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Abstract
Using network theory and data analysis, we study the messages on Twitter (X) about
ecological sustainability over the period 2007-2022. With a global view of 70,311,541
messages we examined the sentiment, keywords and hashtags utilised, as well as the
correlations between sentiment and both socioeconomic and environmental
variables. In addition to the above, we carried out an in-depth analysis of the global
interactions network (retweets, replies and quotes), with a special focus on the study
of the community network (CNET) (with 4576 supernodes, and 9855 links). The
sentiment shown in the text of the tweets was positive over the years in all analysed
locations, although close to neutral. Keyword analysis detected terms present in
tweets posted from various regions, showing global thinking in the world. The
relationships between sentiment and variables examined were continent- and
country-specific, identifying a stronger correlation with socioeconomic attributes.
Regarding CNET, according to the study performed using adjacency and laplacian
embeddings, as well as Chebyshev, Euclidean, Minkowski, and Manhattan distances,
pairs of unconnected supernodes appeared to have more similarity in their
connection patterns than pairs of connected supernodes, due to the topological
structure of CNET which has a large number of peripheral nodes that are not
connected to each other, but are connected to nodes with higher centrality. In
agreement with the Jaccard coefficient, resource allocation index, Adamic Adar index,
and preferential attachment score, there is little possibility of link formation between
supernodes. Statistically the supernodes also exhibited high topological similarity. A
few specific supernodes host most of the users, showing the highest centralities
among those analysed. The basic structure of CNET, which maintained its key
properties, was also examined. Strategies that promote communication between
supernodes to achieve greater participation and diversity in discussions need to be
further investigated.
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1 Introduction
1.1 Overview of ecological sustainability. State of art
In recent years, ecological sustainability has emerged as a major global concern [1–4], al-
though the mechanisms applied in order to achieve such sustainability in each geograph-
ical area vary considerably. Differences also exist in the ability of regions to adopt sus-
tainable practices. Certain areas, such as United States, Western Europe or Saudi Arabia,
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have made significant progress in the transition to renewable energy sources and efficient
management of natural resources [5–7], but others, such as China, still have a long way to
go to reconcile economic development with environmental preservation [8, 9]. The un-
derstanding of what sustainability means as well as deciding the necessary actions to be
taken in achieving it is influenced by geographical, socioeconomic and cultural factors.
Strategies adopted in one region may not be easily put into practice in another, as lo-
cal conditions play a crucial role in the effectiveness of the efforts implemented [10, 11].
Exploring these regional differences not only helps to broaden the understanding of sus-
tainability, but also highlights the need for particular approaches that are adapted to the
characteristics of each context. The term sustainability, described by the ONU in 1987, as
achieving a balance between the current and the future by ensuring that today’s necessities
are achieved without endangering those of the future [12].

Differences between regions considering socioeconomic variables have been studied in
several works [13–15]. By analysing both similarities and differences between geograph-
ical regions considering variables that correspond to gender, education, economical and
working world fields, we have shown that the highest dissimilarities in all regions corre-
sponded to gender domain and the most significant communalities occurred in the rest
of fields relying on the geographical area [16].

In addition, social networks have made it possible for human interactions to be immedi-
ate and global. Platforms such as X (formerly known as Twitter), constitute relevant data
repositories to carry out analyses on global perceptions in real time [17–22]. The speed
at which information spreads through these networks provides a mechanism for knowing
the public opinion on social critical issues. Analysing conversations about ecological sus-
tainability in different parts of the world enables us to not only reveal cultural differences,
but also help in defining communication and awareness-raising strategies [23].

Network Theory can be used to analyse the conversations on ecological sustainability
that happen in social networks [24–26]. It provides mechanisms to unravel the complex
interactions between the elements of any social network, offers procedures to examine the
network dynamic [27–29], introduces methods to know how information spreads in the
network [30, 31], and provides mechanisms to analyse the interconnection between the
users’ communities [32–35]. The application of Network Theory to the study of messages
posted on a social network from different locations makes it possible to detect emerging
patterns and underlying structures that are not detectable through traditional methods of
analysis [36, 37].

Due to the large amount of data available on Twitter, discussions on a wide variety of top-
ics have been studied in depth from different points of view. Some of these themes are bot
analysis [38–40], information dissemination [41], political opinion differences [42], iden-
tification of fake news [43], virilization of ideas [44], contagion studies [45, 46]. With re-
gard to ecological sustainability, the following categories, among others, have been exam-
ined: environmental crises management [47], opinions and polarisation on climate change
[48, 49], formation of network communities with regard to specific climate change topics
[50], the conservation of animal species [51], in addition to the linguistic analysis of green
consumerism [52], the monitoring of users in climate protests [53], and the use of blue
zones in cities [54].

In previous research, we have studied opinions about the education system on Twit-
ter [20]. A largely negative opinion was detected in many countries, although a positive
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perception was also identified in some low-income locations. Additionally, we have pro-
posed models of inferring opinions through the retweet networks both in bidimensional
and multidimensional systems too. We suggested a general methodology to analyse and
evaluate the existence of polarisation in social networks considering a bidimensional envi-
ronment [55]. The validity of the method was tested by using it in debates on the political
situation in Venezuela. We proposed some metrics for estimating the main polarisation
forces in multidimensional contexts in addition to implement a technique to show the
structure of the ideological space [56].

In relation to environmental problems we have analysed in detail the opinions on Twitter
about climate change for the period from February 2021 to May 2021 using different tech-
niques [22]. In particular we analysed the topics and sentiments in the messages contain-
ing the words climate action, climate change, climate crisis, climate
disaster, climate emergency, global warming, and greenhouse effect

[22]. Globally, by country and by gender, the most discussed topic was climate change ac-
tivism. Concerning firms, sustainability was among some of the main topics addressed.
Overall, the sentiment shown in the discussions was negative. However, some differences
in the sentiment mostly expressed in the discussions associated with certain topics, were
found by both country and gender [22].

In addition, a machine learning model that explained the formation of links between
users was built considering the aforementioned interactions on Twitter about climate
change from March 2021 to May 2021 [57]. Among all the models analysed Random
Forest and Support Vector Machine models were the ones that exhibited the most op-
timal results, using as explanatory variables the features obtained through node2vec

algorithm and several similarity metrics between nodes, respectively. Communities, de-
gree, betweenness and other parameters of the interaction networks were also computed.
We did not detect significant differences between interaction networks in the hashtags’
probability distributions for the analysed communities [57].

With the aim of identifying which countries exhibited particular air quality character-
istics, we have analysed the time series of the carbon and greenhouse gas emissions find-
ing no relation with various socioeconomic indicators [21]. It was also found that some
countries showed an unusual emissions pattern. Furthermore, the distribution of hash-
tags of the tweets published from these locations was distinct from the rest of regions.
Various hashtags common to the examined countries and with the highest occurrence in
the tweets posted from the location exhibiting an atypical emissions characteristic were
related to the environment. Some hashtags that existed only in the tweets published from
the mentioned countries with peculiar emission characteristics referred specifically to
the necessity of cleaning up the environment [21]. Moreover, the differences and com-
munalities in the behavior of humans and bots in Twitter conversations about ecolog-
ical sustainability was considered [58]. We selected the tweets with the following terms:
green urban,pollution, renewable energy,sustainable agriculture,
sustainable city, sustainable food, sustainable industry, and sus-
tainable transport, and found that while humans and bots showed mostly positive
sentiment in the posted tweets, the bots exhibited a greater number of neutral messages.
Using clustering techniques, we identify groups of users with different behaviours in both
humans and bots in tweets and retweets. It was not possible to detect groups with specific
behavioural patterns when considering only replies or quoted messages [58]. Accordingly,
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a more detailed study on ecological sustainability should be carried out. Thus, this paper
analyses Twitter conversations covering aspects such as agriculture, food, cities, indus-
try and transportation, as well as energy and urban spaces, and focuses in examining the
relation between users perceptions and socioeconomic and environmental variables.

1.2 Purposes and objectives of this research
The main goal of this paper is to analyse the time evolution of the perceptions of ecological
sustainability by geographic area (country and continent) by analysing the large dataset of
Twitter conversation used in our previous study [58]. In this way we focus on the most
significant key areas in which research [59–61] and important international institutions
[62–64] have shown that effective action should be taken to achieve a much more sus-
tainable planet. Accordingly, our study will focus in the following key areas: agriculture,
renewable energy, transport, pollution, and the remaining areas were collated according
to the keywords that were employed to download the tweets. The relevance of these areas
to the sustainability issue is indicated by the SDGs 9, 11 and 14 [65]. We also examine how
the activity on Twitter was related to some of the most important events on ecological
sustainability found in the dataset.

In addition to the above, we analyse the relationships of the annual median of the sen-
timent on ecological sustainability by geographical area with 45 socioeconomic and 48
environmental variables, which can provide important insights into the influence of these
attributes on perceptions by geographic area.

We also build a network in which the nodes are the users and a link is formed when they
interact with each other by retweeting, quoting, or replying. Due to the enormous size
(8,840,532 nodes) of the network, in order to study its structure we perform a community
network analysis using the Leiden method. Following on from this, the c-network is built
(CNET) and is formed by supernodes that correspond to each community [66, 67]. There
is a link between two supernodes if any of the users of these communities has made an in-
teraction with each other. Regarding the structural analyses of the enormous interaction
network, we implemented a profound and comprehensive study on the CNET. In partic-
ular, we perform the following analyses: (i) an examination of the connectivity between
supernodes based on adjacency and laplacian embeddings, (ii) a study of the possibilities
for link formation between supernodes (iii) an investigation into the structural proper-
ties of a part of CNET, which retains its key properties. The NetBone package, recently
developed and implemented in Python [68] is used. (iv) an examination of CNET’s basic
topological properties through various recently proposed parameters to detect the im-
portance of nodes [69, 70] (v) an analysis of the differences in the topological structures
of supernodes. A young metric designed to evaluate the topological dissimilarity between
graphs [71] is used.

Studying all of the above aspects together, we conducted a holistic study of the percep-
tions detected in Twitter discussions on ecological sustainability in 2007-2022. Specif-
ically, we aim to answer the following research questions: (i) Does the observed global
perception of ecological sustainability differ from that which is observed between geo-
graphical areas? What has been the sentiment at some of the most important events on
ecological sustainability? (ii) Overall, and by geographical area, what are the most used
hashtags and keywords? (iii) Is there a relationship between sentiment and socioeconomic
and environmental variables? If it exists, can this relationship be established at the global



Gómez Sánchez-Seco et al. EPJ Data Science           (2025) 14:31 Page 5 of 30

level, or can it only be determined at the regional level? (iv) What is the structure of the in-
teraction network? How many user communities are there? What is the level of sentiment
in those communities? How is CNET structured and which are its main characteristics
and properties?

As we explained in detail in the sections labelled Results and Discussion, the most im-
portant findings of this research are: (i) Considering the 70,311,541 Twitter messages that
were obtained, over the large time period of analysis and examined by geographical area,
the sentiment detected was mostly positive, although it is very close to neutrality. The
events under examination exhibited a similar pattern. (ii) A higher correlation of the me-
dian of the sentiment with socioeconomic factors than with environmental factors was
identified in most of the geographical areas analysed, which only occurred in the regional
context. (iii) A total of 4576 communities were identified that exhibited disparities in terms
of median sentiment. However, again, these values were predominantly close to neutrality.
Differences in the nature of each community’s discourse were also observed, as evidenced
by the use of specific hashtags. (iv) According to the metric used, the entire CNET and the
CNET of every interaction type corresponding to retweets, quotes and replies exhibited
analogous topological characteristics. Globally, the supernodes showed low structural dis-
similarity according to metric and statistics examined. (v) The CNET network presented
the conventional social network structure, containing a few supernodes with high cen-
trality magnitudes but a large number of nodes with low centrality values. The ratio be-
tween the number of supernodes and links connecting them, as well as a relatively small
radius corresponded to a network with high connectivity. Nevertheless, it was evident that
a more extensive multilevel dialogue was required during the discussions. (vi) According
to the evaluation metrics used, the skeleton of the entire CNET network appropriately
reproduced its key properties. (vii) In CNET, a dissimilarity was identified between the
centralities of the supernodes. The application of classical centrality estimations revealed
that the most relevant communities were located in the core of the network. Despite this,
the utilisation of recently suggested metrics, which consider both the flow of informa-
tion and a broader perspective of the degree of supernodes, enabled the identification of
additional key supernodes in the CNET structure.

2 Data and methods
2.1 Description of the datasets
The dataset of this study correspond to tweets related to environmental sustainability,
published from January 2007 to December 2022, acquired using the Twitter API (and
twarc2), which filters and downloads tweets based on specific keywords. The selected
keywords to download tweets were: green urban, pollution, renewable en-

ergy,sustainable agriculture, sustainable city,sustainable food,
sustainable industry, and sustainable transport. It has to be noticed that
the dataset includes original tweets, retweets, replies and quotations. Each element of
the dataset contains several attributes, such as the hashtags used, the text and times-
tamp of the message, as well as the identification of the interactions that happened sub-
sequently and are associated with it. Also included is data on the sender’s account, the
virality of the message and, if available, the location from which the message was posted.
This information is distributed in the following fields, which were provided by T-Hoarder
tool [20–22, 57, 58, 72]: author, id tweet, id user, lang, quoted id, rela-
tion, replied id, retweeted id, text, user replied, user retweeted,
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user quoted. This dataset was employed in the analysis of differences between hu-
mans and bots in discussion about ecological sustainability [58]. In order to detect the
country from which each tweet was published, as in [20–22] we use geopy tool [73], using
the Open Street Map (OSM) geolocation service nominatim [74, 75] and the location field
of the user profile.

The dataset contains a total of 70,311,541 messages all of them written in english
(22,908,407 original tweets, 1,264,184 quotes, 39,907,678 retweets and 6,231,272 replies)
which corresponded to 13,095,195 unique users. After processing, it was possible to iden-
tify the location of a total of 2,844,265 tweets (see Supplementary Material Document,
Table S12 and Table S13).

In addition to Twitter data, we utilise the repository WorldBank|Data|Indicators [76],
which contains, for the period 1960-2022, 93 variables corresponding to 266 countries (45
attributes referring to socioeconomic and 48 to environmental domains). However, only
the period 2007-2022 and 148 countries were used in the analysis (see Supplementary
Material Document, Table S1) as no localised tweets were identified for the rest.

2.2 Sentiment analysis and correlations with other variables
Each message included in the dataset has a sentiment which was computed utilising
TextBlob [77] [20, 22, 58]. This sentiment varies between –1 and 1 values, correspond-
ing to the most positive and negative magnitudes possible, respectively. Based on the sen-
timent of each individual message, we proceeded to determine the sentiment by country
and continent. From 2007 to 2022, a time series of sentiment was generated on a monthly
basis, which allowed us to obtain a detailed description of sentiment time evolution. The
proportion of positive, negative and neutral tweets was also calculated, providing a metric
on the sentiment at each location. It has to be noticed that in this section we only consider
original tweets. This was because in all other types of interactions the sentiment might not
be reflective of the initial perception of a user who has been influenced by their interac-
tions with other users. In contrast, in the study concerning interactions, which is detailed
in a later section, only those sentiments included in posts involving quotes, replies and
retweets were taken into consideration.

In addition to the above, with the purpose of exploring the relationships between the
expressed sentiment and socioeconomic and environmental variables, a multiple linear
regression model (lm in R [78]) was implemented [79]:

Y = β0 + β1X1 + β2X2 + · · · + βnXn + ε, (1)

For each geographical area (country or continent), Y represents the predicted annual sen-
timent, X1 · · ·Xn symbolise the yearly explanatory variables (both socioeconomic and en-
vironmental). β0 corresponds to the value of Y , if the explanatory variables are equal to
zero, ε denotes the residual error and β1 · · ·βn symbolise the regression coefficients.

Additionally, to determine the most relevant variables corresponding to each country,
Principal Component Analysis (PCA) was carried out. This made it possible to reduce
the dimensionality of the dataset by identifying the most significant attributes to prevent
over-fitting. For each attribute investigated, when there was no value for any of the 248
countries considered in the study over a particular year, that year was removed from the
analysis.
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2.3 Keywords analysis
Keyword analysis was implemented utilising the Twitter Keyword Graph (TKG) approach
[80], in which terms form networks and their relevance were computed through centrality
metrics. This method had shown good results in our previous research on the analysis of
human and bot messages [58]. A short description of the performed procedure can be
found in the Supplementary Material Document, section S1.2.

2.4 Interaction networks
2.4.1 Network building. Community identification
The interaction network was constructed, with each user constituting a node and the inter-
actions (retweets, replies and quotes) between users representing links, where two users
are linked if they have interacted with each other. In this way, a single network of interac-
tions across all years of our dataset is created. In order to obtain further details regarding
the large size of this network (8,840,532 nodes and 28,403,555 links), we performed a com-
munity analysis using the Leiden algorithm [81] which provided optimal results in several
previous research [57, 82, 83]. The network was divided into 4576 communities, which
will be used as supernodes to condense the information and facilitate the analysis of the
network. The sentiment corresponding to each supernode was calculated as the median
of the sentiment of interactions between users included in the supernode.

As a means to obtain more information on the communities, we drew histograms of
the following metrics: number of nodes and links, mean degree, maximum and minimum
degree. In addition to mean, maximum and minimum pagerank [84], and degree assorta-
tivity [85, 86].

2.4.2 Analysing the community network structure
A CNET was also built [66, 67, 87, 88], where the communities symbolised supernodes
and the links between them were weighted connections, a link between two supernodes
is established if a link existed between any of the users in their respective communities.
The weight of the link is the sum of the weights of all the interactions between the su-
pernodes in question. In this way, it was possible to represent the original network in a
more manageable graph, which retained the key information. To examine the topological
characteristics of CNET, various statistical properties were calculated, such as, maximum
and minimum degrees of nodes, average degree, diameter, degree assortativity [89, 90],
average length of the shortest paths, degree [91] and closeness [92, 93] and betweenness
centrality [94–97].

In addition to the above, with the purpose of obtaining an enhanced comprehension
of the importance of nodes we computed two recently proposed metrics: an extended
version of HCC (hybrid characteristic centrality) [70] and the K-risk metric [69]. The ex-
tended version of HCC proposed by Liu and Zheng [70] takes into account both the HCC
of the node and of its neighbours, i.e. it integrates the extended degrre and the E-shell. A
configurable parameter, δ, is also considered in the metric. It takes values in the interval
[0,1] and has the purpose of describing the relationship between extended and the tradi-
tional degrees (for δ = 1 both are equivalent) [70]. In this analysis, a value of δ equal to 0.1
was considered, with the aim of obtaining a value with a significant difference in the tra-
ditional degree. We also used the recently proposed K-risk metric, which was suggested
by García-Algarra et al. [69] as an alternative to classical centrality estimation parameters.



Gómez Sánchez-Seco et al. EPJ Data Science           (2025) 14:31 Page 8 of 30

The metric, based on the analysis of the information flow in the network when certain
nodes are suppressed, is derived from the conventional K-kernel decomposition [98]. In
particular, it is defined as the sum of the differences in distance between a node located in
a k-kernel and all those with which it is connected that are in a lower k-kernel, weighted
by the k-indexes. An additional parameter is also considered in the calculation as a mech-
anism for taking into account ties between nodes that are in distinct K-shells [69]. We
considered a value of 0.01 for this parameter, that is the same used in the original work
[69].

Furthermore, in order to gain a better understanding of CNET connectivity, the em-
bedding techniques (both adjacency and laplacian) were used [99]. Dimensions equal to
5, 10, 15, 20 and 25 were taken and the most optimal of them was determined following
the method named Normalised embedding loss function, which is described in [100]. In
this research, we carried out the embedding process by the following steps:

(i) A vector vdim = {5, 10, 15, 20, 25} was built. For each pair i, j, with i = j–1 and j varying
from 2 to 5, the following steps were repeated 10 times:

1 For all nodes, the embedding vd[i] and vd[j] were obtained, and x nodes were
randomly selected from the total nodes.

2 For x nodes and vd[i], vd[j] dimensions, the Error Evd[i],vd[j] was calculated as in [100]
(where this error is named normalised embedding loss function).

(ii) For the pair vd[i], vd[j], the obtained average error, Evd[i],vd[j], in 10 runs was calcu-
lated.

(iii) Finally, the dimension vd[j] with a Evd[i],vd[j] < 0.01 was considered.
Once the optimal dimension of the embedding was obtained, the feature vectors for

both connected and unconnected pairs of nodes u, v, were calculated, Xu, Xv. After that,
the following distances between Xu and Xv were computed: Chebyshev [101], Euclidean
[102], Minkowski (with p = 0.5) [103] and Manhattan [103]. The aforementioned distances
were then normalised according to the min-max criterion [104] and summed. Finally, the
result obtained was again normalised following the same principle. Various histograms of
this normalised global distance for both connected and unconnected pairs of nodes were
plotted.

Furthermore, we compute the possibility of link formation between pairs of nodes to
better understand the connectivity patterns, relationship dynamics and structural prin-
ciples that govern the network, as well as the possibility of establishing new connections
depending on the node to be treated. Jaccard coefficient [105], resource allocation index
[106], Adamic Adar index [107], and preferential attachment score [108] were estimated.
These metrics were normalised through the min-max criterion and histograms of each of
them were generated.

We also obtained a skeleton of CNET utilising the NetBone package [68], with the in-
tention of obtaining the basic functional structure of the network, eliminating unnecessary
links while maintaining information flow with minimal information loss.

Identical metrics and connectivity analysis to those computed in CNET were imple-
mented for CNET skeleton. The appropriateness of the method was checked through the
use of various filters such as Noise Corrected, Global Threshold, Marginal Likelihood and
Locally Adaptive Network Sparsification [68]. The following metrics were utilised: Node
Fraction, Edge Fraction, Weight Entropy (a weighting method that measures
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value dispersion in decision-making [109]), Average Degree, LCC Size (Largest
Connected Component), and Density [68].

2.5 Analysis of supernodes
Considering the frequency distribution that corresponded to the number of users included
in the supernodes, they were classified into the percentiles [0, 0.97), [0.97, 0.99), [0.99, 1].
The number of nodes contained in each of them was in the range [3, 109], [113, 3250],
[3515, 1,487,676] respectively.

The following procedure was run 200 times for each percentile: (i) Two supernodes were
successively randomly selected with replacements, (ii) The dissimilarity metric proposed
by Schieber et al. [71] was computed utilising as graphs the networks and corresponds to
the selected supernodes. As authors explain, in the definition of the metric, the network
node dispersion notion and the distance distribution corresponding to each node included
in the graphs are taken into consideration. Moreover, attention is paid to α-centrality for
each network and its complement graph, as well as the Jensen–Shannon divergence [71].
Three configurable parameters are also taken into account in the metric description. Ac-
cording to the authors, the best results are provided for the values 0.45, 0.45 and 0.10 [71].
In this research we used these magnitudes for comparing the supernode structure. After
running the 200 experiments, mean, standard deviation, median, minimum and maximum
values were calculated.

A global analysis was also performed by running 1000 trials. In each trial, two supern-
odes from the total set were successively randomly selected with replacements. In the pro-
cedure, both the percentile and the supernode located on it were chosen randomly. The
same values for the configurable factors were taken, and analogous statistical parameters
were computed.

3 Results
3.1 Analysis of Twitter sentiment on sustainability and correlation with other

variables
We have analysed the sentiment about sustainability in a total of 2,844,265 tweets posted
by 828,844 users corresponding to the six continents North America (NA), South Amer-
ica (SA), Europe (EU), Asia (AS), Africa (AF) and Oceania (OC). In this study we have
analysed the sentiment for different locations both at the level of continent and country,
and the time evolution of the sentiment over a period of 15 years in order to analyse the
general tendency of the sentiment on sustainability in the last years. In all continents and
countries examined, the number of tweets with a positive sentiment was higher than the
number of negative and neutral tweets. Table 1 depicts the total number of tweets and
the total sum of tweets exhibiting positive, negative and neutral sentiments by continent.
This suggests a general trend towards an optimistic perception in sustainability-related
conversations on Twitter.

Examining the monthly time series, sentiment was positive over the years, but showed
values close to neutrality. Most individuals did not seem to be aware of environmental
problems. Specifically, in Europe as can be seen in Fig. 1, which shows the results for 10
representative European countries, positive sentiment was in the interval [0, 0.2] during
the studied time period but this is not the case for other regions. For example in Africa
and South America, the low number of tweets led to a radicalisation of sentiment.
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Table 1 Total number of tweets and number of tweets with positive, negative and neutral sentiment
on sustainability by continent. North America (NA), South America (SA), Europe (EU), Asia (AS), Africa
(AF) and Oceania (OC)

Continent Total No. positives No. neutrals No. negatives No. unique users

NA 1,302,388 844,003 (64%) 149,722 (11%) 308,663 (25%) 366,683
EU 793,965 493,036 (62%) 102,721 (12%) 198,208 (26%) 207,975
AS 425,303 259,547 (61%) 52,048 (12%) 113,708 (27%) 143,130
OC 153,119 95,411 (62%) 21,301 (14%) 36,407 (24%) 39,856
AF 133,998 84,120 (63%) 19,821 (15%) 30,057 (22%) 58,627
SA 35,492 22,740 (64%) 4338 (12%) 8414 (24%) 12,573

Figure 1 Sustainability sentiment analysis for the 10 countries with the highest impact in Europe: A)
frequency of positive, negative and neutral tweets by country, B) Time series showing the temporal evolution
of the sentiment on sustainability by country

Table 2 Multiple linear regression metrics for the continents with the most tweets. EU: Europe, NA:
North of American and AS: Asia. See supplementary material document Table S2 for the performance
metrics corresponding to the multiple linear regression models for each socioeconomic and
environmental variable for these 3 continents

Metric EU NA AS

Residual standard E 0.01178 0.002807 0.01958
Multiple R-squared 0.7395 0.9895 0.7764
Adjusted R-squared 0.6092 0.9685 0.6646
F-statistic 5.676 47.06 6.944
p-value 0.01824 0.001082 0.01026

In order to further analyse the possible effect of different socioeconomic and environ-
mental variables on the users sentiment on sustainability we perform a multiple linear re-
gression analysis for the six continents and most relevant countries (Table 2). Most coun-
tries and continents exhibited stronger correlations with socioeconomic variables than
with environmental attributes (see their description in [76]). In those models correspond-
ing to continents, only four variables, all being socioeconomic, were commonly present
in at least two of them, which were: Net ODA received (% of GNI), Expenditure (% of
GDP), Foreign direct investment, net inflows (BoP, current US$) and GDP growth per
capita (annual %) (see Supplementary Material Document, Table S2 and Table S3). In the
models corresponding to countries, the highest share of common characteristics in socioe-
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conomic factors was 23 followed by 21, which happened in the Foreign direct investment,
net inflows (BoP, current US$) and Cereal yield (kg per hectare) variables, respectively. By
contrast, the highest overlap in environmental variables happened in the renewable in-
ternal freshwater resources per capita (cubic metres) attribute, which was present in the
models corresponding to eleven countries (see Supplementary Material Document, Table
S4).

Focusing on Europe, we observe that the explanatory variables corresponding to the
model are: Gross capital formation (% of GDP), GNI per capita, Atlas method (current
US$), growth of GDP per capita (% annual) and donations, excluding technical coopera-
tion (balance of payments, current US$), which are all socioeconomic variables (see [76]).
However, if we examine the most relevant countries in the region, we observe: Czech Re-
public with 4 socioeconomic variables, Ireland with 2 socioeconomic and 1 environmen-
tal, Italy with 4 socioeconomic and 1 environmental, France with 2 socioeconomic and
3 environmental, Great Britain with 5 socioeconomic and 1 environmental and Belgium
with 1 socioeconomic and 2 environmental. None of the variables is common to the ma-
jority of the aforementioned countries or to the rest of the countries on the continent (see
Supplementary Material Document Table S5).

All of the above suggests a strong relationship between the sentiment expressed on Twit-
ter about ecological sustainability and specific socioeconomic factors in each region. The
multiple linear regression models are country and continent-specific.

3.2 Keywords analysis
We have carried out an analysis of the most relevant keywords used in the tweets at the
level of continents and regions. In order to do this, we have removed the initial keywords
used for downloading the tweets (see Sect. 2.1). As can be seen in Table 3 the keywords that
are present in the tweets posted from all the countries considered in our study are: clean,
make,power andproject. This result is in line with the one obtained in Sect. 3.1, which
despite being concerned with actions to be taken to solve ecological sustainability issues,
exhibited a positive sentiment.

The study also detected words that, while not common to all continents, were present
in tweets published in several of them (see Table 3). These words also referred to the im-
plementation of solutions to environmental problems, but focusing on more specific as-
pects. They were: sun, reduction, source or future. Certain words only seem im-
portant for one continent. These are those that refer to a country or city located within it

Table 3 Top 10 most tweeted keywords by continent. Only the root of the word is shown. Keywords
that are common to all continents are highlighted in bold. AF: Africa, AS: Asia, EU: Europe, NA: North
of America, OC: Oceania and SA: South of America

AF AS EU NA OC SA

afric cle cle cle australi chang
cle day futur help cle chin
development delhi help mak coal cle
mak indi london pow futur futur
nigeri indion low project investment mak
pow mak mak sol job pow
project pow near sourc mak project
reduc project news wind plan sol
sol reduc pow futur pow sourc
sourc sol project reduc project study
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(Nigeria, India, London, Australia, China) or to a specific problem (day, low,
wind,coal). The differences and commonalities mentioned above were also observed on
a smaller scale between countries on each continent (see Supplementary Material Docu-
ment Table S6, Table S7, Table S8, Table S9, Table S10 and Table S11).

3.3 Interaction networks
In this section we present the main results corresponding to the constructed networks.
We analyse the topology and characteristics of the global CNET and the specific CNETs
for each type of interaction. For the analysis carried out in this section, loops and multiple
links were removed in the raw network.

3.3.1 Network building. Community identification
We construct a network in which the nodes correspond to the 4576 communities, ex-
tracted using the Leiden method, and the links represent the interaction between users
belonging to different supernodes. For this global CNET, all types of interaction between
users were used, however, as users can decide to use any of the interactions mechanism
of twitter, we have also studied the specific networks corresponding to each type of in-
teraction: retweet, reply, or quote, in order to analyse if the results of our study could
be influenced by the type of interaction considered [50, 110, 111]. In order to do that
we carried out a dissimilarity analysis on the networks corresponding to each interaction
mechanism. In CNET’s analysis for each interaction typology, only that class of messages
was considered. The methodology applied for the construction of the CNET retweets,
replies and quotes was as follow. Firstly, each network was constructed based on an spe-
cific interaction. The users of these networks were then grouped into those supernodes
to which they belonged across the entire CNET, thus maintaining consistency across var-
ious networks and allowing the interactions made by users to be compared. In this way,
the CNETs of quote, reply and retweet were generated with 397 nodes and 934 links, 1089
nodes and 2196 links, and 4275 nodes and 8693 links, respectively (see Supplementary
Material Table S15). By keeping the same original users in each supernode for all inter-
action networks, it was possible to observe the differences that the same users showed
when participating in each type of interaction. The results of the examination, using the
previously mentioned dissimilarity metric [71], showed strong topological analogies be-
tween the different CNETs corresponding to each interaction type, as well as between each
specific interaction CNET and the global CNET (see Table S17 in the Supplementary Ma-
terial). In view of the above, and given that the global CNET provides a richer repository
of information than other networks corresponding to specific interactions, it is the one
considered in this study.

3.3.2 Analysing the community network structure
In this section we study CNET and examine the CNET skeleton. As mentioned, for the
construction of CNET, the raw network is a weighted and undirected graph. CNET is de-
picted in Fig. 2 and Table 4 shows its main statistical properties. The weight of the links is
calculated by summing the interactions between users of the pairs of communities corre-
sponding to the link.

Figure 2, describes the average sentiment of the supernodes, showing that the network
has a mostly neutral perception, as most of the supernodes have sentiment values close
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Figure 2 Visualization of CNET where each supernode represents a community. The colours in the graph
represent the average sentiment of each community

Table 4 Statistical properties corresponding to CNET and CNET skeleton

Parameter CNET CNET Skeleton

Number of supernodes 4576 4576
Number of links 9855 8506
Maximum degree 1776 1555
Minimum degree 1 1
Average degree 4.3 3.7
Diameter 3 4
Average distance between any two nodes 2.54 3.02
Assortativity –0.71 –0.74
Maximum degree centrality 0.39 0.34
Maximum closeness centrality 0.62 0.48
Maximum betweenness centrality 0.34 0.35
Maximum EHCC (δ = 0.1) 991.97 2070.31
Maximum K-risk 46,099.29 7539.07

to 0. Therefore, although certain opinions may be considered negative or positive, they
are not particularly radicalised. The supernodes with both the highest and lowest values
are located in the external areas of the network, which have the lowest connectivity, so it
is not possible to conclude that the debate is very extreme on the part of a group of su-
pernodes or that there are echo chambers that divide the population according to their
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opinions. This indicates that the debate is respectful and informative, despite the exis-
tence of interactions that show acceptance or rejection. Community 648 is representative
of communities with a medium number of nodes and clearly positive sentiment (0.8). The
most relevant hashtags in this supernode are “Earth Day” and “World Population Day”,
and the sentiment expressed is influenced by the perception towards these events. In con-
trast, community 638 also has 20 nodes and a sentiment of –0.92, with hashtags such as
‘Devastating’, ‘Pollution’ or ‘Shocking’, indicating a more defeatist community where the
debate is more general. As communities get larger and debates cover more topics, these
extreme opinions are less significant.

Regarding normalised centrality metrics in supernodes, 6 communities exhibited a de-
gree and betweenness centrality higher than 0.1. The closeness centrality was in the range
[0.33, 0.62] in all communities. Indicating high centrality values for only a few nodes in
the network, while most nodes are located at an intermediate distance in the network, so
that a large dispersion of nodes is not apparent.

Histograms of communities corresponding to mean degree, maximum and minimum
degree, as well as mean, maximum and minimum pagerank, and degree assortativity can
be found in the Supplementary Material Document, Figure S1, Figure S2, Figure S3, Figure
S4, Figure S5, Figure S6 and Figure S7. In the analysis, it could be observed that the number
of nodes in communities ranged from 3 to 1,487,676 but the majority of them had a very
low number of nodes, for example 3409 supernodes had a number of nodes less than 12.
The number of links varied from 3 to 3,515,164; 4484 communities had a number of links
smaller than 274. The average pagerank was in the range [0,0.33], and the assortativity was
in the interval [–1,0.37]. The majority of communities, 4556 (99,56%), exhibited negative
assortativity, and little likelihood exists that two supernodes with similar degree will tend
to join together.

For δ = 0.1, EHCC was in the interval [1.61, 991.97]. In 38 communities, it was higher
than 50, this once again demonstrates the existence of a small number of supernodes with
high network centrality, in contrast to the vast majority of nodes with low connectivity.
The larger EHCC was exhibited by community 5 followed by community 2. Concerning
K-risk, the supernodes that presented the highest values were labeled 0 and 6, which were
at the highest level of the k-core (see Supplementary Material Document Figure S9). At
the next level of the k-core were supernodes 18 and 28, which showed higher K-risk values
than several communities located in the preceding core. These supernodes symbolise piv-
otal elements in the information flow, despite their low centrality as indicated by classical
metrics (see Supplementary Material Document, Table S14).

In CNET, all higher centralities corresponded to community 2, except EHCC. The main
issues in this community are presented in the section Hashtags Analysis. A few highly
connected supernodes exist, and the rest of the supernodes exhibit a much lower degree.
This characteristic is typical in social networks, where a few nodes have the majority of
followers and number of interactions [112]. Figure 2 shows that most of the supernodes
have one or two links, indicating a low information flow. The network is well connected
and the presence of hubs (highly connected supernodes) indicate that information can
be transmitted from one node to another efficiently, but the K-risk analysis shows the
vulnerabilities of a high centralised network. As is often the case in social networks, it is the
central and most well connected nodes that generate the largest amount of information,
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Table 5 For CNET and CNET Skeleton, average error according to dimension, considering the
adjacency and laplacian methods for the embedding

CNET CNET skeleton

Adjacency embedding Adjacency embedding
5-10 10-15 15-20 20-25 5-10 10-15 15-20 20-25
0.30717 0.09789 0.012960 0.00640 0.29217 0.09000 0.01169 0.00603

Laplacian embedding Laplacian embedding
5-10 10-15 15-20 20-25 5-10 10-15 15-20 20-25
0.11057 0.01071 0.00248 0.00128 0.08996 0.00857 0.00100 0.00037

Figure 3 For CNET, normalised distances utilising the adjacency embedding with a dimension equal to 25,
for both pairs of connected (A) and unconnected nodes (B)

which is in turn transmitted to the outer layers of the network. These outermost layers do
not often interact with each other in discussions.

In the CNET skeleton, the maximum K-risk, degree and betweenness centralities are
those of community 2, the maximum closeness centrality corresponds to community 4575.

For CNET, Table 5 depicts the obtained E in the estimation of embeddings (both adja-
cency and laplacian approaches). It can be observed that the optimal dimension is 25.

Figure 3 shows the normalised distances between supernode vectors, for both connected
and unconnected supernode pairs, applying adjacency embedding, considering a dimen-
sion equal to 25. It can be observed that the feature vectors corresponding to pairs of un-
connected supernodes look very similar to each other, indicating that they exhibit many
commonalities in their connections to the rest of the network. Those vectors associated
with pairs of connected supernodes show the greatest differences. As shown in the Sup-
plementary Material Document, Figure S10, the same pattern is observed if the laplacian
embedding vectors are taken into account.

For CNET, Figure S11, in the Supplementary Material Document, displays the Jaccard
coefficient, resource allocation index, Adamic Adar index, and preferential attachment
score metrics. The closer this value is to 1, the more likely it is that a link between supern-
odes will be formed. It can be observed that all these normalised similarity metrics had a
value lower than 0.25.

Figure 4 depicts the CNET basic structure and the average sentiment of the supern-
odes after applying the Noise Corrected extraction method and the Threshold

filter. Due to the particular CNET structure, only a combination of all possible meth-
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Figure 4 CNET Skeleton after applying the Noise Corrected extraction method and the Threshold
filter. The colours of the supernodes represent the sentiment

ods and filters resulted in an optimal result, which was Noise Corrected extraction
method -Threshold Filter [113] (see Supplementary Material Document, Table S16
and Figure S15).

The best combination of filters and methods maintained the number of nodes equal
to 4576 but reduced the number of edges to 8506. Regarding normalised centrality met-
rics, 6 and 3 communities showed a degree and betweenness centrality higher than 0.1.
The closeness centrality was in the range [0.25,0.48]. The maximum degree and between-
ness centralities corresponded to community 2, the maximum closeness centrality was
detected in the community 4575. Community 2 showed the highest EHCC, with commu-
nity 5 coming next. With regard to K-risk, community 2 continues to exhibit the highest
value, closely followed by community 1. Community 2 is possibly the most relevant com-
munity in the network and the main topics in its debate are sustainability and renewable
energy, as will be explained below.

For the CNET skeleton, Table 5 displays the obtained E in the embedding computa-
tion (both adjacency and laplacian approaches). It can be seen that the best dimension
is 25. Figure S12 and Figure S13, in the Supplementary Material Document, depict the
normalised distances for all pairs of nodes with the optimal dimension for adjacency and
laplacian embeddings, respectively. In addition, Figure S14 displays the Jaccard coefficient,
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resource allocation index, Adamic Adar index, and preferential attachment score metrics.
Figure S12 and Figure S13 show similar connectivity characteristics for the supernodes
included in the skeleton to those observed in CNET. Figure S14 clarifies that in line with
what was previously observed in CNET, all similarity metrics indicate low possibilities of
new link formation between supernodes (all have a value lower than 0.25).

Regarding normalised centrality metrics in supernodes, all communities exhibited a de-
gree in the range [0, 0.06] and 6 communities showed a betweenness centrality higher than
0.1. The closeness centrality was in the range [0.25, 0.48] in all communities. Comparing
these measures with those of the original CNET shows a reduction in degree and closeness
centrality due to the loss of links, although the measures do not vary much. However, the
betweenness of the 6 main supernodes is not significantly reduced due to their topological
position in the network and their key role in the information flow.

3.3.3 Analysis of supernodes
In order to better understand the different characteristics of the supernodes we carry out
an analysis of their inner structure, using the aforementioned metric described in [71].
As previously mentioned, the aforementioned metric described in [71] was applied for
studying the structural dissimilarity between supernodes. After running 200 experiments,
the means in each of the three analysed percentiles were 0.18308 (± 0.09428), 0.24632 (±
0.13342), and 0.14951 (± 0.07278). The median in each took the values 0.18264, 0.23934,
and 0.14476. The minimum and maximum magnitudes were also analysed. The lowest
values corresponded to 0, 0.01097 and 0, while the highest ones were 0.44583, 0.50828 and
0.36844. The topological structure of supernodes was also examined at global level. 1000
experiments were carried out, which provided mean and median dissimilarity values equal
to 0.18898 (± 0.09357) and 0.19718. 0 and 0.61172 were the minimum and maximum
magnitudes, respectively.

It can be observed that a low topological dissimilarity exists both globally and in all
percentiles. This suggests that the variability in the internal structure of the supernodes is
small and the networks have a relatively uniform organisation in terms of the topological
structure of the nodes.

3.3.4 Hashtags analysis
Hashtags allow tweets to be categorised by topic, making it easier to identify contextu-
alised conversations, aiding marketing activities and measuring trends in discussions. Ta-
ble 6 shows the 10 most used hashtags by the users of the 5 most relevant communities.
Unlike keyword analysis, the purpose of hashtags is not to identify important information
in discussions, but instead to narrow down the topic to which the hashtags refer and to dis-
seminate them effectively across the network. We detected propagandistic or sensational-
ist hashtags such as EarthDay, CleanAirDay, WeMeanToClean or ActOnClimate.
If we focus on the hashtags of community 2, due to their relevance in terms of centrality,
we observe that these hashtags are related to the concepts renewable, pollution,
sustainable and energy, as shown in Table 6. Only one hashtag was common to all
six communities in the top 10 most prominent hashtags. A comprehensive examination of
the hashtags associated with each of these communities makes it possible to identify a pri-
mary and distinctive theme for each. For community 0, this is the pollution of the oceans.
Regarding community 1, it is the air pollution in India. Community 2 focuses on various
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Table 6 Main hashtags of the 6 largest communities. Hashtags that are common to all communities
are highlighted in bold

0 1 2 3 4 5

pollution pollution RenewableEnergy pollution ActOnClimate pollution
GoodOmens Delhi renewable airpollution pollution renewable
illustration AirPollution AirPollution London Trump energy
NSTnation indianarmy pollution ukair EarthDay green
sghaze WeMeanToClean energy renewable climate climate
EarthDay India plastic plastic RenewableEnergy solar
WorldOceansDay OddEven sustainable sustainable GreenNewDeal ActOnClimate
RunForTheOceans DELHI solar CleanAirDay ClimateChange RenewableEnergy
GreenNewDeal WEnvironmentDay renewables energy EPA plastic
lockdowneffect Diwali climatechange Fife ClimateCrisis sustainable

clean energies. For community 3, it is air pollution and plastics in Europe. In relation to
community 4, it is global warming. Finally, Community 5 focuses on renewable energies
and environmental sustainability, similar to community 2. These two communities show
similarities not only in terms of the topics of debate but also in terms of being the ones
with the highest network centrality, which is consistent with dealing with issues centred
on environmental sustainability, which is the main focus of this study.

4 Discussion
Today, ecological sustainability is a global concern that requires action in a variety of con-
texts. This study analyses the perception of this issue in Twitter conversations. Using data
from Twitter 2007 to 2022, the application of Network Theory allowed us to unravel the
complex interactions occurring on the network and the keywords used. Data analytics, in
particular, sentiment analysis and modelling techniques also allowed us to gain insight into
existing perceptions and their relationships. All of this enabled us to obtain an excellent
temporal and geographical perspective on the analysed topic.

The number of messages downloaded from Twitter exceeded 70 million, representing
more than 13 million unique users, corresponding to 6 continents and 178 countries. Ac-
cording to the analysis carried out, messages showed a mostly positive but very close to
neutral sentiment, in all studied regions. The huge number of tweets and the temporal
extension (17 years) contemplated in the analysis minimise the possibility of biases. The
sentiment displayed contrasts with sentiments detected in other works. These works stud-
ied debates focusing on environmental catastrophes or climate change, where a extreme
sentiment and polarisation was found [49]. Since this research focuses on environmental
sustainability, as well as on human-life-environment relationship, it uses a different set
of terms to the issues mentioned above. The subject of ecological sustainability seems to
elicit a less enthusiastic or passionate response among users.

The analysis identified the existence of common terms in tweets from different ge-
ographic locations, suggesting a common understanding of ecological sustainability in
different locations. It was also unexpectedly detected that the strongest linear relation-
ships occurred with socioeconomic variables, rather than environmental factors. While
the characteristic sentiment was found to be common to the locations examined, this was
not the case for all studied socioeconomic and environmental attributes (see Supplemen-
tary Material Document, Table S3 and Table S4). As result, the actions required to change
individuals’ perceptions had to be undertaken at a regional level. Notwithstanding the
above, in a few places certain similitudes between variables were detected, suggesting the
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possibility of carrying out some work on them collectively. Keyword and hashtag studies
showed a strong user commitment to environmental sustainability.

Regarding the raw interaction network, it was composed of 8,840,532 nodes and
28,403,555 links. The computation of the communities (supernodes) of this network to
create CNET (4576 supernodes) allowed a comprehensive topological analysis of it. This
study revealed a significant disparity between the communities. The structure of con-
nections throughout the entire CNET was analysed using a variety of metrics, including
adjacency and laplacian embeddings, as well as Chebyshev, Euclidean, Minkowski, and
Manhattan distances. This study found similarities in the connections established by su-
pernodes that are not connected to each other, while the biggest differences were observed
in the connections of supernode pairs that were connected, due to the structure of CNET,
where large numbers of similar peripheral nodes are linked to few nodes with high central-
ity. The overwhelming majority of supernodes (4427) correspond to communities of less
than 100 nodes, and are largely external with low centrality. Conversely, a small number of
supernodes (21) have a high connectivity, occupying central positions within CNET and
facilitating communication between disparate supernodes (see Supplementary Material
Document, Figure S8). Nonetheless, the application of new centrality measures, such as
K-risk, allowed the identification of communities that might have seemed peripheral but
played a key role in the dissemination of information.

One such community is 18, where the K-risk value was even superior even to that of
supernodes with a higher K-core. It seems to play an important role in disseminating in-
formation on a branch of the CNET. This community had 73,028 users and its primary
hashtags were ‘MSGTreePlantationDrive’, ‘MSGwelfare4All’ and ‘MSGmissionOfWelfare’,
as well as some related to pollution. A detailed analysis of this community revealed that it
was primarily made up of a religious core led by MSG “the saint.” Discourses common to
Eastern religions, such as spirituality and respect for nature, were central to this commu-
nity. The most relevant user within this community is @Gurmeetramrahim. Although it
is not typical to consider this community as a significant contributor to the discourse on
environmental sustainability, it is in fact, a supernode worth mentioning. This is due to
the fact that it spreads positive and neutral messages concerning the protection of nature
and the interrelationship that human beings have with it. Another community worth to
mention is 28 (mainly related to India), comprising 17,788 nodes, which utilised the hash-
tags ‘PollutionKiAsliJadbhagwa’, ‘EcoFriendlyChristmas’, and ‘VedicHoliHealthyHoli’. This
community was populated primarily with users from India, where environmental sustain-
ability was discussed at select events and festivals, including the Holi festival. Globally, the
sentiment of the messages exchanged in this community leans towards neutrality. How-
ever, it should be noted that, if the negativity of the sentiment, exhibited in some messages,
related to mass events criticising air and noise pollution, it was mitigated by others with
positive sentiment, which were disseminated around these festivities.

In relation to the classic centrality measures, these revealed that the central communi-
ties of the CNET were significantly larger than the rest, and their discussions, as well as
the hashtags associated with them, were more focused on pollution, renewable energies
and the environment. Nevertheless, certain particularities are observed, as is the case of
community 6, whose most prominent users are @BillGates and @BBCWorld. The main
focus of their discussions was China, India, covid19 and technology, with special empha-
sis on environmental sustainability. Community 5, which was identified as a notable case
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in the EHCC analysis, showed a prevalence of hashtags related to environmental sustain-
ability, similar to those observed in community 2. Therefore, it is not surprising that one
of the main users of this community was @EcoWatch, an environmental news organi-
sation. In Community 4 the predominant hashtag was Trump. A closer look at the data
reveals that notable users include @HuffPost and @TIME, two prominent newspapers,
@CoriBush and @laurenboebert, two American politicians, and finally @WhiteHouse, the
official White House account. This community approaches environmental sustainability
with a political vision, influenced by the American political situation, and, consequently,
with references to Trump, identifying the community 4 as a predominantly North Amer-
ican hub. It is worth highlighting the existence of a neutral sentiment despite highly po-
larised topics such as politics and the environment being discussed in the debates. The
above seems to suggest that the terms used in obtaining the data set influenced the exclu-
sion of the most radical tweets, showing the debates as a focused and respectful dialogue.

The debate in Community 2, which is the most notable according to the centrality met-
rics with the exception of EHCC, is about global sustainability in the world. Its users in-
clude @ClimateGroup, a non-governmental organisation dedicated to addressing solu-
tions to climate change; @GerdaVerburg, former Dutch Minister of Agriculture, Nature
and Food Quality; and @fbirol, executive director of the International Energy Agency
(IEA). The participation of people who have qualifications, an influence and a strong com-
mitment to improving environmental sustainability is important within this community.

Despite the differences in the approaches and issues that the examined communities
show in discussions concerning environmental sustainability, the network maintains a co-
herent and cohesive debate, with a largely neutral sentiment in the messages in the main
communities (see Table S18 in the Supplementary Material). Notice that the nature of the
conversations analysed in this research is different from others ones with a higher ideo-
logical content [114, 115] and [116]. In the network we studied, although certain commu-
nities might have different opinions, there is no clear confrontation between ideologies in
relation to environmental sustainability. This could be the reason why we did not find the
same level of radicalization and confrontation as in [114, 115] and [116]. It should be noted
that we found mostly neutral and slightly positive sentiment, which makes our study not
comparable to the toxicity analyses conducted by [116] and [117]. In addition, the anal-
ysis methodology of [116] and [117] is based on deep learning models of toxic language,
which is different from the sentiment analysis we performed. As in [117], our study finds
size differences between the retweet network and the reply/quote networks. Additionally,
we also detected different sizes in CNETs. The analysis in [117] shows high toxicity, which
may be expected in climate protest network conversations, both in discussions occurring
internally and between different ideological communities. It is worth mentioning that the
communities in the network examined in the research that we described in this document,
as mentioned, were established by analysing the topological structures of the network (us-
ing Leiden’s method) and not by ideology. In contrast, sustainability debates tend to be less
controversial because they are less burdened by ideological and political divisions than the
climate change debate.

Focusing on the period spanning the last 5 years, we observed some events related to
environmental sustainability that were relevant on the network. These included ‘Sustain-
able Food Development in the EU’ and the ‘Banning of Palm Oil in EU products’ in 2020,
with a majority of positive tweets for them. Globally, both events generated a slightly pos-
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itive but very close to neutral sentiment. In addition, other events took place such as the
‘Industrial Emissions Reduction Plan in China’ in 2021 registering a majority of positive
tweets but also a high number of neutral and negative ones. Another was the ‘Tesla Re-
newable Energy Project in Australia’ in 2017 with a vast majority of neutral tweets. The
specificity of the search that was carried out regarding environmental sustainability and
not climate change excluded some events such as climate summits and shows other events
more related to environmental policies, seeming to generate sentiments close to neutrality
(see Supplementary Material Document, Table S19).

In the CNET, as observed in Fig. 2, few supernodes perform most of the interactions.
The large number of small supernodes demonstrates a lack of multi-level debate. Based
on both Fig. 2 and Twitter’s own features, it seems that information is disseminated to the
larger supernodes. By contrast, the smaller supernodes receive information but do not
participate very actively in the conversations. It is interesting to highlight that the metrics
used to study the possibilities of link formation between supernodes also showed small
values.

The low connectivity of some supernodes shown on CNET might be a difficulty for
communication between certain communities. Communities that are relatively small in
relation to large central nodes need central nodes to exchange information, so commu-
nities with air pollution dialogues such as 269 and 349 could exchange information in a
biassed way, as they would be forced to communicate with intermediary central commu-
nities. Greater connectivity between lower level supernodes could help solve issues at the
local level. According to CNET structure, dialogue between smaller regions with similar
problems may be reduced because they require a higher entity to centralise the dialogue.
If horizontal communication occurred more frequently between supernodes, local con-
ditions that prevent solutions to global issues involving ecological sustainability could be
shared. This would prove to be a huge aid in tackling such problems.

In conclusion, the results provide a comprehensive view on the perception on ecological
sustainability on Twitter. The differences and commonalities found between regions (key-
words, hashtags and multi-linear regression models) prove both the enormous complexity
of the problem and the need to find solutions for each location. It is necessary to promote
participation as well as achieve more diverse debates, and consequently, increase connec-
tivity between supernodes. The quicker people become aware of current environmental
problems, the sooner it will be possible to take steps to preserve the natural environment,
protect human health and reverse the negative effects of human activity on the planet.

In future research, based on data already downloaded from Twitter, we will analyse the
CNET dynamics, studying its evolution by time ranges. This will make it possible to know
if new structures are formed as a consequence of the modification of both nodes and links.
Some competitive strategies can also be investigated as models for exchanging messages
between supernodes in order to increase their connectivity and influence users’ percep-
tions.
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