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Abstract

In this study we analyze the Twitter (now X) Friendship Network, focusing on users relevant to the energy sector, spotlighting
experts, professionals, and businesses connected as ‘following’. By analyzing their connections, we identify clusters within this
network, revealing how they are grouped based on their roles. We show how the natural formation of these clusters on social
media platforms like Twitter, significantly impacts public discourse around energy and related critical issues such as climate
change. We also highlight how the dynamical interplay of misinformation leads to the formation of polarized user groups that

often result in disengagement from online discussions. These clusters define small groups with shared ways of communicating.
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Unlike broader networks, information exchanges here are sparse, typically involving accounts set up for precise business aims.
Moreover, we exploit a Machine Learning approach to detect key members in these specialized groups and to uncover how these
groups stay connected. This approach let us gain insights into corporate communication on social media, offering a fresh view on
professional networking. Our findings highlight how companies in the energy sector use Twitter to coordinate their activities,

with key institutions playing a central role in keeping these networks organized.

Keywords: Twitter; Energy experts; Graph traversal; Node classification; Social media; Social networks; Machine

learning; Network analysis

1. Introduction

In recent years the role of online social media has become of strategic importance in many business sectors,
including marketing and advertising, retail, and e-commerce but also more in general for education, research,
policymaking, and more. It serves as a common platform where companies, institutions, and individuals can freely
express their opinions trying to impact the public discourse. However, the vast flow of information on these
platforms, often coming from untrusted sources, is unranked and continuously refreshed, leading to a mix of
accurate and misleading statements. Without a structured system to verify content, misinformation can easily spread,
leaving news open to misinterpretation and potential misuse.

In this work, we propose a novel approach to understanding online discourse around energy and climate change, a
topic of vital global importance. By analyzing Twitter networks with Machine Learning (ML) techniques, this study
offers insights into how information and misinformation spread, how communities of experts influence public
opinion, and how digital platforms can both hinder or help public understanding of complex issues.

ML, a subset of the broader field of artificial intelligence, involves algorithms and statistical models that allow
computers to perform tasks without explicit instructions, instead relying on pattern learning and inference reasoning.
It’s instrumental in analyzing vast amounts of data to uncover hidden patterns or predict future events. In the context
of social networks like Twitter, ML can classify nodes (individual accounts or entities) and their connections,
revealing how these nodes cluster into communities or subgraphs (i.e. a portion of a graph that consists of a subset
of nodes from the original graph along with all the edges that connect nodes inside that subset), based on shared
interests or interactions.

Twitter fosters the exploration of the information produced in the media, through a connection mechanism that
enables one user to follow others and see their posts without the need for a mutual following. This unique setup
means you can have a wide audience without needing to follow everyone back, focusing on updates from chosen
contacts. We tapped into this mechanism to study how energy sector professionals connect, using a method that
identifies and follows these connections to map out a network of industry-related discussions, named Friendship
Network. Similar to research on global health organization networks, this approach helps us to detect key
individuals and groups in the energy debate, using technology to filter relevant participants for closer examination

[1].
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After mapping the connections between Twitter users interested in energy topics and refining the data with an ML
classifier, we examined a detailed subnetwork, or subgraph, featuring thousands of nodes (users). This sub-graph
was then analyzed for additional connections, particularly focusing on mentions among users. Essentially, we looked
at two types of connections forming a complex, layered network, where the same users could interact in different
ways. This method helped us identify distinct groups within the network, each with unique patterns of
communication such as how often they tweet, mention, or retweet each other. The specific objective of this work is
to explore the dynamics within Twitter communities discussing energy and climate change, employing machine
learning to classify nodes and understanding how these nodes create specialized subgraphs or communities around
these pivotal topics. The chosen theme related to energy and climate change was due to the critical and urgent nature
of these issues. Climate change represents one of the most significant challenges of our time, impacting global
ecosystems, economies and societies. The role of energy transition in mitigating climate change effects is equally
crucial, necessitating broad public engagement and informed policymaking. Notably, our analysis reveals
heterogeneous communication styles across these groups. For example, energy institutions play a pivotal role,
typically acting as connectors among various smaller groups, while companies tend to interact less directly with
each other. This approach provides a rich understanding of the discussion dynamics in social networks, spotlighting
the intricate web of relationships among institutions, companies, experts, and journalists interested in energy topics.
Each identified sub-group within the larger network has its unique way of engaging and sharing information,
highlighting the diversity of dialogue in the digital realm of energy discussions.

2. Background

Researchers like Barreto and Alzanin et al. have shown that social media can magnify misinformation, leading to
"echo chambers" where biased information circulates among like-minded users, as identified by Del Vicario et al.
Despite access to original content, its meaning can quickly become distorted, affecting how easily it can be found
and understood. This overflow of information, combined with natural cognitive biases, fosters misinformation and
polarizes users, a phenomenon also noted by Bessi et al. in the context of platforms like Facebook and YouTube.
Weng et al. explained how this leads to a competition for attention, with certain topics becoming viral as they are
amplified by users with many connections, while other topics fade away unnoticed [2-7].

The intense flow of messages and alerts on social media can overwhelm users, significantly reducing their likelihood
to engage in conversations. Research, like the study by Gunaratne et al. highlights this by showing that when users
receive 30 or more notifications an hour, they often withdraw from discussions. This phenomenon, known as
"information overload.” has been linked to reduced communication quality, ineffective marketing efforts, and lower
productivity and performance, potentially leading to significant economic impacts, with losses estimated at 650
billion USD in 2007 [8, 9]. The term "death by information overload" has been used to describe this overwhelming
state [1].

In essence, the flood of information, alongside deliberate algorithmic shaping of social media into echo chambers,
and the creation of polarized user bubbles, makes accessing high-quality content challenging, thus dilute the quality
of public discourse[4]. In this environment, identifying and amplifying voices of authority and communities that
share common goals and engage with quality content becomes crucial for cutting through the noise of these vast
networks.
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The methodological approach of using machine learning for node classification and graph analysis finds resonance
in the literature. Similar techniques have been employed in studies aiming to understand the structure and dynamics
of social networks, including the generation of realistic synthetic social networks [10, 11]. These approaches
underline the value of advanced computational methods in dissecting the complexities of online social interactions.
Moreover, the findings underscore the role of key influencers and organizations within the Twitter communities
discussing these themes, which is a common thread in the literature on social network analysis and community
detection [12]. Understanding these roles is crucial for strategizing more effective communication and engagement
on environmental issues, as indicated by studies that explore the impact of influencers in disseminating scientific
knowledge and countering misinformation [13]. In the digital world of social media, identifying relevant groups and
conversations is a challenge intertwined with navigating the vast networks of users. Community detection, as
outlined by Fortunato and Rani et al, involves finding groups within these networks, defined by specific criteria such
as shared interests or viewpoints [14, 15]. For example, Williams noted that distinct communities form among users
engaged in debates on topics like climate change, identifiable through their interactions and shared references [16].
The key lies in defining how connections are made, whether through mentions, shared hashtags or mutual followers,
88 to uncover these "communities of practice" (organized groups of people with a common interest in a specific
technical or business domain that regularly collaborate to share information, improve their skills, and actively work
on advancing their knowledge of the domain) [2]. Modern network analysis uses multilink or multilayer graphs to
represent these intricate relationships, offering a detailed view of how various user groups communicate and
connect. This approach allows for a nuanced understanding of social media landscapes, highlighting the importance
of identifying not just any connections but the right ones that reveal the structure and dynamics of user communities.
The study’s results, focusing on the dynamics within Twitter discussions around energy and climate change, reveal
intricate community structures and influencers driving the discourse. Comparing these findings with similar research
uncovers a nuanced landscape of online conversation regarding climate change.

One significant aspect is the growing polarization around climate change on social media, as highlighted in recent
analyses [17]. For instance, a study on Twitter conversations related to the Conference of the Parties (COP) climate
summits found an increase in polarization, with user ideologies showing more distinct clusters by COP26 compared
to earlier summits (Nature Climate Change). This polarization is characterized by the division into majority and
minority actors, with the majority leaning towards pro-climate views. This phenomenon underlines the ideological
divide and it’s deepening over time, which parallels the findings of the study in the discussion, emphasizing the role
of key influencers and the ideological segmentation within Twitter communities focused on climate change and
energy.

Moreover, the examination of climate change sentiment on Twitter using a multi-dimensional approach, including
stance, sentiment, and topics, underscores the complexity of public opinions on climate change [18]. This approach,
contrasting with more traditional sentiment analysis, enables a more comprehensive understanding of how climate
change is perceived across different global regions, aligning with the objectives of the discussed study to map out
specialized communities and understand their discourse patterns.

Lastly, the influence of fossil fuel firms in reframing online climate and sustainability communication is another
critical point of comparison [19]. The strategic communication by these firms, alongside NGOs and 1GOs, shapes
the public discourse on sustainability and climate change, revealing the power dynamics at play within online
conversations. This mirrors the discussed study’s insights into how different stakeholders, including companies and
institutions, influence Twitter discussions on energy and climate change.

In our research, we’re looking at social networks in a new light, moving beyond traditional Community Detection
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(CD) that focuses on how tightly-knit groups of accounts are. Instead, we’re diving into the attributes of individual
accounts, categorizing them as we go through the web of connections. This process, known as node classification,
allows us to sort accounts based on their specific characteristics.

Furthermore, we’re incorporating the concept of multiplex networks into our analysis to understand better how the
same accounts interact across different contexts—Ilike how someone might be connected in one way through public
mentions and in another through direct friendships [20]. Multiplex networks, which capture these layered
interactions, have been instrumental in analysing complex systems in a variety of fields, from biology to societal
structures, and even in the study of transportation and infrastructure [21-23].

The multiplex network approach we used in our study adds a layer of depth by tracking how individuals engage
across different types of communication. This method expands traditional ways of measuring importance (centrality)
in a network by considering both direct connections and the broader context of those connections across different
layers of interaction. For instance, the concept of multi degree reflects how well-connected someone is within each
layer of the network. By evaluating centrality across multiple layers, we can better understand an individual’s role in
spreading information through various channels.

When it comes to identifying communities within these multiplex networks, our goal is to uncover cohesive groups
that remain consistent across different forms of interaction [24]. This process reveals the network’s underlying
structure by considering the full spectrum of connections. Additionally, using algorithms that evaluate how
segmented (modular) these networks are, we gain insight into how information flows within them. Generally,
networks with higher segmentation see slower information spread, highlighting the intricate balance between
connectivity and the dynamics of information transmission.

3. Methods

The innovation introduced in this work regarding the creation of the skilled user network is related to the fact that
the generation of the network of interactions is not due to any mentions, retweets, or replies present in the texts of
tweets downloaded from Twitter through a filter based on a Bag of 139 Word (BOW) of terms associated with the
topic in question, but it is related to a seed of verified users, known as players who play a top-level role in the issues
related to the topic in question. Starting from the seed of verified users, then, through the Twitter API, the
descriptions of the first-level Friends were downloaded; through manual classification work, the descriptions were
classified in terms of whether they were relevant or not to the topics of the discussion in question. This classification
was used to train a supervised ML model to further classify, this time automatically, the Friends descriptions of the
first-level users (only those classified as actors participating in discussions related to the topics of the discussion at
hand), correspond to the second level Friends of the users belonging to the network seed. The final network is
therefore composed of three levels of users: the seed (in the order of tens), their first-level Friends manually
classified (in the hundreds) and their second-level Friends classified automatically by the model ML (in the order of

thousands).

Once the network described above was obtained, the timelines of the discussions on the Twitter social network of
users of all three levels were then downloaded, to be able to analyse the discussion topics, study the discussion
communities from the topological properties of the graph, and the study of the texts of the tweets, discover the
volume peaks of the various comparisons between users in the time series and more.

More details about methods can be found in the supplementary material [3].
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4. Data Preparation

To obtain a network of high-quality users on a specific topic of discussion, it is necessary to choose the list of users
of the initial list, the seed of the network, shown in the supplementary material, with the best possible criteria
available [4].

Given the context of the discussion, it was decided to extract the starting seed from a list of energy sector companies
in Italy; the list was obtained through queries made with the Bloomberg terminal which returned a list of 32
companies for which we made queries to the Twitter API to obtain user descriptions defined on the social network.
From the descriptions above, it has been possible to manually perform a first filter that allowed the users of the seed
to be selected based on whether or not there were terms related to energy and the green economy in their user
descriptions defined on Twitter; this preliminary operation led to a list of 14 users, shown in the supplementary
material, belonging to the network seed [5].

Having available the list of Twitter accounts of users belonging to the seed of the network that is being built, query
codes of the Twitter API have been activated to perform get friends_list() operations to obtain the list of all Friends
of the users of the seed, obtaining a list of 740 unique users (see supplementary material for details) [6].
To manually classify the 740 users identified as described above, the descriptions of the users who make up the
seed, shown in the table above, were taken into consideration, to extrapolate from these the terms that were
considered most relevant to the object of the research of this project; some of these terms are, for example, energy,
gas, methane, fuel, etc. This led to obtaining a selection of 210 users that wrote posts in the English language and
that are classified as "related to energy discussions" [7].

Having available the list of Twitter accounts of the first-level Friends selected and classified as positive, query codes
of the Twitter API have been activated to carry out get friends_list() operations to obtain the list of all the Friends of
the First-level friends selected and classified as positive, obtaining a list of second-level Friends consisting of more
than 60 unique users.

Once the datasets of the descriptions classified manually have been properly defined, this has been used to develop
an ML model able to automatically classify the list of second-level Friends. To find the most accurate classifier for
our purposes we performed a Grid Search analysis over the following ML algorithms:

By comparing all the results obtained for all the models with the variation of all the parameters within the ranges of
allowed values, it turned out that the most performing model from the point of view of accuracy is the Decision Tree
Classifier ,for which accuracy of 0.80 was obtained with the following values of the parameters: criterion="gini’,
splitter="best’ min_samples_split=0.02, min_samples_leaf=0.04, max_features=0.55, random_state=581.

The model obtained with the techniques described in the previous paragraph was then applied to the second-level
Friend dataset to obtain the automatic classification of the Friends based on the content of their descriptions set in
their Twitter social network profile.

The classification results have been that the number of users classified as positive has been equal to 4620. From a
manual sample check on the results, it has been found that the automatic classification led to statistically significant
results relative to the quality of the selected users. The statistical analysis conducted to assess the quality of the
selected users involved 189 drawing a random sample of 100 users from those chosen by the ML model. This
analysis included manually reviewing the account descriptions and the texts of their most recent tweets (the last 5)
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taken from their timelines. The outcome of this analysis revealed that 95% of these descriptions were perfectly
relevant to the expected profiles, 4% of the descriptions were somewhat ambiguous and could not be confidently
classified, and 1% of the descriptions did not match the expected profiles (Table 1).

Consequently, the final dimensions of the dataset classified as positive, considering the seed together with the first
level Friends manually classified as positive and the second level Friends automatically classified as positive with
ML techniques, are equal to 4844 not unique users (14 from the seed, 210 from the first level Friends and 4620 from
the second level Friends) More details about data preparation can be found in the supplementary material [8].

Table 1. Tested models descriptions.

Model Name Description

K Neighbors The K Neighbors model belongs to the category of instance-based learning, where
Predictions are made based on the majority class of its k nearest neighbors in the
feature space.

SGD The SGD Classifier model is distinguished by its ability to efficiently handle large-
scale datasets due to its stochastic gradient descent optimization, offering faster
training times compared to traditional batch gradient descent algorithms.

Decision Tree The Decision Tree model stands out for its ability to partition the feature space into
a hierarchical structure of decision nodes, allowing for interpretable and easily
visualized decision-making processes.

Gradient Boosting Gradient Boosting is a machine learning model known for its iterative optimization
approach, wherein subsequent models are trained to correct errors made by the
previous ones, leading to enhanced predictive performance compared to individual
models.

Random Forest The Random Forest model stands out due to its ensemble approach, combining
multiple decision trees to enhance prediction accuracy and robustness.

Multi-Layer Perceptron The Multi-Layer Perceptron model stands out for its ability to handle complex non-
linear relationships and patterns in data due to its deep architecture with multiple
hidden layers.

5. Networks Construction

The datasets in the previous paragraph were used to build the interaction network between users. The criterion used
to relate users to each other is the status of Friend, that is, the fact that a user appears in the friend list of another
user. By applying this criterion, a network has been created with 4844 unique users and 13806 links. In addition to
this Friendship Network, we downloaded the timelines of all these users and built another network based on the
mentions and the retweets in the discussions of these users, obtaining a Mentions Network with 2094 nodes and
32824 links in the greatest cluster of connected users (starting nodes were the same of the Friendship Network, but
using this approach can generate several small isolated clusters of users that we ignored in our study since they do
not contribute to interesting results).
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Figure 2. Degree distribution of mentions
network.

This allowed us to compare the two networks in terms of centrality measures and communities and evaluate the
differences and strengths of both solutions. For example, it can be seen that the degree distribution of the Friendship
Network, shown in Figure 1 is more related to a power-law trend than the one of the Mentions Network, shown in
Figure 2 with the consequent presence of hubs, as discussed in the Results section. More details about network
construction can be found in the supplementary material [9].
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5.1 Users Classification Based on Company, Institution, and Expert User Labels

To better understand the role of the hubs we created another classifier this time targeting 4 node categories
(institutions, companies, experts, and others).

With manual training, we taught the ML systems to recognize these categories and apply the labels to all nodes. The
data shows that the majority of the hubs belong to the "institution" category as demonstrated by the higher average
degree shown in Table 2.

This data has been prepared using a Stratified K-Folds cross-validator to provide train/test indices to split data into
train/test. The choice of this particular cross-validator has been mandatory because of the inequality between the
classes in the dataset.

The classifier has been developed using a Naive Bayes classifier since it is particularly suited for imbalanced data
sets.

Users have been classified using their description as the main feature of the classifier. After a community detection
analysis, we have discovered that in the Friendship Network, there are dedicated communities for each of the
selected categories (Institutions, Companies, etc.) confirming that they have well-separated roles and ways of
communication.

Also, the Mentions Network is strongly influenced by the role of institutions (see supplementary material for details)
[10]. This result confirms that, whatever the way we make the network, this category is the one that keeps strong the
interactions between the other players and, therefore, the one that drives the discussion.

6. Results

The two networks, Friendship and Mentions, were analyzed individually with the classical complex network
methods, and with the modern multiplex methodology. Figure 3 shows a representation of the Friendship Network
while Figure 4 shows a representation of the Mentions Network; in both, the hubs are highlighted, and detected
communities are distinguished based on the color of the nodes. The basic idea is that the acquaintances among the
nodes can be expressed both by the friendship relationship and the mentions. While the friendship relation is a direct
unweighted link, the mention is a direct and weighted relationship (counting the number of times node A mentions
node B); the Mentions Network can therefore be used to purge the weak links and to find the users that engage in
frequent conversations, performing in this way an active node classification [11].
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Figure 3. The Friendship Network.

In summary, we recovered Sk nodes with 14k links for the Friendship Network and 2k nodes with 32k links for the
Mentions Network; interestingly, the overlap between the links of the two networks is not large, only 5% of the links
is in common in the intersection of the two networks, indicating that being a follower is not equivalent, at least in the
community of practice of the Energy, to engage in conversations and cite other users. An important tool to study the
networks is represented by the degree distribution. Fitting the tail of the degree distribution with a power law reveals
the presence or absence of a power law distribution of the degree.

y=Xx-a

As it is explained in, the fact shown in the Network Construction section (i.e. the different power law trends in the
two networks) led to broad implications for the structure and dynamics of complex systems [25]. A strongly scale-
free structure is empirically rare while for most networks, log-normal distributions fit the data as well or better than
power laws, so this means that the Friendship Network is an ideal benchmark to characterize the energy discussions.
This has profound implications for the structure of the networks that in the power law case are dominated by large
hubs, nodes having a large number of friendship connections or citations. These hubs are the main originators of
information in the network and those that ensure that a piece of news or a message is delivered to the final recipient.
To better understand the role of the hubs we created another classifier this time targeting 4 node categories

nn nn

("institutions", "companies", "experts", and "others"). With manual training, we taught the ML system to recognize
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these categories and apply the labels to all nodes. The data in Table 2 show that the majority of the hubs belong to
the "institution" category and have a high average degree. The prevalence of institutions among the most connected
nodes implies that this network is working mostly due to the role of the institutions that act as a hub connecting all
companies and expert users. A list of the most connected nodes is presented in Table 3. Another possible analysis is
the community detection of the single multiplex network composed of friendship and mention links, as shown in
Figure 5. The procedure to find communities in the multilayer or multiplex network has been described in the

supplementary material [12].

Figure 4. The Mentions and Retweets Network.

Table 2. The users classified by role with their
average measures.

Avg Followers Avg Friends Avg Statuses Avg Degree

Role

Company 13004.6
Expert User  10022.9
Institution 17148.8
Other 212104

1090.8
1503.2
1488.1
1636.2

4296.7
8417.6
7200.6
9600.0

6.5
43
12.0
5.6
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The results are interesting and presented by summary statistics in Table 4 while the density of links is in Table 5.
The community (labeled as “6”), with 1062 nodes, has a high average degree, which is a signature of the presence of
many institutions, (21% of the total nodes), the same community is also balanced Expert Users and Companies. The
community represents the dense core of companies and institutions that are closer in business and social networks.
The other communities appear to be less connected (lower average degree). Notice that there is no clear correlation
in this table between the social network popularity measures and the composition of the community in terms of
roles. Interestingly there is also a large community (labeled as “3”’) having the largest fraction of expert users; this
community has indeed a low average degree. Experts, in other words, are less likely to connect and form
clusters instead they compete for the same space in terms of user attention, likes, and so on.

These results align perfectly with others present in the literature on the topic of energy and climate change [26, 27].
Previous works like Cortés P.A. and Quiroga R. (2023) compared diverse platforms through which climate change
discussions are propagated and highlighted the unique role of Twitter in facilitating real-time and widespread public
engagement. Pearce W. et al. (2014) study complements the methodology of identifying active nodes within
communities of practice, described in this work, suggesting that significant climate events or publications can act as
catalysts for community formation and engagement on Twitter.

Table 3. The most important nodes by degree and their role.

Twitter Account Degree Reference

EU ENV 1771 Institution
GreenCogEU 530 Institution
arikring 411 Expert User
EnergyDemand 292 Institution
EUEnvironment 288 Institution
euenergyweek 239 Institution
DrJoeNyangon 214 Expert User
Albanian_Energy 181 Company
Eurogas Eu 168 Company
Climate Rescue 152 Other
EU ManagEnergy 152 Institution
Ed_Crooks 151 Expert User
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Table 4. Community detection on multiplex network, with the social impact of each community with at least
10 nodes each.

Avg Avg Avg Avg  Expert % Comp. % Instit. % Oth. % Nodes
Community Foll. Friends Tweets Deg.

0 15991.0 17243 10211.0 6.6 28.9 25.2 12.2 33.7 5273
3 13652.8 932.0 3600.8 35 38.5 5.6 15.1 40.9 1475
6 15244.2 1165.7 4262.9 12.3 27.9 26.6 20.9 24.6 1062
16 17942.6 1454.8 7368.2 3.8 34.5 3.7 9.1 52.7 804
7 25605.0 849.7 3817.6 3.5 21.5 9.1 23.8 45.7 265
8 4666.2 1233.8 4171.8 2.4 11.4 6.3 13.9 68.4 158
30 1284.4 1810.0 1781.3 22 44.4 11.1 11.1 333 18
18 8014.8 764.5 4662.2 32 16.7 0.0 0.0 83.3 12

Table 5. The density of links between the classified nodes allows repetition as we have two equivalent layers

of the multiplex network.
obj_start obj_stop Counts Cross
Density

Institution  Institution 2146 0.005441
Institution Other 3762 0.003562

Other Other 9328 0.003297
Institution ~ ExpertUser 2853 0.003243
Institution ~ Company 1559 0.002783
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Other Institution 2836 0.002685
Other ExpertUser 6251 0.002653
Company  Institution 963 0.001719
Company Company 1324 0.001664
Other Company 2027 0.001351
ExpertUser ExpertUser 2638 0.001344
Company Other 1865 0.001243
ExpertUser Other 2823 0.001198
ExpertUser Institution 991 0.001126
Company  ExpertUser 1242 0.000994
ExpertUser Company 816 0.000653

The results provided by Dellmuth L. and Shyrokykh K. (2023) extend the potential of Twitter data, discussed in our
research, to inform not only community dynamics but also policy development and governance strategies in the
context of climate change. Fownes J. R. et al. (2018) already underlined years ago the platform’s role in shaping
public opinion and the importance of understanding the network dynamics that facilitate these discussions, as we
mentioned in this document [28-30] . Erokhin, D. and Komendantova, N (2023), and Kolic et al. (2022) both
provided insights into the structure and content of climate change discussions on Twitter: their analyses, which
included the examination of controversial discussions and the application of unsupervised methods to quantify
conversation structures, present methodologies, and findings that enrich the understanding of how Twitter serves as
a battleground for climate change narratives [31, 32]. Torricelli et al. (2023) illustrated how external events
influence online discourse, which aligns with the idea of active node classification by showing that specific events
can activate or intensify discussions within identified communities of practice. These studies, alongside our
approach of active node classification, underscored the complexity of Twitter as a space for both consensus-building
and controversy around climate change. Moreover, these results extend previous literature on active node
classification and multiplex network analysis [33-36]. For example, compared with Laishram, R. et al. (2019), our
study shares a focus on multiplex networks but stands out for its application of machine learning to classify active
nodes, enriching the understanding of community formation and interaction patterns; similar to Himelboim, I. et al.
(2017), it delves into the structural analysis of Twitter networks but it distinguishes itself by identifying active
participants within communities, offering insights into the roles individuals play in disseminating information and
shaping discourse; while Abitbol, J.L. et al. (2021) and Orhan, Y.E. et al. (2023) explore Twitter interactions from
socioeconomic and political perspectives, respectively, this study complements these approaches by highlighting the
practical applications of identifying communities of practice, especially in professional and thematic areas; the focus
on active node classification in identifying communities of practice integrates with Li, J. and Chang, X. (2023),
emphasizing the proactive identification of influential nodes within communities that could be pivotal in
misinformation campaigns or fact-checking initiatives; both studies utilize Twitter data but apply different
frameworks and analyses to achieve their respective goals, showcasing the diverse applications of social media
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analysis in understanding both community behaviors and strategies for information verification. Hanteer O. and
Rossi L. (2019) share a thematic approach with our work, yet our emphasis on active node classification within a
multiplex framework offers a more dynamic view of community interactions and information flow, focusing on user
engagement and network activity [37,38].

The application of multiplex network analysis in this paper is a sophisticated approach that considers the complexity
of social interactions on platforms like Twitter. Studies like Kivela et al. (2014) have emphasized the importance of
multiplex networks in understanding the multifaceted relationships and interactions in complex systems, suggesting
that single-layer network analysis might overlook crucial dynamics. The community detection approach, especially
within multiplex networks, has been extensively studied. This work introduces an innovative method for analyzing
Twitter data to identify and analyze communities based on their interactions and topics of discussion, that integrates
and extends the standard approach described in Zhai X. et al. (2018). This approach leverages ML for classifying
nodes and employs graph traversal within a multiplex network framework, emphasizing the importance of different
types of interactions (such as mentions and friendships) in understanding community dynamics. Much like the work
of Fortunato (2010), this paper’s methodology highlights the significance of identifying sub-communities or groups
within larger networks based on their interactions and connections; the ability to detect these communities allows for
a deeper understanding of how information flows and how cohesive groups form around specific topics[39-42]. The
emphasis on institutions as key nodes within the network aligns with findings in the literature on the role of
influential users or opinion leaders in shaping discourse on social media. For example, studies like Cha et al.(2010)
have explored the concept of influence on platforms like Twitter, identifying that users with the most followers are
not necessarily the most influential in terms of retweets or mentions, which is a nuanced view also reflected in this
paper’s analysis. Finally, the notion that the structure of social networks affects the spread of information and user
engagement can be related to the findings of Gongalves et al. (2011), who discussed the saturation of information on
social media and its impact on user attention and content dissemination [43].

7. Conclusions and Future Research

The work described in this manuscript is significant for several reasons: i) it offers a sophisticated method to analyze
social networks, specifically Twitter, by identifying communities of practice; this contributes to a deeper
understanding of how individuals and groups interact within the platform, especially around specific topics or
interests; ii) by focusing on active node classification and employing graph traversal strategies within a multiplex
framework, the research provides insights into how information flows and evolves within and across different
communities on Twitter; this is crucial for studying dissemination patterns, including how knowledge, beliefs, and
misinformation spread; iii) the methodology helps pinpoint active nodes or key influencers within communities,
which can be invaluable for various stakeholders, including marketers, policymakers, and social scientists, to
understand who drives conversations and how they might influence the broader network; iv) understanding
communities of practice on social media can inform more effective communication strategies for organizations
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looking to engage with specific audiences, influence public opinion, or market their products. It can also aid
policymakers and activists in crafting messages that resonate with their intended audiences.

Graph traversal methods benefit from node active classification made by machine learning techniques. Guessing the
role of a node in advance is a way to save computing time, avoiding costly explorations on the node neighbors, and,
at the same time, it is a method to improve the effectiveness of subgraph reconstruction. With this in mind, this work
explores how a small seed of nodes belonging to the world of energy generates a large graph of energy experts,
institutions, and other companies that form a Friendship Network on Twitter. We then complemented the analysis by
looking for the multi-layer network of the same users when they mention each other in tweets over the space of
several years: the Mentions Network is the second layer inter-connected to the friendship one. Community detection,
and node popularity measures (such as centrality, degree, assortativity, and Twitter statistics) together with
specialized ML classifiers allow for further reconstruction of communities of practice by checking if a node is an
institution, a company, or an energy expert. This fine-grain ML classification is useful to understand the functioning
of the overall multi-layer network and to reveal how such a network is maintained by the institution nodes that
create the majority of the re-shared contents and are actively mentioned by companies and experts. In this network,
the peculiar behavior of the institutions is the glue that maintains the network functioning, and the information flows
from them to the companies and the experts. This feature indicates that the institutions are using Twitter to
communicate their decisions, new regulations, suggestions, and news, experts are commenting on the novelties, and
companies reacting to the announcements with new business strategies. Finally, companies are using Twitter for
marketing campaigns, events, and general promotion; they do not mention each other and tend to not participate in
discussions with the general public, a communication style that is followed by experts. The approach revealed, with
numerical indicators how the network is shaped by the role of each node, and how the energy domain is sensitive to
regulations and news from official institutions.

From a methodological point of view, we introduced a hybrid approach of machine learning and network techniques
that uses the best of both worlds. In fact from one side, we were able to understand concepts such as node popularity
via centrality measures on all layers of the multi-layer network for instance; from the other thanks to the
classification of nodes according to their role we were able to recognize the communication style. This, in turn,
empowers researchers to discover the communities of practice and study the communication strategies of each group
of users. Finally, the multi-layer network theoretical framework can be considered the best and most appropriate
methodology for community detection, with a strategy that considers also the temporary links formed by node
mentioning. It is worth remembering that, despite the friendship relation, not all nodes engage in discussions. This
finding, at first, is rather surprising as one imagines a social network as a place of discussion, while our analysis
showed that many nodes (such as companies) are, instead, using Twitter for its informative abilities. As stated
previously they do not engage in discussions, they consume information from other nodes and produce news about
their campaigns, and business achievements. Future research will try to make this technique more universal, and
more "ready to use", as at this moment it requires a multi-step phase of classification, graph traversal, and filtering.
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Ideally, an intelligent system will start classifying users with minimal human intervention, just looking at their
contents and profiles. We foresee the utility of this solution, but also the challenge of a methodology of automatic
node classification, that is mostly “unsupervised” in the detection of the groups.

The practical application of the study lies in its ability to analyze and map out the dynamics within Twitter
discussions related to energy and climate change, using ML techniques. By identifying key influencers and how
communities form around discussions of energy and climate change, stakeholders can develop more effective
communication strategies. This could involve tailoring messages to specific audiences or engaging directly with
influential users to amplify important messages about climate action and energy transition. Understanding the public
discourse on social media can provide policymakers with insights into public opinion and concerns. This can help in
crafting policies that are more aligned with the public’s understanding and expectations, thereby increasing the
effectiveness and public acceptance of these policies. The study’s methodology can be used to identify
misinformation spread within online discussions on climate change and energy. By mapping out the nodes and
subgraphs where misinformation proliferates, efforts can be directed to counteract these narratives with factual
information, thus improving public knowledge of these critical issues. For researchers and advocacy groups,
understanding the landscape of online discussions on energy and climate change can aid in identifying gaps in public
knowledge, emerging trends, and areas of significant debate. This can guide future research directions and advocacy
campaigns to address these gaps and leverage areas of public interest. Companies, especially those in the energy
sector, can use insights from the study to understand public sentiment towards different energy sources,
sustainability practices, and climate change policies. This can inform corporate social responsibility strategies,
communication plans, and product development to align with public concerns and values. Overall, the importance of
this study extends across various domains, offering a valuable tool for engaging with and influencing the discourse
on energy and climate change in the digital age. By leveraging social media analytics, stakeholders across the board
can better navigate the complex landscape of public opinion and action on these pressing global issues.
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