite random graph, the bipartite
configuration model, and two partial configuration models. Here, as null model we adopted the
bipartite partial configuration model that constrains only the degrees of the nodes belonging to
one layer (i.e., the countries) [14, 17, 18, 19]. More specifically, the countries’ degree sequence
(i.e., the number of treaties of each individual country) in the real bipartite network has been
preserved. We denote the degree (number of treaties) of a country ci by kci , and each vertex
(country) in the country layer is assigned a total of kci stubs of edges (or “half-edges”). Given a
bipartite network with m edges (from one class to the other), in total there are ∑i kci = m stubs.
6

Each stub departing from a node in the country layer is then linked uniformly at random to a
vertex (treaty) in the treaty layer to form an edge in the bipartite null model. This process of
randomly connecting stubs from the country layer to nodes in the treaty layer continues until
all the stubs have been connected. This produces a network in which each country has exactly the same degree (i.e., number of connections to treaties) as in the original network, but
the connections between countries and treaties have been randomly reshuffled. Based on this
bipartite partial configuration model, given a pair of countries and the corresponding number
nT of treaties they share, the probability that two countries share nT or more treaties simply
by chance can be computed, and the statistical significance of the similarity between the two
countries can then be evaluated.

3. Evolution of the network structure from 1950 to 2015
In this section, we provide the first set of results on the topology of the network of countries
that signed bilateral and multilateral environmental agreements over the period 1950-2015.
Fig. 5 shows the cumulative frequency of environmental treaties signed by countries worldwide. It can be seen that the number of treaties in 1950 was only 20. Since then it increased
gradually to 263 in 1990. Afterwards, it grew rapidly to 527 in 2008, and since then it has
constantly increased slowly. As shown in Fig. 6, the statistical significant projection removes
edges that are not statistically significant and consequently filters out vertices without edges
connected to them, which ensures that the validated network can provide more reliable information about the environmental agreement governance system. The cumulative frequency of
vertices (countries) in the validated networks grew nearly linearly from 22 to 144 between 1950
and 1970, and then grew gradually to 195 in 2015. Results show that an increasing number of
countries joined the global institutional system of environmental agreements. However, collaboration between countries began to intensify after 1960. The cumulative frequency of edges
grew gradually from about 432 in 1960 to about 8766 in 1990 and then experienced a rapid
growth till 1996. Afterwards, the increasing trend slowed down, and in 2015 the cumulative
number of edges was up to 18, 630.
The density of a network is the ratio between the actual number of links and the maximum
possible number of links. In Fig. 7, the density in statistically validated networks was less
than the values in real networks in each year. The density in validated networks increased
substantially over the time frame. It was only 0.010 in 1950, but increased to a high level,
over 0.980, after 2011, which means that nearly every two countries had co-signed at least one
treaty. However, the density in real networks has remained above 0.6 since 1950.
In the statistically validated networks, the number of components, i.e., disconnected subsets
of countries that can reach one another either directly or indirectly, declined from about 8 to
1 between 1950 and 1964. From 1979 to 1991, the networks split into 2 to 4 components. In
1991, the network became organised into one giant component, and since then it has remained
connected. This result shows that countries gradually became less isolated and the system of
environmental treaties has become less fragmented over time, thus suggesting that cooperation
between countries intensified to cope with global environmental changes.
The degree of a node in a network is the number of links connected to it [9]. For the network
of countries signing multilateral environmental agreements, the degree of a focal country is the
number of countries to which this country interacts with. In weighted networks, the strength
of a node is equal to the sum of the weights of the links incident upon the node [9]. Here, the
strength of the node accounts for the intensity of a country’s interaction with other countries.
7

Figure 5: Cumulative frequency of treaties involved from 1950 to 2015

Figure 6: Cumulative frequency of nodes and links in the network from 1950 to 2015

(a) Cumulative frequency of vertices

(b) Cumulative frequency of edges

According to Fig. 9, compared with real networks in each year, the average degree in statistically validated networks was smaller and increased nearly linearly from 2.1 in 1950 to 191.0
in 2015. The average strength in the statistically validated networks grew slowly from 0.34 in
1950 to 29.01 in 1992. Afterwards, from 1992 to 2008, it grew rapidly, because more multilateral or bilateral treaties were co-signed between countries, as shown in Fig. 5. Although the
increasing trend slowed down after 2008, the average strength kept increasing. Based on the
results above, it can be argued that each country in our sample collaborated with an increasing
number of other countries and the intensity of interaction raised over time.
We have also investigated the weighted average shortest path among countries. According
to Dijkstra [20] the shortest path between two nodes is the path with least resistance in terms of
the cost of connections. In the collaboration network of scientists, the inverse of the weight of
a link is treated as the cost of interaction between the two scientists connected by the link [12].
In doing so, the cost of a link between two nodes represents the distance between these two
nodes [21]. The weighted average shortest path length is a measure of separation. In other
words, a short weighted average path length facilitates the quick transfer of information and
reduces its costs. As shown in Fig. 10, the average shortest path length in validated networks
firstly increased from about 0.8 in 1950 to a peak, at about 25.5, in 1960. Afterwards, it dropped
gradually to 2.3 in 2015, which can be accounted for by the increase in the number of countries
in the networks. Compared with the real networks, it can been seen that the average shortest
8

Figure 7: Cumulative density of networks from 1950 to 2015

Figure 8: Number of components in networks from 1950 to 2015

path length tends to be shorter after excluding statistically non-significant edges between countries. Based on the analysis above, it can be argued that in the last decades, the circulation
of information between countries became progressively more efficient, such that one country
could quickly respond to the policy adjustments of other countries, or exert influence on other
countries.
The evolution of the global clustering coefficient of the network is illustrated in Fig. 11. The
global clustering coefficient of a network is a measure of the transitivity of the network [9]. In
other words, the global clustering coefficient indicates the degree to which two countries that
are connected to the same country are also connected themselves. A generalisation to weighted
networks was proposed by Opsahl and Panzarasa [22]. Given the weight of links, the weighted
global clustering coefficient is defined as the ratio of the total value of closed triplets to the total
value of the triplets. In this study, the value of a triplet is assumed to be the arithmetic average
of the weights of links in the triplet. In real networks, the global clustering remained at a high
level, above 0.910, during the time frame. However, the high global clustering coefficient in
real networks is partially due to the one-mode projection, which by construction establishes an
edge between any pair of countries that share at least one common treaty. When applying the
statistical significant projection, the global clustering coefficient shows a completely different
trend. It firstly rapidly deceased from 1.000 in 1950 to 0.450 in 1964, and since then, it grew
almost linearly to 0.973 in 2006. Although after 2006 it remained at a high level, between
0.970 and 0.990, it is still less than the value found in the real network. The difference be9

Figure 9: Average degree and average strength from 1950 to 2015

(a) Average degree

(b) Average strength

Figure 10: Average shortest path length of networks from 1950 to 2015

tween the values in the real and the statistically validated networks is primarily due to the fact
that the statistical significant projection filters out links between countries that do not share a
sufficiently large number of common treaties. Based on the global clustering coefficient in the
statistically validated network, it can be speculated that, because transitivity in the co-signatory
network increased over time, cooperation between countries in terms of environmental issues,
was partly triggered by common partners who helped countries to establish a new relationship.
We now turn to study the position of individual countries in the network of environmental
treaties. Betweenness centrality and closeness centrality are the main topological measures
for quantifying the role of countries. Nodes with high betweenness centrality typically are
associated with an intermediary role which enables them to control the flow of information in
the network and have a strong influence in the network. The closeness centrality of a node is
the inverse of the mean distance from the node to all other nodes. Nodes that are separated by
a short path length from others and have a high value of closeness centrality can reach other
nodes more quickly, obtain the information they need more easily, and exert influence on others
more effectively [9]. Fig. 12 and Fig. 13 show the evolution of both measures for countries in
the real networks and in the statistically validated projections, respectively.
Panel(a) of Fig. 12 shows the overall trend of betweenness centrality for a number of countries. The statistically significant projection only changes the ranking of Australia, Japan and
France in the network from 1950 to 1990, and does not show any variation in the ranking of
10

Figure 11: Global clustering coefficient of networks from 1950 to 2015

Figure 12: Betweenness centrality and closeness centrality of countries in real networks from
1950 to 2015

(b) Closeness centrality of countries

(a) Betweenness centrality of countries

other countries of interest. As shown in Fig. 13, the betweenness centrality of France increased
over time despite the fluctuations around 1992, and reached a value of 0.296, leading France
to rank first in 2015. For the UK, betweenness centrality rose first from 0.0178 in 1963 to
0.249 in 1979. Afterwards, the value reduced rapidly to 0.012 in 2015. The United States and
Australia have always had an obvious advantage over the time frame in spite of fluctuations.
Germany, the Russian Federation and South Africa share similar trends. In particular, their
betweenness centrality started to increase in the last decades and after a small peak between
1990 to 2010, began to decrease and eventually stabilised. Although the betweenness centrality
of Japan ranked highly in the year 1955 and 1961, it remained stable over the sample period at
a low level, close to zero, as was the case with China. Therefore, it can be argued that France
has acquired an increasingly dominant role in controlling the circulation of information in the
institutional system of environmental agreements, while the UK, despite the dominant position
held around 1980, has progressively lost its edge.
Unlike betweenness centrality, the overall trend of countries’ closeness centrality in the statistically significant projections differs from the trend observed in the real networks, as shown
in Fig. 12a and Fig. 13a. In addition, unlike betweenness centrality, the closeness centralities of
different countries seem to be characterised by similar trends. As shown in Panel(b) of Fig. 13,
closeness grew gradually over the period from 1950 to 2010. Afterwards, it remained at levels
11

Figure 13: Betweenness centrality and closeness centrality of countries in networks from statistically significant projections from 1950 to 2015

(a) Betweenness centrality of countries

(b) Closeness centrality of countries

ranging between 0.588 and 0.674. Overall, during the last decades, countries gained more access to the information provided by other countries in terms of environmental treaties than ever
before.
Fig. 14 and Fig. 15 show eight snapshots of the real network and the statistically significant
projections, respectively, from 1950 to 2015, thus offering some insights into how the network
evolved over time. The size of each node represents the degree of the node, and the intensity
of the colour of each node is made proportional to its local clustering coefficient. In addition,
the figure shows the regional characteristics of the process of evolution. There are obvious
differences in the topological structure between the real networks and statistically significant
projections, especially in the years 1950, 1960, 1970, 1980 and 1990. Until 1950 the real
network consists of 86 countries, whereas in statistically significant projections there are only
22 countries and most of them are from Europe and South East Asia. Since 1950, more and
more countries have joined the network, and as a result of the increase in the number of treaties,
more links between countries have been created and the network has become more dense.
According to the colour of the vertices (countries) in the statistically validated networks, the
weighted local clustering coefficient increased from 1950 to 2000, and then decreased between
2000 and 2015.
Next, we shall focus on the role of the UN in the evolution of the system of international
environmental treaties. To this end, for each year, the UN/UNEP-driven treaties in the data set
have been filtered out, and the resulting networks reconstructed. The number of treaties driven
by the UN over the period 1945-2015 has gradually increased (Fig. 5). In the statistically significant projections the UN-driven treaties have little impact on the number of countries in each
year (Fig. 6a), whereas the number of edges in each year decreases as a result of the fact that
the number of common treaties between countries also decreases. Consequently, the density
and average degree of the validated networks in each year decrease, as shown in Fig. 7 and
Fig. 9a. According to the definition in Section 2.2, the weight of an edge is proportional to
the number of common treaties between the two countries it connects. The exclusion of UN
treaties leads to a smaller number of common treaties between two countries, and consequently
reduces the weights of edges and the average strength in the networks in each year, thus indicating that the UN has to some extent facilitated the intensity of the interaction between
countries. It should be noted that, when we exclude UN treaties, the whole network still remained connected from 1992 to 2015, thus indicating that countries cooperated with each other
12

Figure 14: Graphical representations of the real co-signatory networks. The size of the nodes
represents the degree of the nodes and the intensity of the colour of each node is made proportional to its local clustering coefficient.

(a) 1950

(b) 1960

(c) 1970

(d) 1980

(e) 1990

(f) 2000

(g) 2010
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(h) 2015

Figure 15: Graphical representations of the co-signatory networks from statistically significant
projections. The size of the nodes represents the degree of the nodes and the intensity of the
colour of each node is made proportional to its local clustering coefficient.

(a) 1950

(b) 1960

(c) 1970

(d) 1980

(e) 1990

(f) 2000

(g) 2010
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(h) 2015

on environmental issues, not only under the direction of the UN. In addition, the UN treaties
contributed to the reduction in the average shortest path length in each year. Thus, the UN has
contributed to reducing the distance between countries and, as a result, the cost of cooperation
among them. Moreover, as shown in Fig. 11, UN treaties can enhance the weighted global
clustering coefficient. In other words, the UN can facility the transitivity in the network and
promote cooperation among countries. It should be noted that in real networks, the exclusion of
UN treaties has hardly any impact on the topological structure of the network, and thus cannot
provide information on the role of the UN in the network. By contrast, the statistically significant projections shed light on the influence that the UN has exerted on the formation of the
current institutional system.

4. Analysis of topological properties in 2015
In this section we focus on the topological properties of the network in 2015. The main topological measures are shown in Table 2. The number of edges in the statistically validated network
only decreased by 3.89% compared with the real network. Indeed, in 2015 the average number of common treaties between any pair of countries was about 45, leading to a significant
p−value associated with each edge in the real network. Although the average degree and average strength in the statistically validated network do not change much, the average shortest
path length reduces to less than half of the one in the real network and the diameter dropped
dramatically from 229 to 18. This is mainly because 5 countries (Great Britain, Taiwan, Hong
Kong, Kosovo, Jersey) are filtered out from the statistically significant projection as a result of
their few common treaties and sparse connections with other countries in the real network.
Table 2: The co-signatory network topological analysis results
Network

Density

Average Average Average
Clustering
Diameter Components
degree strength path length
coefficient

19189

0.974

192.9

89.4

5.4

229.0

1

0.996

18630

0.936

191.1

91.0

2.3

18.0

1

0.990

Vertices Edges

Real
200
network
Statistically 195
significant
projection

The degree distribution and the strength distribution are shown in Fig. 16. The degree
distribution in the statistically validated network slightly moves to the left compared with the
real network, but most of the vertices still have a degree higher than 190. The strength in both
networks has nearly the same distribution, with most of the nodes having a strength around 75.
There is only one component in the network, which means there is at least a path between
any pair of countries. No countries are isolated when coping with environmental changes and
all the 195 countries in the statistically validated network can reach each other either directly
or indirectly. It should be noted that Great Britain, Taiwan, Hong Kong, Kosovo and Jersey
are excluded from the validated network because they do not share a statistically significant
number of common treaties with other countries included in the network, and thus are left with
no edge incident upon them.
The validated network has a low weighted average shortest path length (2.3) and a low
diameter, which means information can travel efficiently between countries. The distribution
of the weighted shortest path length is illustrated in Fig. 17. It is clear that in Fig. 17 the
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Figure 16: Distribution of degree and strength in 2015

(a) Distribution of degree in 2015

(b) Distribution of strength in 2015

statistically significant projection filters out pairs of vertices with large weighted shortest path
length, leading all remaining pairs of vertices to have a value of the weighted shortest path
length lower than 10.
The weighted local clustering coefficients of the nodes in the network are represented in
Fig. 18, where the coefficients of nodes are based on triplet values according to Barrat [23].
The weighted local clustering coefficient refers to the density of the neighbourhoods of nodes.
It quantifies the degree to which the neighbours of a node are also neighbours with each other.
Thus, it is a local measure of redundancy associated with the ability of countries to engage in
cooperative agreements sustained by strong social norms of reciprocity.
The statistically significant projection shows a different distribution of the weighted local
clustering coefficient. The distribution shifts to the left, thus suggesting that the weighted local
clustering coefficient of vertices decreases, and tends to be more uniform. The weighted global
clustering coefficient of the statistically significant projection in 2015 is 0.990 and almost all
the nodes have a local clustering coefficient larger than 0.980, indicating that the neighbouring
countries of a country interact intensively with each other.
Figure 17: Distribution of shortest path length in 2015

Table 3 reports the top 10 countries in terms of centrality measures. In the statistically
significant network projection, France and Germany rank first in terms of between centrality
followed by Australia, Russian Federation and South Africa. Countries ranked fifth to tenth
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Figure 18: Distribution of local clustering coefficient in 2015

are America, Morocco, Spain and India and Tanzania. Although the ranking of the top 10
countries in the real network in terms of betweenness centrality seems to be almost the same as
the one in the statistically significant projection, the Kendalls tau of the two rankings is −0.013
and the p−value (whose null hypothesis is the absence of association, tau = 0) is 0.790, thus
indicating a strong disagreement between the rankings. The lists of the top 10 countries in
terms of closeness centrality in the real network and the statistically significant network are
the same, and the Kendall’s tau is 0.200 with a p-value of 0, thus suggesting a high level of
association. The top ten countries in terms of betweenness centrality have the strongest power
in controlling the flow of information between countries in the network. This result provides
the basis to further investigate the diffusion of climate policy among countries. The top 10
countries in the ranking of the closeness centrality measure are able to exert more influence, in
terms of climate policy, on other countries in the network.
Table 3: The top 10 countries in terms of betweenness centrality and closeness centrality in
2015
Ranking
1
2
3
4
5
6
7
8
9
10

Betweenness centrality

Closeness centrality

Real network

Statistically
significant network

Real network

Statistically
significant network

France
Germany
Australia
Russian Federation
South Africa
America
Morocco
Tanzania
Spain
India

France
South Africa
Australia
Russian Federation
Germany
America
Morocco
Spain
India
Tanzania

France
Germany
Netherlands
Italy
Spain
United Kingdom
Belgium
Luxembourg
Switzerland
Norway

France
Germany
Netherlands
Italy
Spain
United Kingdom
Belgium
Luxembourg
Switzerland
Norway

5. Conclusion
Our study provides a key contribution to the emerging literature that applies network theory to
the system of environmental treaties. This is the first step of a research agenda that aims to use
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the features of this global network to answer a broad range of questions on the cooperative behaviour of countries in the environmental sector. So far we have obtained some key preliminary
results. First, the network of signatory countries becomes increasingly dense over time, indicating that countries interact with each other more and more intensively. Second, countries are
not isolated when coping with environmental issues. Third, over the past decades, the weighted
shortest path length has been decreasing to a low level, which means that information concerning environmental treaties can travel more efficiently between countries. Finally, according to
the results of nodes’ betweenness centrality and closeness centrality in 2015, France plays a
crucial role in controlling the flow of information among countries and can easily influence
other countries when it comes to participation in environmental agreements.
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