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Preface

Social networks enable individuals to connect and share their thoughts, opinions, and emotions
through various forms of content, including documents, photos, and videos. This widespread use
of social networks has led to the generation of vast amounts of data concerning conversations, text,
audio, and video—referred to as multimodal data.

The significance of this data lies in its sheer volume, the diversity of topics covered, and the
constantly evolving nature of the language used.

The significant amount of data presents both technological and social challenges. Specifically,
it can be leveraged to tackle emerging issues such as fake news and security threats. This can
be achieved using a range of methodologies, technologies, and tools related to various fields
including human—-computer interaction, social media and artificial intelligence, social networks and
big data, virtual and augmented reality, e-learning environments, the Internet of Things, security,
entertainment, video indexing and retrieval, and communication systems for crisis management
(such as during pandemics, wars, and natural disasters).

To address these challenges, methods and tools like machine learning, deep learning, emotion
recognition, fake news detection, pattern recognition, semantic knowledge discovery, social network
mining, text mining, multimedia data mining, and studies in social and educational contexts can be
employed.

This Special Issue focuses on the methods, tools, and applications related to analyzing sentiment
scope in social networks and the examination of the massive amount of text data generated by
social media for evidence-based policy-making. It discusses the use of web data scraping to gather
information from TripAdvisor’s social pages for smart tourism consultancy. Additionally, the Special
Issue explores the implications of Social Intelligence Mining, which enhances our understanding of
the dynamics of social phenomena, influences strategies, fosters innovation, and adds value across
various sectors. The impact of digital transformation on Korean society is also analyzed by examining
social media data to assess the societal and economic effects triggered by advancements in digital
technology. Furthermore, this Special Issue investigates the influence of social media on faculty job
performance, specifically through the mediating roles of internal communication and teamwork. The
Special Issue also presents an end-to-end learning model for selecting the most influential nodes
in a social network, an effective multimodal emotion recognition system that enhances emotion
recognition efforts focusing on both audio and text modalities, and a comprehensive review of
cyber-hate sentiment analysis in multiple languages. Lastly, it introduces a domain-specific strategy
within a multi-domain fake news detection framework designed to address class imbalance in fake

news detection across various domains.

Maria Chiara Caschera, Patrizia Grifoni, and Fernando Ferri
Guest Editors
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A Space-Time Framework for Sentiment Scope Analysis in
Social Media

Gianluca Bonifazi, Francesco Cauteruccio, Enrico Corradini, Michele Marchetti, Luigi Sciarretta,
Domenico Ursino * and Luca Virgili

Department of Information Engineering (DII), Polytechnic University of Marche, Via Brecce Bianche 12,
60121 Ancona, Italy
* Correspondence: d.ursino@univpm.it

Abstract: The concept of scope was introduced in Social Network Analysis to assess the authori-
tativeness and convincing ability of a user toward other users on one or more social platforms. It
has been studied in the past in some specific contexts, for example to assess the ability of a user
to spread information on Twitter. In this paper, we propose a new investigation on scope, as we
want to assess the scope of the sentiment of a user on a topic. We also propose a multi-dimensional
definition of scope. In fact, besides the traditional spatial scope, we introduce the temporal one,
which has never been addressed in the literature, and propose a model that allows the concept of
scope to be extended to further dimensions in the future. Furthermore, we propose an approach and
a related set of parameters for measuring the scope of the sentiment of a user on a topic in a social
network. Finally, we illustrate the results of an experimental campaign we conducted to evaluate
the proposed framework on a dataset derived from Reddit. The main novelties of this paper are:
(i) a multi-dimensional view of scope; (ii) the introduction of the concept of sentiment scope; (iii) the
definition of a general framework capable of analyzing the sentiment scope related to any subject on
any social network.

Keywords: spatial scope; temporal scope; sentiment analysis; social network analysis; Reddit

1. Introduction

Suppose we are at the shore of a lake on a becalmed day with a flat lake surface.
Suppose now that we throw a stone into it. We can see how, starting from the point where
the stone falls, the water begins to ripple, and small waves are created. These waves are
higher near the point where the stone fell while they become smaller and smaller as we
move away from it, until they disappear. The heavier the stone thrown, the higher the
waves and the farther they propagate. As time passes, the height of the waves tends to
decrease until, if no more stones are thrown into the lake, they disappear and the lake
surface becomes motionless again. In our opinion, this image describes better than any
other what is meant by “scope”. From a more formal point of view, in the Concise Oxford
Dictionary (Concise Oxford Dictionary—https://en.oxforddictionaries.com (accessed on
15 September 2022)), scope is defined as “the extent of the area or subject matter that something
deals with or to which it is relevant”.

Certainly, there are several similarities between the concept of scope and some other
ones used in sociology. Consider, for example, the concepts of centrality, reliability, power,
reputation, influence, trust, diffusion, etc. In fact, scope goes beyond these concepts and,
at the same time, embraces all of them. In fact, they can be seen as different aspects of
scope, which certainly exert their influence on it.

Scope has already been studied in past literature. For example, Ref. [1] analyzed
the scope of users and hashtags in Twitter, while [2] proposed an approach to compute
the scope of a smart object in a Multi-IoT context. In Refs. [3-8], the authors presented
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approaches to analyze some aspects of scope (e.g., reliability, trust, and influence) for users
and/or hashtags. In Ref. [9], the authors studied the distribution of the influence of a user
across the network, while in Ref. [10], the authors analyzed the attractiveness of users
in networks.

In the social network context, which we focus on in this paper, another much analyzed
concept is that of user sentiment. Sentiment analysis is one of the most active research
strands regarding social networks and, more generally, artificial Intelligence and data
analysis [11-14]. In fact, nowadays, millions and millions of people express their sentiments
on the most disparate topics through social networks [15-18]. The knowledge of such
sentiments and their evolution in space and time is a valuable source of information for
various professionals, such as marketers, politicians, journalists, decision makers, and so
on. Finally, knowing how a user’s sentiment about a topic can propagate to her neighbors,
the neighbors of her neighbors, etc., and how that propagation evolves over time, and being
able to measure this through appropriate techniques and metrics, represent challenging
issues with enormous practical implications.

One way to address these issues might be integrating the concepts of scope and
sentiment of one or more users on a certain topic. In fact, to the best of our knowledge,
there is not yet an approach that integrates the concepts of scope and sentiment and
treats scope from both a spatial and a temporal point of view (with further points of view,
or dimensions, likely to emerge in the future). This paper aims to address this issue by
proposing a model and a related approach to investigate the spatial and temporal scope of
a user’s sentiment about a topic in a social platform.

Our proposed model is based on two graphs. The first is a bipartite one that stores
all available information about users, their posts, comments, and sentiments on certain
topics. It can be employed as an information source from which it is possible to extract
all the necessary data for the processing required by the approach proposed in this paper
and any future approaches. The second is derived from the first; it is a single-mode graph
representing users and their interactions and is employed for the analyses proposed in
this paper. Our model also includes several complement functions that can be exploited to
obtain specific information from the first graph or to perform certain supporting processing.

Our approach consists of several steps. First, it identifies the topics emerging from
the posts and comments published by users. Then, for each topic, it determines the senti-
ments of the various users who covered it. For these two activities it employs techniques
already proposed in the literature [11,13,19-22]. In other words, for these two activities,
our approach is independent of the techniques adopted to perform them. Next, it ex-
ploits the concepts, measures, and techniques of Social Network Analysis [23] and graph
theory [24-26] to define spatial scope. This definition has a dual nature, since the spatial
scope is defined as a set of pairs or a rooted graph. Both definitions aim to indicate the
users involved in the spread of sentiment and the intensity degree of the latter for each
user involved. The two-fold definition of spatial scope allows us to use both set theory
and graph theory for its analysis. Using them, our approach provides a set of metrics and
measures for assessing the spatial scope of a user’s sentiment on a topic.

In a completely similar way, our approach acts to ensure the temporal scope assessment
of a user’s sentiment on a topic. In this case, the temporal scope is defined as an ordered list
of pairs. As mentioned above, spatial and temporal scopes are orthogonal and represent
two views or dimensions that could be integrated, and possibly enriched with other views
in the future.

To evaluate the potential of the proposed framework, we conducted a series of experi-
ments on a dataset derived from Reddit, one of the most popular social networks. As we
will see in the paper, our model proved to be capable of extracting interesting information
that may be useful to various professionals interested in the knowledge of scope.

In summary, the gap in the literature that this paper aims to fill concerns the lack
of a general framework capable of supporting a multi-dimensional analysis of the scope
of the sentiment of users on any topic in any social network. In fact, as will become
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clearer in the following, some papers in the past literature analyze the scope of a user
or a smart object, others investigate user sentiment, but none analyze the scope of the
sentiment of one or more users. Moreover, all previous papers that analyze scope take only
the spatial dimension into account and none of them consider other dimensions, such as
the temporal one. Finally, most of the studies on sentiment refer to either a well-defined
social network or a well-defined subject, and were not designed to operate on any social
network and any subject. Our paper aims to fill this gap. Specifically, its contributions are
as follows: (i) it introduces the concept of scope of a user’s sentiment on one or more topics
in a social platform; (ii) it proposes a multi-dimensional definition of scope; and (iii) it
presents a framework for studying the scope of a user’s sentiment on one or more topics
and extracting information from the corresponding data; this framework can operate on
any social platform and can evaluate the scope of the user sentiment on topics concerning
any subject.

The outline of this paper is as follows: In Section 2, we illustrate the Related Literature.
In Section 3, we describe our model for scope representation. In Section 4, we present our
approach. In Section 5, we illustrate the experimental campaign we conducted. Finally,
in Section 6, we draw our conclusions and look at possible future developments.

2. Related Literature
2.1. Preface

In recent years, social networks have been exploited by groups of users to discuss a
variety of topics, from politics to gossip, from health to sport, and so on. The pervasive
spread of social networks has prompted researchers to study the behavior of users who
join social networks in various reference contexts [27-29]. Alongside the analysis of the
structure of networks, which already provides very interesting knowledge patterns about
the behavior of users accessing them, researchers have also begun to examine the content
posted and exchanged between users [30-33]. Regarding the latter, elements of particular
interest to them are the extraction of topics from texts and the assessment of the sentiment
that users have about a given topic. Our work aims to integrate these two research streams
because it aims to analyze how the scope of the sentiment of a user on a specific topic
propagates both spatially and temporally across a social network.

To better perform our analysis, we divide this section into two parts. In the first, we
analyze works dealing with scope and related concepts, while in the second we focus on
the analysis of sentiment diffusion within a community.

2.2. Related Literature on the Concept of Scope

In the past, the scope of users in social networks has been studied in Ref. [1]. In this
paper, the authors analyze the scope of an entity on Twitter. Specifically, they define a
framework to measure various aspects of scope (e.g., influence, reliability, popularity)
simultaneously and for multiple entities (e.g., users, hashtags). In this way, they can
measure the overall scope and several aspects of it by comparing the latter with each
other and for different entities. Such comparisons make it possible to extract knowledge
patterns (indicating, for example, the presence of anomalies and outliers) that can then
be used in several application domains (e.g., information dissemination). In Ref. [2],
the authors extend the concept of scope from people to smart objects in a multiple IoT
context. In particular, they formalize two scope definitions for smart objects and illustrate
some real-world applications of the knowledge patterns thus extracted. Returning to
the people-to-people social network context, many authors analyze single aspects of the
concept of scope, such as reliability, trust, and influence for users and/or hashtags [3,5-7].
Regarding user influence, the authors of Ref. [9] use the PageRank algorithm to analyze
the distribution of influence across the network. In Ref. [10], the authors analyze the
attractiveness of users in a social network. The approach they propose characterizes a user
based on the new users she is able to interrelate with over time. The authors propose to
perform influence maximization, but they do not consider the topics covered by users.
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Other approaches investigate the evolution of topic trends in Twitter by analyzing
the use of hashtags. Indeed, the latter allow a natural division of posts according to their
topics [4,8,34,35]. In particular, the authors of Ref. [8] measure the topic-sensitive influence
of users on Twitter by means of an approach based on PageRank. They analyze how a
social network user can influence other ones on a topic. Moreover, they propose a metric
to compute the influence of users on specific topics. Our approach differs from the one
proposed in Ref. [8] in that the latter does not aim to describe the features characterizing
the influence of one user on another but only gives a quantitative estimate of that influence.
Furthermore, the approach proposed in Ref. [8] does not consider the value of sentiment in
its analysis. In Ref. [4], the authors propose an approach that, given a hashtag on Twitter,
uses the corresponding comments to construct its profile in order to predict its popularity.
This approach has some similarities with ours. In fact, it can be seen as a method for
predicting the spatial scope of a hashtag, and thus how far the latter will spread. Our
approach differs from the one described in Ref. [4] in that, in investigating the spread of a
user’s sentiment toward a topic, it analyzes the contribution made by other users of her
neighborhood. Therefore, our analysis is more user-centric than the one proposed in Ref. [4].
Furthermore, the approach of Ref. [4] does not consider sentiment when analyzing the
expansion of a topic. Finally, it is not intended to propose a multi-dimensional analysis of a
hashtag’s popularity unlike our approach, which proposes both a spatial and a temporal
scope and leaves open the possibility of further dimensions of scope in the future.

In Ref. [36], the authors present a study of the spread of negative sentiment in Online
Social Media. The main similarity between the approach of Ref. [36] and ours concerns the
idea of studying the spread of user sentiment in online platforms. However, the approach
proposed in Ref. [36] focuses on hate speech and does not consider topics, unlike our
approach, which precisely analyzes the scope of user sentiment on topics. In Ref. [37],
the authors study the propagation of negative sentiment in messages exchanged on the
Chinese Sina microblog. This approach is therefore specific to a social platform, and, in this
feature, it differs from our approach that it has been designed to operate on any social
platform. In Ref. [38], the authors investigate how the spread of sentiment can cause a
viral spread of fake news in social media. This paper focuses on the analysis of a specific
phenomenon (i.e., the relationship between sentiment and fake news). Instead, our paper
aims to propose a general framework capable of studying the space-time evolution of the
scope of user sentiment on one or more topics.

2.3. Related Literature on the Sentiment of Users

The second part of our analysis on related literature concerns the sentiment of a user on
one or more topics. Many approaches to face this problem have been proposed in the past
literature. Some of them address this issue from a static point of view; in particular, they
generally employ opinion mining techniques to understand the sentiment emerging from a
given text [39-42]. In contrast, other techniques address this problem from a dynamic point
of view; in fact, given the characteristics of a sentiment on a topic, they want to understand
how those characteristics affect the spread of that sentiment both among users and over
time [43—49]. Specifically, in Ref. [43], the authors propose a model that combines sentiment
and opinion propagation to assess the global sentiment on a given topic. Similarly to our
approach, the one of Ref. [43] considers the sentiment emerging from a text and wants to
understand how it propagates. However, the authors of Ref. [43] do not aim to provide a
formalization of such propagation.

In Ref. [44], the authors present the MISNIS framework, which aims to identify the
most influential users on specific topics. It also divides user messages into three categories,
based on the results obtained after performing a sentiment analysis task. To carry out topic
mining, it analyzes all the words in the message and not only the hashtags; thus, it is able
to achieve a higher accuracy. MISNIS and our approach share the goal of analyzing how
influential a user is with respect to a specific topic. However, the concepts of topic and
sentiment are kept separate in MISNIS, while they are integrated into our approach because
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it aims to assess the sentiment of users on a topic. Topic and sentiment analysis is also the
core of the approach described in Ref. [50]. This approach considers topics and sentiments
from Reddit posts and comments and aims to analyze them for extracting information
without creating a model.

In Ref. [51], the authors analyze and represent the spread of microblogging topics
and sentiments through two graphs and propose metrics to measure the influence of
stakeholders in that spread. In pursuing this goal, the approach of Ref. [51] has several
similarities with ours. For instance, both are graph-based and define metrics to measure
sentiment diffusion. Unlike Ref. [51], which considers topics and sentiments separately, our
approach integrates these two entities because it analyzes the spread of users’ sentiments
on topics. The approach of Ref. [51] is based on a global analysis that examines the whole
network to identify the stakeholders of interest. In contrast, our approach tends to work on
partitions of the network and not on the global one; in fact, it analyzes how the sentiment
of a user on a topic propagates to its neighborhood. Finally, it considers two orthogonal
types of scope diffusion, namely spatial and temporal ones. This concept is not present in
the approach of Ref. [51].

In Refs. [52,53], the authors analyze changes in topics and sentiment during emer-
gencies. For this purpose, they consider different types of emergencies. In addition, they
analyze the spread and propagation of topics and sentiment for different user stereotypes,
e.g., governments, celebrities, and media. Our paper differs from Refs. [52,53] because
it does not analyze sentiment but the scope of sentiment. Moreover, it proposes a multi-
dimensional (in particular, spatio-temporal) view of scope. Finally, our framework is
general and can be applied to any social network for analyzing the sentiment on topics
under any circumstances. Instead, Refs. [52,53] focus on emergencies.

In particular, as far as temporal scope is concerned, we point out that various studies
have been proposed in the literature, which aim to assess how several single aspects of
scope (e.g., influence, reliability, popularity) evolve over time [54-57]. However, none
of these approaches comprehensively consider the concept of scope but only assesses
individual aspects of it. Moreover, in the reference contexts, the goals they set and the
techniques they use to achieve those goals are very different from the ones adopted in
our approach.

3. The Proposed Model
3.1. A Formal Representation of the Context of Interest

Before presenting our model, it is necessary to provide a formalization of the context
in which it operates. This context concerns a social platform whose users can publish posts
and comments. We assume that both posts and comments consist mainly of text; if there are
other types of content, these are only to accompany the text. A user publishes a comment
when she wants to reply to a previously published post or comment.

We employ the symbol U = {uy,- -, u;} to represent the set of users operating in our
context, the symbol P = {p1,- -, pm} to denote the set of posts published by the users of
U in a time interval T, and the symbol C = {c3,-- - , ¢, } to indicate the sets of comments
posted by these users in T. Given a user u; € U, we adopt the symbol P; (resp., C;) to
denote the subset of the posts (resp., comments) of P (resp., C) published by her.

As specified in the Introduction, one of the most important factors to consider in our
analysis is time. Therefore, a way to model it is in order. To this end, given an overall time
interval of interest, we can think of modeling it as an ordered sequence of z time slices,
T =T, ,T,. For example, T could be a certain month, say August 2022, and it could
be represented as a succession of 31 time slices, one for each day. It is advisable that our
representation of time should allow the indexing of the sequence of time slices. In other
words, it should be possible to select only a particular interval of contiguous time slices of
T (e.g., the second decade of August 2022). To this end, our time model uses the notation
T[x.y],1 < x <y < z, to denote the interval of contiguous time slices in T that begins at
Ty and ends at T),. If x = y, then it means that we want to take a single time slice; in this
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case, we will use the abbreviated notations Ty or T[x]| to represent T[x..x|. If x = 1 and
y = z, then it means we are considering the overall interval of interest; in this case, we will
use the abbreviated notation T, instead of T[1..z], to denote that interval.

The previous notation about time intervals and slices can be extended to the other sets
of the model. Specifically, we denote by P[x..y] C P (resp., C[x..y] C C) the subset of posts
(resp., comments) published in the time interval T[x..y] and by P[x] (resp., C[x]) the subset
of posts (resp., comments) published in the time slice x. Finally, we use the abbreviated
notation P (resp., C) to indicate the overall set of posts P[1..z] (resp., comments C[1..z])
published in the overall time interval T.

Two additional concepts that play a key role in our context are the ones of topic
and sentiment tag. A topic is an abstract concept discussed in one or more posts and
comments. Natural Language Processing (NLP) researchers have long studied the issues
of topic modeling and extraction, and proposed a variety of interesting solutions [19,20].
A sentiment tag is a keyword used to summarize the sentiment expressed on a particular
topic. Typical sentiment tags are “pos”, “neg”, and “neu”, to indicate a positive, a negative,
and a neutral sentiment, respectively. In the following, we denote by 7 = {t,-- -, t;} the
set of topics extracted from the posts of P and the comments of C, while we denote by
S = {51, -+ ,s,} the set of available sentiments (tags). In the following, to simplify the
discussion, we will use the term “sentiment” instead of “sentiment tag”. Given a topic
t; € T and a sentiment s; € S, we use the pair (t;,s) to indicate that ¢; has been tagged
with sy, i.e., that s, has been associated with ¢;.

3.1.1. Identifying Topics from Posts and Comments

Our framework is independent of the technique adopted for constructing the set 7 of
topics related to posts and comments. Recall that, in our context, the latter consist mainly
of text and that any other content is only an accompaniment to the text. Consequently,
to construct 7, we can use any approach for identifying topics from a given text proposed
in the past literature (see Refs. [19-21] for some surveys on it). Therefore, in the following,
we assume that, given a post p € P (resp., a comment c € C), our framework can employ
a technique capable of deriving topics from p (resp., ¢), adding them to the overall set
T of topics and associating them with the post p (resp., comment c) from which they
were derived.

3.1.2. Identifying the Sentiments Characterizing Posts and Comments

Our framework is also independent of the technique used for identifying the senti-
ments associated with a text. This issue has been extensively studied in sentiment analysis
research. Here, researchers have proposed several techniques capable of defining, char-
acterizing, and extracting the sentiment expressed in a text (see Refs. [11,13,22] for some
surveys about this topic). In this context, the terms “sentiment tag”, “sentiment value”, or,
simply, “sentiment” have been used equivalently [58].

The technique adopted for identifying sentiments from posts and comments must
examine each post (resp., comment) p € P (resp., ¢ € C), acquire the sentiments that emerge
in it and associate them with the corresponding topics of 7 referring to p (resp., c). In more
detail, it proceeds as follows: let p (resp., c) be a post (resp., comment) of P (resp., C). It
could consist of a simple text, expressing a single sentiment, or a complex text, expressing
several sentiments that may even conflict with each other. Clearly, the former hypothesis is
a special case of the latter; so, in the following, we will consider the latter directly. In this
case, we assume that p (resp., c) consists of a succession py, p2, - - -, pw (resp., c1,¢2,- -+, Cw)
of texts such that each of them expresses a single sentiment. In what follows, we will use
the term “fragment” to refer to each textual content py, (resp., cx), 1 < k < w; in addition, we
will use the symbol f; to generalize py and c;. Now, the technique described in Section 3.1.1
can be applied on the fragment fj to obtain the set 7, of topics considered in f;. Then,
any technique proposed in the literature to derive the sentiment expressed in a simple text
(see [11,13,22]) can be applied on f; to determine the sentiment s characterizing it. At this
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point, for each topic t; € Ty, we have a pair (#}, 5) indicating that sy is the sentiment on ¢
expressed in fi. The set of all the sentiments extracted from all the posts of P and all the
comments of C form the set S of the sentiments that characterize our reference context.

3.2. The Proposed Model

After formalizing the context of interest, in this section we describe our proposed
model. The first element of it is a bipartite support graph B, aiming to enable the storage of
the key information of the reference context. As we will see below, from this rather rich
and complex graph, it is possible to derive more agile ones, which allow us to perform our
analyses more effectively and efficiently. B3 is defined as follows:

B=(N'UN",E) 1)

N’ U N” represents the set of nodes of B. Specifically, the nodes in N’ are associated
with users in Y. Indeed, each node n; € N’ corresponds to a user u; € U, and vice versa.
Since there is a biunivocal correspondence between a node of N’ and a user of U, we will
use these two terms interchangeably in the following. Each node 7, € N” corresponds to
a pair (t;,sx), where t; is a topic of 7 and sy is a sentiment of S. It indicates that ¢; has been
tagged with s in at least one post of P or comment of C.

E' represents the set of edges of 3; an edge (1;, 1) € E' between a node ; € N" and
anode nj € N” indicates that the user u; published at least one post or comment in which
she expressed the sentiment s; on the topic ;. Since #; may have carried out this task more
times in the time interval T, we associate a label /;j; with (n;, njk). It indicates the list of
timestamps of the posts and/or comments published by u; in which she expressed the
sentiment sy on the topic ¢;.

B contains all potentially useful information to enable us to investigate the context of
our interest. However, being a two-mode graph, it is not easy to analyze and manipulate.
Graph theory suggests constructing one or more one-mode graphs from it, each focusing
on a single aspect of interest and operating on them [23]. Now, the object of our analysis
is the spatial and temporal evolution of the scope of the sentiment of users in a social
platform. Consequently, the key aspect to focus on consists of users and their interactions;
given these premises, it is reasonable to construct a user-centered single-mode graph from
B in such a way as to operate directly on it instead of B. This graph is defined as follows:

A= (N,E) @

N represents the set of nodes of A. A node n; € N corresponds to a user u; € U,
and vice versa. Again, since there is a biunivocal correspondence between a node n; € N
and a user u; € U, we will employ these two terms interchangeably in the following. Clearly,
N is equivalent to the set of nodes N’ of B. E is the set of edges of A. An edge ¢;, = (n;,ny,)
belonging to E indicates that the users #; and u;, published at least one post/comment
on the same topic and, at least once, u; published a comment on a post/comment of 1y,
or vice versa.

As can be seen from its definition, the graph A is very agile and streamlined so that
the analyses performed on it are effective and efficient. In some of these analyses there may
be a need to use data present in B that we do not deem necessary to report in A so as not
to burden this graph (for example, because such data are only rarely used). In these cases,
we define ad hoc functions that retrieve the necessary information from B and complement
our model. For example, if the set of posts on a given topic ¢; published by a certain user u;
in the time interval T/[x..y] were needed, we could define a function that receives u;, t; and
T[x..y], and returns the desired set of posts. In Section 3.2.1, we list the functions needed
for our approach and that complement our model.
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Given the graph A and a topic ; of 7, we define the projection Al of A onto t; as
the graph obtained from A by considering only the nodes corresponding to users who
published at least one post or comment having ¢; as their topic. More formally:

Al = (Ni, Ef) €)

Ni represents the set of nodes of Al. A node n; € Ni corresponds to a user u; € U
who published at least one post or comment on the topic £;. Ei represents the set of edges
of Al. There exists an edge (1;,1;) in E/ if there exists a corresponding edge (1;, 1) in the
graph A.

Given the graph A and the time interval T[x..y], we denote by A[x..y] the “projection
of A” in T[x..y]:

Alx..y] = (N[x..y], E[x..y]) 4)

A node n; belongs to Nx..y] if the corresponding user u; published at least one
post/comment in T[x..y]. An edge e;; € E[x..y] indicates that u; and 1), published at least
one post/comment on the same topic in the time interval T[x..y] and that, in the same
interval, at least once, u; published a comment on a post or a comment of u, or vice versa.
Clearly, A[x] = Alx..x] is the “projection of .A” in the time slice Ty and .A[1..z] is equivalent
to A.

3.2.1. Functions Complementing Our Model

In this section, we present some support functions that complement our model. They
will be used to formalize the activities performed by our approach. Before describing
them, we feel it is appropriate to introduce some concepts concerning the prevalence or
ambivalence of the sentiment of a user or a community on a topic.

Let u; be a user of U and let ¢; be a topic of 7. We define the positive (resp., negative,
neutral) sentiment degree of u; on t; as the fraction of posts and/or comments on ¢; published
by u; with which a positive (resp., negative, neutral) sentiment was associated after the
application of the approach described in Section 3.1.2.

Having made these premises, we can now introduce our complement functions.
They are:

o ot(u, t;): It receives a user u; and a topic f; and computes the positive sentiment
degree (5; of u; on t;. (5;; ranges in the real interval [0, 1]; the higher its value, the higher
the strength of the positive sentiment. o+ (u;, t;)[x..y] represents the “projection of
ot (uj, t;)” in the time interval T|[x..y]; it performs the same computation as o+ (u;, ¢;)
but considers only the posts and comments published in the time interval T[x..y].
We indicate by (5;17 [x..y] the corresponding result. Clearly, 5;]7 [x] = 5;]7 [x..x] is the
“projection of 4, in the time slice Ty and &7 [1..z] is equivalent to &,

* 0 (ujtj): Itreceives a user u; and a topic t; and computes the neutral sentiment degree
(51.7 of ujont;. (51.7 ranges in the real interval [0, 1]; the higher its value, the higher the
strength of the neutral sentiment. o= (u;, t;)[x..y] represents the projection of o= (u;, ;)
in the time interval T[x..y]; 67 [x..y] denotes the corresponding result;

e 0 (u,tj): Tt receives a user u; and a topic t; and computes the negative sentiment
degree 51.; of u; ont;. 51.; ranges in the real interval [0, 1]; the higher its value, the higher
the strength of the negative sentiment. o~ (u;, ;)[x..y| represents the projection of
0~ (uj, t;) in the time interval T|[x..y]; S [x..y] denotes the corresponding result;

e v(n; A, gr): Itreceives a graph gr = (N, E), anode n; € N and a positive integer A and
returns a set of nodes representing the neighborhood of level A of 1; in gr. Formally
speaking:

v(ni, A, gr) = {my|ny € N, (nj,my) = A} ®)

Here, (n;, ny) represents the length of the shortest path from n; to nj, in g7;
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e ¥(n;,gr): It receives a graph gr = (N, E) and a node n; € N and returns the set of
nodes directly connected to #; in gr. In other words, v(n;, gr) = v(n;, 1,87);

*  size(gr): It receives a graph gr and returns its size, i.e., the number of its nodes;

e diameter(gr): It receives a graph gr and returns its diameter, i.e., the length of the
longest shortest path between any pair of nodes in gr;

e sps(u;,tj): It receives a user u; and a topic t; and returns true if u; has a strongly
positive sentiment on ;. This happens when o (u;, t;) > o~ (u;, t;) and o+ (u;, t;) >
0~ (u;, t;). In all the other cases it returns false. sps(u;, t;)[x..y] represents the projec-
tion of sps(u;, t;) in the time interval T[x..y];

*  wps(u; tj): It receives a user u; and a topic #; and returns true if u; has a weakly
positive sentiment on ;. This happens when o (u;, t;) > o~ (u;, t;) and o+ (u;, t;) <
0~ (uj, tj). In all the other cases it returns false. wps(u;, t;)[x..y] represents the projec-
tion of wps(u;, t;) in the time interval T[x..y];

e sns(u;, tj): It receives a user u; and a topic t; and returns true if u; has a strongly
negative sentiment on ¢;. This happens when o™~ (u;, t;) > o (u;, t;) and o~ (u;, t;) >
0~ (u;, t;). In all the other cases it returns false. sns(u;, t;)[x..y] represents the projec-
tion of sns(u;, t;) in the time interval T[x..y];

*  wns(u; tj): It receives a user u; and a topic #; and returns true if u; has a weakly
negative sentiment on t;. This happens when o~ (u;, t;) > o (u;, t;) and o~ (u;, t) <
0~ (u;, t;). In all the other cases it returns false. wns(u;, t;)[x..y] represents the projec-
tion of wns(u;, t;) in the time interval T[x..y].

At the end of this section, we observe that the four functions sps(), wps(), sns(),
and wns() are mutually exclusive, in the sense that at most one of them must be true,
and complete, in the sense that at least one of them must be true. It follows that, in a given
time interval T|[x..y], given a user u; € U and a topic t; € T, exactly one of these functions
returns true and all the others return false. This allows us to determine the concept
of sentiment type of u; on t; in the time interval T[x..y]; it represents the sentiment type
associated with that function among the four indicated above that returns true in the time
interval T[x..y]. Clearly, the possible sentiment types are: (i) strongly positive (hereafter,
sp); (ii) weakly positive (hereafter, wp); (iii) weakly negative (hereafter, wn); (iv) strongly
negative (hereafter, sn).

4. The Proposed Approach
4.1. Objective and Research Questions

The main objective of this paper is to introduce a multi-dimensional view of the
scope of the sentiment of a user on one or more topics on any social platform. The paper
also wants to define a framework for sentiment scope evaluation. Getting more specific,
the main research questions the paper wants to answer are the following:

e ROQ1: Is it possible to introduce the concept of sentiment scope? In fact, in the past,
scope was defined for users and smart objects, but never for sentiments.

¢ RQ2: Isit possible to define a temporal view of scope? In fact, in the past literature,
the only view of scope considered was the spatial one.

e RQa3: Is it possible to define a framework for evaluating the space-time scope of a
sentiment of one or more users on any topic in any social platform?

*  RQ4: Are there any differences between the scope of negative and positive sentiments?

e RQS5: Are there any differences between the scope of strong and weak sentiments?

e RQ6: How does the scope of the sentiment of a user on one or more topics propagate
to her neighbors?

e RQ7: What kind of behavior do users generally exhibit with respect to a sentiment on
a topic? In other words, is their sentiment stable or swinging?

¢ RQ8: In showing their sentiments on topics, are users posed and balanced or are they
biased toward positive sentiments or negative ones?

In the next sections, we aim to answer all these research questions.
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4.2. Determining the Spatial Scope of the Sentiment of a User on a Topic

In this section, we illustrate our approach to determine the spatial scope of the senti-
ment of a user u; € U on a topic t; € T. In Section 3.2.1, we have seen that there exist four
possible sentiment types. Consequently, it is possible to determine four kinds of scope, one
for each sentiment type. In this section, we examine all of them starting with the scope
associated with a strongly positive sentiment.

First, let us specify how the spatial scope of u; on t; can be represented. A first
possibility consists of a set Z;]f of pairs, as shown in Equation (6):

5 = {(u1,81), (u2,65), -+, (g, 67)} ©)

Each pair (uy, (52}), h # i, belongs to Z;]T and consists of a user uy,, directly or indirectly
connected to u;, and the corresponding positive sentiment degree ‘5h+j on tj.

A second representation consists of a subgraph Aii = (NJi,Eii) of Al. A node ny,
belongs to Nii if the corresponding user uy, is present in ZZJ]F Furthermore, #; belongs to

Nii. An arc (ny, n,) belongs to E/i if an arc (1, n,) also exists in E/. We call origin of Ali the
node n; corresponding to the user u;.

At this point we can define our approach for computing the spatial scope associated
with a strongly positive sentiment (hereafter referred to as strongly positive spatial scope) of
u; on t;. We represent this approach by defining a function ¢* () shown in Equation (7).
It receives u;, t; and the initially empty set Z;]T as parameters. It basically performs a

depth-first search on A, starting from u; and selecting a node only if certain constraints
are satisfied for it. It can be formalized as shown in Equation (7):

{(ui, ;1)U Uy, om0 W (un, ty, X U{(ui, 67) 1) if sps(ui tj) = true
9t B = and (u;,6}) & 5 @)
(%) otherwise

In other words, the function ¢ (), when applied on u; and ¢;, first checks whether u;
has a strongly positive sentiment on ¢;. If this is true and the pair (u;, 5;]“) is not already
present in Z;]T, then ()" adds this pair to Zj]' Afterwards, it recursively calls itself by
passing as input each node directly connected to #; in AJ. In contrast, if #; has not a strongly
positive sentiment on ¢; or the pair (u;, (SZJJF) is already present in Z;, then () simply returns
@ and the recursion stops.

The strongly negative spatial scope can be defined in a similar way (see Equation (8)).
Again, we can introduce a function ¢~ () that receives u;, t; and the initially empty set L
It has an identical behavior to the function (), except that (5;]( is replaced by & i and the
function sps() is replaced by the function sns(), defined in Section 3.2.1. Its formalization is
shown in Equation (8):

{ul,éz] U Unhev (1, 0) P (up, t), Z;u {(ui,éi;)}) if sns(u;, tj) = true
P (0, 55) = and (1;,6; ) ¢ %5 ®
) otherwise

The weakly positive (resp., negative) spatial scope is defined similarly to the strongly
positive (resp., negative) spatial scope. In this case, we introduce a function ¢*() (resp.,
&~ ()) that receives u;, t; and an initially empty set H (resp., IT;; ) Its behavior is identical

to the one of the function ¢ () (resp., ¥~ ()) except that the functlon sps() (resp., sns()) is
replaced by the function wps() (resp., wns()). The formalization of ¢* () and ¢~ () is shown
in Equations (9) and (10):

10
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{ui/ 5;} U U”hev(”ifﬁ) §+(uh/ t]'/ HIJ]r U {(ui/ (le]r)}) lprs(ul, ) =true
& (uj, tj, H*) and (u,-,(Sl-‘;) 4 Hi]- 9)
@ otherwise

{u,»,él.;} U Unhev(n,-,ﬁ) & (up, tj, IT; U {(uj, (51;)}) if wns(u;, tj) = true
& (ui g, H;) = and (u;, 9; ) ¢ H_ (10)
@ otherw1se

At this point, we have defined the functions for computing the strongly positive (resp.,
negative) spatial scope Zf (resp., ZT) and the weakly positive (resp., negative) spatial scope

(resp I )) We have also prev10usly seen that it is possible to provide a graph-based
representatlon of such a scope. In the following, in order not to burden the notation, we will
use the symbol SG (resp., SG—, WG, WG ™) to denote the graph-based representation
corresponding to Z;]f (resp., Z ITr I ) Its formalization is reported in Equation (11):

<SN+ SE™)

sg— < SE™)
wg+ (WN', WE") )

(WN ,WE )

By studying some properties of these graphs, it is possible to define a variety of
information regarding the scope of the sentiment of u; on ¢;.

In what follows we will perform all our analyses with regard to the graph SG™, al-
though everything we will see can be straightforwardly extended to the other three graphs.

The first two properties of the scope of the sentiment of #; on ¢; that we consider are
its breadth and its depth. Regarding the breadth, it is immediate to think that it can be
obtained by considering the size of SG, that is, the number [SN | of its nodes. As far as
the depth is concerned, we recall that SG* derives from a depth-first search performed
on A/ starting from the node 1;, which we have also called the origin of SG*. Therefore,
the depth of the scope can be determined by computing the diameter of SG, that is,
the maximum length of the minimum paths from 7; to any other node of SG +.

An important investigation consists in determining how the strongly positive sen-
timent degree varies as we move away from 7; in SG*. To do this, we can consider the
neighborhood of level A, 1 < A < d,d = diameter(SG™"), obtained by applying the function
vonn;, Aand SG'. For each neighborhood, it is then possible to compute the average
strongly positive sentiment degree of the nodes belonging to it. Generally;, if there were
no interference, as we move away from #;, the average strongly positive sentiment degree
of a neighborhood should decrease because the influence that #; exerts on nodes tends to
decrease. However, it could be the case that, once we move away from #;, there is another
node different from it that exerts an influence on the nodes of the neighborhood of n;. If the
new “influencer” has a discordant sentiment with 7;, we might see a steep decrease in
the average strongly positive sentiment degree, or even a reversal of sentiment polarity.
By contrast, if the new “influencer” has a concordant sentiment with 7;, we may see a
slowdown in the decline of the average strongly positive sentiment degree, or even a new
growth of it. The correlation that can arise between two scopes is a challenging topic that is,
however, beyond the objective of this paper. Here, we simply provide a tool for computing
the variation in the average strongly positive sentiment degree as we move away from #;.

Let v(n;, A, SGT) be the neighborhood of level A, 1 < A < d = diameter(SG") of n; in
SG. The average positive sentiment degree 6,/ of v(n;, A, SG") is defined in Equation (12):

11
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F _ Znhev(n,',/\,‘S'QJr) 5;1;'
YA size(v(ni,/\,Sg+))

In other words, it is obtained by computing the average strongly positive sentiment

(12)

degree of all the nodes belonging to v(n;,A, SGT). 5;]& ranges in the real interval [0, 1]; the
higher its value, the higher the strength of the average positive sentiment.

At this point, we have at our disposal a succession of values ¢/, 0, - - - , 0 such that
05 = (5;]7, 0 = (5;]-rh, 1< h<d,d= diameter(SG"). The examination of that succession
can give us some interesting insights into how the average strongly positive sentiment
degree evolves as we move away from n;. It takes into account the decreasing influence of
n; as we move away from it, as well as the possible presence of any interference from other
“influencers”.

By plotting the values of ¢f, 07, -+, 0, we get a “spectrum” of the trend of the
strongly positive sentiment degree in the spatial scope of u;. In fact, several interesting
pieces of information can be derived from that spectrum. These include:

¢ The variation in the average strongly positive sentiment degree in the hth section of
the spectrum, defined in Equation (13):

A =ar —of (13)

e The relative variation in the average strongly positive sentiment degree in the hth
section of the spectrum, defined in Equation (14):

o — Q4

A =
h +
9

(14)

e  The mean variation in the average strongly positive sentiment degree in the hth section
of the spectrum, defined in Equation (15):
% — 0

Ay = (15)
®  The maximum variation in the average strongly positive sentiment degree in the hth

section of the spectrum, defined in Equation (16):

AMt = AT 16
max |A7] (16)

¢  The minimum variation in the average strongly positive sentiment degree in the hth
section of the spectrum, defined in Equation (17):

AT = min |AS 17
hrgglvl il (17)

Finally, we can analyze the monotonicity of the succession Qa_ , Qii—, cee, Q;. In partic-
ular, we are interested in whether it is monotonically non-increasing. This occurs when
0,7 <o . Infact, if such a condition is not satisfied, we can say that, as we move away
from n;, there is at least one further “influencer” with a sentiment concordant with the one
of n; that is acting on the nodes of the neighborhoods of n;. Otherwise, it could be that
there is no other “influencer” interfering with n; or that such an “influencer” is present but
with a discordant sentiment with the one of n;.

What we have seen now are just some of the analyses we can perform on spatial scope.
They allow us to give an idea of the potential of this concept. Many other analyses could
be thought of simply by applying concepts from mathematical analysis to the succession
g, 07, , 0 or concepts from graph theory to the graph SG*.

12
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Finally, it is worth emphasizing again that all the analyses we have previously done
on SG1 could be straightforwardly extended to SG~, WG Tand WG™.

4.3. Determining the Temporal Scope of the Sentiment of a User on a Topic

In this section, we illustrate our approach to determine the temporal scope of the
sentiment of the user u; € U on a topic tj € T . In Section 3.2.1, we introduced two concepts
on sentiment scope, namely sentiment type and sentiment degree of u; on t;. These two
concepts play a key role in the analysis of temporal scope. Recall that the sentiment type
of u; on t; can be strongly positive (sp), weakly positive (wp), weakly negative (wn), and
strongly negative (sn). Instead, the sentiment degree of u; on t; is given by the value of
the parameter (5;]7, in case the sentiment type is sp or wp, or the value of the parameter (51-;,
in case it is wn or sn.

The temporal scope of u; on t; in the time interval T[x..y] can be represented by an
ordered list of pairs, as shown in Equations (18)-(20).

®ij[x--]/} = (12, 0x), (Tes1,0x41), -+, (Ty/ Gy)] (18)
sp ij:sps((ul, ))[l[vl])]: Tue
) wp ifwps(u, t true
D= wn if wns(uj, t;)[b] = true (19
sn ifsns(u;, t )[b] =true
o _ 5;[b] if (sps(u;, t;)[b] = true) or (wps(u;, t;)[b] = true)
b= 5o _ (20)
(Sij [b] if (wns(u;,t )[b] = true) or (sns(ul,t])[b] = true)

Recall that sps(u;, t;)[b] (resp., wps(u;, t;)[b], wns(u;, t;)[b], sns(u;, t;) [b]) represents the
projection of sps(u;, t;) (resp wps(uj, tj), wns(u;, t;), sns(u;, t;)) in the time slice T, (see
Section 3.2.1). Analogously 5; [b] (resp., Sif [b]) denotes the value returned by the function
ot (ui, tj) (resp., o~ (ui, t]-)) when projected in the time slice T, (see, again, Section 3.2.1).

Clearly, by moving from a time instant T, to a time instant T, the value of T can
remain unvaried or change and the value of 6 can increase, decrease, or remain constant.
Each combination of the trend of these two parameters at the transition from Tj, to Tj 1
gives us interesting information about the time trend of the sentiment degree of u; on ¢;.
For example:

e If both 1 and 13,1 are equal to sp:

- if 041 > 0, it means that the sentiment degree is strengthening;

- if 611 = 0, it means that the sentiment degree is static;

- if 641 < 6, it means that, although a strongly positive sentiment still character-
izes u;, it is weakening.

e Ift = spand 1,1 = wp, it means that the posts and comments on ¢; published
by u; in which she shows a neutral sentiment, are increasing. This increase is such
that they exceed the ones in which u#; shows a positive sentiment. The number of
posts/comments with a positive sentiment continues to be greater than the number of
posts/comments with a negative sentiment. However, at the time slice T}, 1 we are
seeing a weakening of the positivity of the sentiment of u; on t;, compared to the time
slice Tj.

e If = spand 51 = wn, it means that u; is changing her sentiment on #;. This
change is not yet radical, since there is a prevalence of neutral posts/comments over
negative ones.

e Ift =spand 741 = sn, it means that u; has completely changed her sentiment on ¢;.
The greater the gap between 6}, and 0}, 1 and the greater the change occurred.

Similarly, suitable information can be extracted in case 1, = wp, T, = wn or, finally,
Tp = Sp.
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Analogously to what we have seen for spatial scope, several measures can also be
defined for temporal scope. They allow us to get a quantitative view of the changes in the
sentiment degree of u; on f; over a time interval. Some of these measures are the following
(in defining these measures, we will refer to the time slices T; and T}, _1, instead of the time
slices Ty and Ty 1, to bring their definition in line with that of the metrics for spatial scope,
explained in Section 4.2.):

e The variation in the sentiment degree between the time slices T; 1 and Tj. It can be
defined in Equation (21):
Np =0y — 61 (21)

e The relative variation in the sentiment degree between the time slices T;,_; and Tj,. It
can be defined in Equation (22):

— O —0y4

— 22
’ 161 @)

e The mean variation in the sentiment degree in the time interval T[x..y|. It is defined in
Equation (23):

Oy — 0x
y—x
e The maximum variation in the sentiment degree in the time interval T[x..y]. It is

defined in Equation (24):

A= (23)

AMT = max |Ay| (24)
b=x.y
e The minimum variation in the sentiment degree in the time interval T[x..y]. It is

defined in Equation (25):

A" = min |Ay] (25)
b=x.y

In addition to defining appropriate metrics to measure the change in the sentiment
of u; on t]-, we can check whether the succession of the values of the sentiment degree in
the interval T[x..y] is monotonic or not. This information must be closely coupled with
that related to sentiment type. In particular, if the succession of values 6y, 0,1, - - -, 0y
is monotonically non-increasing, it means that, in the time interval T[x..y], the sentiment
of u; on t; is not strengthening and, rather, it is presumably decreasing. Such a decrease
could cause the sentiment type to go from strongly positive to weakly positive, weakly
negative, or even strongly negative. On the other hand, if the previous succession of values
is monotonically non-decreasing, it means that, in the time interval T[x..y], the sentiment
of u; on t; is not weakening, and, rather, it is presumably strengthening. In this case, we
might see reverse transitions from the previous case, e.g., from strongly negative to weakly
negative, weakly positive, and strongly positive.

The previous succession may also not be monotonic. In this case, the measures on
changes in sentiment degree defined above could be extremely useful. It might also be
useful to determine how often the change from one type of sentiment to another occurs,
or how often the change from an increasing to a decreasing trend occurs, or vice versa.

Analogously to the spatial scope, those seen above are just some of the analyses that
can be performed on the temporal scope. Many other analyses could be performed by
applying the concepts of mathematical analysis or time series analysis to the succession of
values 0y, 01, -+, 0y.

5. Experimental Campaign
5.1. Dataset Description

To build a dataset capable of supporting our experiments, we chose Reddit as the
reference social platform. We carried out such a choice because: (i) Reddit is very popular
(in fact, it currently ranks 11th among the most visited sites according to Visual Capitalist
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(www.visualcapitalist.com (accessed on 12 September 2022))); (ii) it allows posts and
comments on any topic; and (iii) its data are easily accessible through pushshift.io [59];
the latter is a data repository that allows people to download data related to Reddit
comments and posts through a suitable API.

In building our dataset we focused on the posts and comments of one particular
subreddit, namely /r/worldnews. The reasons for this choice lie in the fact that it has already
been used as a reference subreddit in previous analyses (see Refs. [60-62]) and in the fact
that it is one of the most complete and neutral news-related subreddits.

Specifically, through pushshift.io, we retrieved all posts and comments, along with
the corresponding metadata, published in this subreddit from 25 February 2022 to 25 March
2022. The number of posts taken into account is equal to 9884 while the number of
comments is equal to 633,371.

Once the data of interest were downloaded from pushshift.io, we performed ETL
(Extraction, Transformation, and Loading) activities on them. Specifically: (i) we removed
all posts and comments published by users who had left Reddit; (ii) we removed all posts
and comments that did not have textual content or were written in a language other than
English; (iii) we selected only those posts and comments related to a specific discussion
theme. Regarding the latter, the choice was complex as it was important to select a specific,
but sufficiently broad, theme with many facets, and thus many topics. Based on this
reasoning, our choice fell on the armed conflict in Ukraine that began on 24 February 2022.

After filtering and other ETL activities, the final number of posts in the dataset is 2703,
which is 27.12% of the initial ones. In contrast, the final number of comments is 82,617,
which is 13.21% of the initial ones. In Table 1, we report some of the main characteristics of
the final dataset. In addition to the information mentioned above, this table reports some
further interesting information. In particular, we can see that the number of authors in our
dataset is 4219. Among them only 119 published both posts and comments. This number is
clearly very low; in particular, it is 26.50% of the authors publishing posts and 3.14% of
those publishing comments.

Table 1. Some main parameters of the dataset adopted for our experiments.

Parameter Value
No. of posts 2703
No. of comments 82,617
No. of (distinct) authors 4219
No. of (distinct) authors publishing posts 449
No. of (distinct) authors publishing comments 3787
No. of (distinct) authors publishing both posts and comments 119

In Figure 1, we show the distribution of comments against posts, while in Figure 2
we report the distribution of comments against score. Both figures are in log-log scale. By
examining them we can observe that both distributions follow power laws. Table 2 reports
the values of the corresponding coefficients « and é.
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Figure 1. Distribution of comments against posts (log-log scale).
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Figure 2. Distribution of comments against score (log-log scale).

Table 2. Values of « and J of the power law distributions for the considered dataset—* These values
were computed considering the absolute values of scores.

Distribution 14 J

Figure 1 1.8408 0.0419
Figure 2 (left) * 2.9262 0.0418
Figure 2 (right) 2.0383 0.0136

5.2. Identification of Topics and Sentiments

In Section 3.1.1, we saw that our framework is independent of the technique used for
constructing the set 7 of topics. In our experimental campaign, we adopted BERTopic [63]
to obtain 7. BERTopic is based on BERT (Bidirectional Encoder Representation from Trans-
formers). The latter is a powerful deep learning-based framework for performing NLP
tasks on texts. More specifically, it is a topic modeling technique that exploits transform-
ers [64] and c-TF-IDF [65] to create dense clusters from which easily interpretable topics
can be derived. BERTopic receives a set of documents as input and returns the list of
topics covered in them. It also associates each topic thus obtained with a description and a
count. The former consists of the set of words characterizing the topic. The latter indicates
the number of documents mentioning it. Given a document, BERTopic is always able to
determine a set of topics that characterize it.

We applied BERTopic to the 2703 posts and 82,617 comments in the dataset and
obtained a set 7 of 101 topics. Table 3 shows some examples of the extracted topics.
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Table 3. Some examples of the topics and their descriptions extracted by BERTopic.

Topic Description

f {invasion, invade, mission }

ty {nato, defence, member, treaty }
t3 {bunker, underground}

After constructing the set 7 of topics, we turned to consider the sentiments characteriz-
ing the posts and comments published by users. In this activity, we used roBERTa-base [66].
This system was trained on approximatively 124 million tweets published from January
2018 to December 2021. Next, it was expressively fine-tuned for sentiment analysis using
the TweetEval benchmark [67]. We decided to use roBERTa-base because there is a strongly
similarity between the shape of texts characterizing tweets and the one of texts in posts and
comments of Reddit. In fact, in both cases, we are in the presence of fast-paced messages
employed to express opinions and thoughts in general.

The set of sentiments that can be derived by roBERTa-base are those typically used
in sentiment analysis, namely “pos”, “neg”, and “neu”. They are also the sentiments
considered in our model, as we have seen in Section 3.1. Therefore, the set S of sentiments
is S = { “pos”, “neg”, “neu” }. Table 4 shows some examples of fragments, along with the
corresponding sentiments, derived by roBERTa-base. Let f; be a fragment of a comment or
a post (as mentioned in Section 3.1.2, fx can coincide with a whole comment or a whole
post, if these are characterized by a single sentiment.) characterized by a single sentiment.
Let sy be the sentiment that roBERTa-base derived for fi. Finally, let 7, be the set of topics
of f; identified by BERTopic. Then, the joint use of BERTopic and roBERTa-base on fj
allows us to extract a pair (t;,s¢) for each element ¢; of 7 . Such a pair indicates that the
sentiment s; was associated with the topic ¢; in f;. As previously pointed out, 101 topics
were identified in our dataset. From them, 302 pairs of the type (t;, f;) were obtained.

Table 4. Some examples of fragments and their sentiments derived by roBERTa-base (swear words

are partially masked).
Fragment Sentiment
“It makes me hopeful too. We need to find a way to get NATO forces engaged.” pos
“But it’s a f***ing kid that got killed by that c**t” neg
“Anyone know when this interview took place? NBC has no time stamp on the video” neu

5.3. Descriptive Analysis of the Graphs A, SG*, SG~, WG, and WG~

In this section, we present a descriptive analysis of the graphs A, SG*, SG~, WGT.
and WG~ obtained from our dataset. This analysis allows us to identify some features of
these graphs that will be useful in the next experiments. It also allows us to identify the
first differences among the four graphs S Gt,8G7, WGT,and WG, and thus among the
trends of the various sentiment types that we defined in this paper.

We begin our analysis from the graph A. Recall that this is a user-centered, single
mode graph representing user interactions. Specifically, an edge in A indicates that the
users associated with the corresponding nodes published at least one post or comment on
the same topic and, further, that one of the two users commented on at least one post or
comment of the other.

In Table 5, we report the values of some features of the graph A. In particular, we
consider the number of nodes, the number of arcs, the density, and the clustering coefficient.
Clearly, the number of nodes of A is equal to the number of distinct authors in the dataset,
and thus to 4219. The number of arcs of A is 32,648 and, consequently, the density is
0.0018, which is a very low value. This can be explained both by taking into account the
average number of comments posted by each user, which is 19.58, and by considering
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that the condition of existence of an arc in A is very stringent. In fact, an arc exists in A if
at least one of the comments of one of its nodes refers to a post or comment of the other
node. The clustering coefficient is equal to 0.0349. This value is quite high if we consider
the low density of A. It implies that this graph consists of several components strongly
internally connected and weakly coupled together. Some of these components may also
be disconnected from all the others. This is already an interesting result found through
our analysis. Indeed, it tells us that in the r/worldnews subreddit, users tend to organize
themselves into high cohesive and weakly coupled communities.

Table 5. Some basic properties of the graph A.

Property Value
Number of nodes 4219

Number of edges 32,648
Density 0.0018
Clustering coefficient 0.0349

Having analyzed the graph A, we now turn to the analysis of the graphs SG*, SG~,
WG, and WG ™. As we saw in Section 4.2, each of these graphs is related to a pair (u;, ;),
where u; is a user and ¢; is a topic. The four graphs are associated with the four possible
sentiment types; in particular, the graph SG* (resp., SG—, WG and WG ™) is associated
with the strongly positive (resp., strongly negative, weakly positive, weakly negative)
spatial scope. Essentially, these graphs represent the spatial spread of the scope related to a
user u; discussing a topic ¢;. Recall that, given the pair (u;, t;), only one of the four graphs
can exist in a given time interval, depending on the sentiment type that #; had shown for
t; in that time interval. Since each graph is associated with a pair (u;, t;), in our analysis
we considered all possible pairs of users (u;, ;) in the various time slices of the dataset
and, for each of them, we calculated its breadth (which coincides with the number of its
nodes) and its depth (which coincides with its diameter). Finally, we aggregated the results
based on sentiment type, obtaining average values for each graph types. These are shown
in Table 6.

Table 6. Average values of breadth and depth for the graphs SG +,8G7, WG, and WG

Property SG+ SG~ wg+ WG~
Average breadth 143 187 89 124
Average depth 7.8 8.4 6.9 7.3

The examination of this table reveals additional interesting insights. First of all,
the differences among the four graphs under examination mainly concern the average
breadth, while the values of the average depth are more similar. In addition, we can
observe that for both the average breadth and the average depth the graphs associated with
negative sentiments have higher values than the corresponding graphs associated with
positive sentiments. This is in line with several researches proposed in the past literature
whose authors found that negative sentiments tend to spread more easily than positive
ones [68-72]. Finally, we can observe that, for both average breadth and average depth,
the graphs associated with weak sentiments have lower values than the corresponding
graphs associated with strong ones. This is in line with other studies proposed in the
past literature where it has been shown that the stronger a sentiment is, the more people
resonate with it, and the likelier it is they will spread it to others [71,73,74].
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5.4. Experiments on Spatial Scope
5.4.1. Variation of the Spatial Scope against the Neighborhood Level

We began our experiments on spatial scope by analyzing how it varies against the
neighborhood level and whether this variation differs for the different sentiment types.
To conduct this analysis we proceeded as follows.

Let us first consider the case in which the sentiment type is strongly positive. In
Section 4.2, we have seen that, in this case, the graph representing the scope is SG* and
the average positive sentiment degree of the neighbors of level A of the user u; on the

topic ; is 5;].;, as shown in Equation (12). We have also seen that the trend of this degree

against v is given by a succession of values ¢;, 07, - - - , 0] such that ¢j = 5;, 0 = (S;h,
1 <h<d, d= diameter(SG +). In other words, this succession measures the variation
of the u;’s capability of influencing the sentiment on t; as we move away from her in the
social platform, also taking into account the possible interference of other users.

In Section 5.3, we have seen that the average depth (which coincides with the average
diameter) of SG is 7.8. Therefore, in the current analysis, we consider a value of /1 ranging
from O to 7.

Consider, now, all possible pairs of users (u;, t;) such that #; showed a strongly positive
sentiment on {;. For each of these pairs, we performed all the computations specified above
and constructed the succession Qa' , QT JEREN Q;_. The latter tells us how the average value of
the sentiment degree on t of the neighbors of level 1, 0 < I < 7, of the users showing a
strongly positive sentiment on ¢; varies against the increase of 1. In other words, it shows
how the influence of the users having a strongly positive sentiment on {; varies as we move
away from them in the social platform, also taking into account the possible interference
of other users. Finally, we computed the mean of all the values of ¢f , 0], - - - , 0 over the
possible pairs of users (u;, ;). These mean values are graphically reported in Figure 3.
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Figure 3. Variation of the mean value of the sentiment degree on t; of users against the neighborhood
level they belong to.

Similarly, we computed the succession of the mean values of the average sentiment
degree on t; of the neighbors of level & of the users showing a strongly negative (resp.,
weakly positive, weakly negative) sentiment on ¢;. It indicates the variation of the influence
of the users having a strongly negative (resp., weakly positive, weakly negative) sentiment
on t; as we move away from them in the social platform, also taking into account the
possible interference of other users. In this case, based on Table 6, i should range from 0 to
8 (resp., 6, 7). The values of this succession are graphically reported in Figure 3.
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From the analysis of this figure, we can deduce several useful information about the
trend of the spatial scope for the different sentiment types. As we might expect, whatever
the sentiment type, as the neighborhood level increases, the average sentiment degree (and,
thus, the influence of the corresponding users regarding the sentiment on a topic) decreases.
As for the different types of scope, we can observe that the users with negative sentiment
have a greater influence than the ones with positive sentiment, and the users with strong
sentiment have a greater influence than the ones with a weak sentiment. This is in line with
the results described in Section 5.3 and those found in the past literature [68-74].

The analysis of Figure 3 shows that the influence of users with strongly negative
sentiment degree, besides being generally strong, decreases smoothly. This suggests that it
is not affected by any interference from other users. When we turn to users with strongly
positive sentiment degree, we can see that there is always a decrease of their influence,
but this is somewhat more irregular. This indicates that the influence of this type of users
may be affected, although not decisively, by the interference from other users. At some time
slices, this interference can accelerate the influence decrease, while, at other time slices, it is
able to slow it down. However, it is not able to reverse the trend. As for users with weak
sentiment degree, we can observe that the trend is more irregular. Overall, the values are
lower than the corresponding ones of the users with strongly negative sentiment degree.
In addition, the interference from other users is stronger. In fact, it does not only make
the decrease irregular, but is also able to reverse the trend at some points, although only
for short stretches. All the peculiarities characterizing the influence of users with weakly
negative sentiment degree occur even more strongly for the influence of users with weakly
positive sentiment degree. In this case, the trend is even more irregular and its inversions
are more frequent and pronounced.

As we have seen in Section 4.2, starting from the successions shown in Figure 3,
we can derive several other interesting information. In particular, as for the succession
corresponding to the average strongly positive sentiment degree, we have that:

o A =005 A = —007; A = —0.10; A} = —0.12; A = —0.12; A} = —0.14;

A = —0.18.
AT 005 _ AT 007 At At A .
o A =43 = 00548 = g = —008; Ay = 013, Af = —0.17; A7 = —0.21;
A} = —0.30; A = —0.56.
o A = 08092 — 005 Ay = —08092 — 006, A] = —0.07; A = —0.09;

AT = —0.09; Al = —0.10; A = —0.11.
o AM* = 1max(0.05,0.07,0.10,0.12,0.12,0.14,0.18) = 0.18.
e A" = min(0.05,0.07,0.10,0.12,0.12,0.14,0.18) = 0.05.

Similarly, we can compute the corresponding parameter values for the other succes-
sions we examined above.

Furthermore, we can say that the successions related to SG~ and SG* are mono-
tonically non-increasing. In contrast, the successions related to WG~ and WG™ are non-
monotone.

Finally, as specified in Section 4.2, many other analyses can be conducted on the
successions and on the graphs SG +,.8G—, WGt and WG~ for extracting more information.
For example, we can observe that the succession corresponding to YWG~ presents only
one trend reversal while the succession corresponding to WG shows two trend reversals,
which also have a larger magnitude. This also allows us to say numerically and objectively
that the latter succession is more irregular than the former.

5.4.2. Relationship between Density and Clustering Coefficient and Spatial Scope

In the previous sections, we have seen some analyses allowing us to derive information
on a spatial scope from its representation through a graph. In particular, we have illustrated
what information on a spatial scope can be derived from the breadth and depth of the
corresponding graph, as well as from the analysis of the variation of the sentiment against
the neighborhood levels. In this section, we want to continue in this direction by considering
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some Social Network Analysis and graph theory parameters and seeing if and how they
can support us in gaining a deeper understanding of scope. In particular, we will focus on
density and average clustering coefficient.

In Section 5.3, we have computed the values of these two parameters for the graph
A, and we have seen that they are low; then, we have provided an explanation for this
behavior. In this section, we want to see what happens for the graphs SG*, SG~, WG,
and WG~ associated with the various sentiment types.

To answer that question, we computed the density and the average clustering co-
efficient for all the graphs of types SG* (resp., SG—, WG, and WG ™) associated with
the pairs (u;, t;) such that u; showed a strongly positive (resp., strongly negative, weakly
positive, weakly negative) sentiment on ¢;. Then, we averaged the values obtained for each
graph type. In Table 7, we report the corresponding results.

Table 7. Average values of density and average clustering coefficient for the graphs of type SG +,
SG—, WGT and WG~

Property 8G+* SG~ wgt 24
Average Density 0.0242 0.0288 0.162 0.0184
Average Clustering Coefficient 0.2215 0.2417 0.1918 0.2012

From the analysis of this table, we can see that the values of the density and the
average clustering coefficient of the graph SG* (resp., SG—, WG and WG ™) are much
higher than those of the graph A. This can be explained by considering how the graph SG*
(resp., SG~, WG and WG ™) is constructed. In fact, such a construction starts from a node
serving as the root and gradually adds nodes belonging to the various neighborhoods of the
root, along with the corresponding arcs, as long as the conditions expressed in the function
P () (respectively, (), (), ¢ ()) in Equation (7) (resp., (8)—(10)) are satisfied. This way
of proceeding tends to favor the construction of dense and compact graphs obtained as
subgraphs of the connected component of .4 on which their root node is located. When
the boundary of the connected component is reached, the construction of SG* (resp., SG~,
WG™ and WG™) stops. Such a construction also tends to stop when arriving at sparse
areas of the graph A.

Another important information we can derive from examining Table 7 concerns the
fact that the density of the graphs associated with strong sentiments is greater than that of
the graphs associated with weak sentiments. This difference becomes much less marked
if we consider the average clustering coefficient instead of the density. In contrast, there
is no great difference between the parameters of the graphs associated with positive
sentiments and those of the graphs associated with negative sentiments. This result,
coupled with the ones obtained in the previous sections, suggests to us that the negativity
of a sentiment is able to increase the intensity of its transmission but it is not able to increase,
except marginally, the number of connections activated by users for its transmission.

5.5. Experiments on Temporal Scope
5.5.1. Variation of the Scope over Time for Each Sentiment Type

This test is dual to the one we conducted for the spatial scope in Section 5.4.1. In fact, it
aims to evaluate the trend of the sentiment degree over time and how it differs for different
sentiment types. The time interval we considered is the reference interval for our dataset,
which is the interval from 25 February 2022 to 25 March 2022.

In Section 4.3, we have seen that, given a user u; and a topic t;, the temporal scope of u;
on t; in the time interval T/[x..y] is represented by an ordered list of pairs (see Equation (18)),
one for each time slice in the interval. The generic pair (13, ;) denotes the sentiment type
(Tp) and the sentiment degree (6;). Recall that our model associates only one sentiment type
with a user ; and a topic ¢; in a time slice Tj. Both values can vary when passing from one
time slice to another.
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We carried out this experiment as follows: given a time slice T; (which coincided in
practice with a day of the time interval relative to our dataset), we identified all possible
pairs (u;,t;) such that, in the time interval Tj, the user u; expressed a sentiment on the topic
tj. Then, for each of these pairs, we determined the sentiment type 7;;, expressed by u; on
tjin Ty and the corresponding sentiment degree 0;;,.

At this point, we partitioned the pairs (u;, ;) based on the corresponding sentiment
types in T}, and, for each partition, we computed the average value of the sentiment degree.

In this way, we obtained four average values of sentiment degree, i.e., W, 9;’7 , 0" and

QZUP , one for each sentiment type. Finally, we repeated these tasks for each time slice of the
considered interval. The results obtained are shown in Figure 4, while in Table 8 we report

the values of some statistical measures computed over the whole time period of interest for
the four cases under consideration.
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Figure 4. Variation over time of the average value of the sentiment degree associated with each
sentiment type.

Table 8. Values of some statistic measures computed over the whole time period for sn, sp, wn,

and wp.
Parameter sn sp wn wp
Max 0.92 0.88 0.79 0.73
Min 0.90 0.81 0.72 0.63
Mean 0.91 0.84 0.75 0.67
Standard deviation 0.003 0.018 0.017 0.029

From the analysis of Figure 4 and Table 8 we can derive some interesting knowledge
patterns on temporal scope. First, we observe that the values of the average sentiment
degree are generally very high, since they range from a maximum of 0.92 to a minimum
of 0.63.

In addition, we can observe that the trend of the average sentiment degree for strong
sentiments is generally higher than that for the corresponding weak sentiments. In fact,
Table 8 shows that the average sentiment degree is equal to 0.91 and 0.84 for strong
sentiments, while it is equal to 0.75 and 0.67 for weak ones. This confirms what we had
already found in Section 5.4.1 for spatial scope. In addition to this, we can observe that
the trend over time for strong sentiments is more constant than for weak ones. In fact,
in Table 8, we can see that the standard deviation of the sentiment degree is equal to 0.003
and 0.018 for strong sentiments, while it is equal to 0.017 and 0.029 for weak ones. This
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is a new knowledge pattern about the trend of sentiment degree that we were able to
obtain thanks to the introduction of temporal scope in this paper. It is in line with the
previous results in the literature regarding strong and weak sentiments [71,73,74]. It can be
explained by considering that strong sentiments correspond to very marked polarizations,
and thus are unlikely to change over time, contrary to what happens for weak sentiments.

A second interesting result that can be observed from Figure 4 and Table 8 concerns
the trends of negative versus positive sentiments. In fact, we can observe that the values of
negative sentiment degrees are on average higher than those of positive sentiment degrees.
As evidence of this, Table 8 shows that the average sentiment degree is equal to 0.91 and
0.75 for negative sentiments, while it is equal to 0.84 and 0.67 for positive ones. This
represents a confirmation of the results already found for the spatial scope in Section 5.4.1.
In addition to this, we can observe that the time trend for negative sentiments is more
constant than that for the corresponding positive sentiments. In fact, in Table 8 the standard
deviation of the sentiment degree is equal to 0.003 and 0.017 for negative sentiments, while
it is equal to 0.018 and 0.029 for positive ones. The latter knowledge pattern is new to
the literature and could only be extracted due to the introduction of temporal scope. It is
in line with the previous results found in the literature regarding positive and negative
sentiments [68-72].

By integrating all the derived information, it follows that the strongest and most stable
sentiment is the strongly negative one; it is unlikely to be changed over time. In contrast,
the ficklest sentiment is the weakly positive one. Indeed, it can be modified over time by
acting appropriately on users. As for the modification possibility, the strongly positive and
the weakly negative sentiments lie somewhere between the two extremes.

5.5.2. Analysis of User Stereotypes

In the previous section, we focused on the temporal variation of the average values of
sentiment degree. Instead, in this section, we want to analyze the temporal variation of the
sentiment degree of single users on specific topics. In particular, we want to define some
user stereotypes and check whether and to what extent they are present in our dataset.
More specifically, the stereotypes we define are reported in Table 9. It is worth pointing
out that these are stereotypes defined by us taking into consideration the semantics of the
various sentiment types and the potential usefulness of them. However, new stereotypes
may be defined in the future, should the need arise.

Table 9. Some possible user stereotypes.

User Stereotype Definition

sp-user (strongly positive user) on ¢; This is a user who always showed a sentiment of type sp on t; when
she expressed her opinions during the time interval T[x..y].

sn-user (strongly negative user) on t;
gy nes / Similar to the sp-user but with sn instead of sp.

wp-user (weakly positive user) on ¢;
P ( yP Jont, Similar to the sp-user but with wp instead of sp.

wn-user (weakly negative user) on {; L ) )
Similar to the sp-user but with wn instead of sp.

nn-user (non-negative user) on t;
8 ! Similar to the sp-user but with sp or wp instead of sp (Recall that a

user can show only one sentiment type on a topic ¢; in a time slice;
however, she can show different sentiments on t]- in different time
slices of T[x..y]).
np-user (non-positive user) on ¢; o ) )
Similar to the sp-user but with s or wn instead of sp.
w-user (weak user) on ¢; o ) )
Similar to the sp-user but with wp or wn instead of sp.
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Table 9. Cont.

User Stereotype

Definition

s-user (strong user) on ¢;

super-sp-user (super strongly positive user)

super-sn-user (super strongly negative user)
super-wp-user (super weakly positive user)
super-wn-user (super weakly negative user)
super-nn-user (super non-negative user)
super-np-user (super non-positive user)
super-w-user (super weak user)
super-s-user (super strong user)

sw-user (swinging user) on ¢;

ss-user (super swinging user)

p-user (posed user)

Similar to the sp-user but with sp or sn instead of sp.
This is a user who always showed a sentiment of type sp on all the
topics she discussed during T[x..y].

Similar to the super-sp-user but with su instead of sp.
Similar to the super-sp-user but with wp instead of sp.
Similar to the super-sp-user but with wn instead of sp.
Similar to the super-sp-user but with sp or wp instead of sp.
Similar to the super-sp-user but with sn or wn instead of sp.
Similar to the super-sp-user but with wp or wn instead of sp.

Similar to the super-sp-user but with sp or sn instead of sp.

This is a user who showed all the four sentiment types on t; during
T[x..y].

This is a user who behaved as a sw-user on every topic she discussed
during T[x..y].

This is a user who was sp-user for at least one topic, sn-user for at
least a second topic, wp-user for at least a third topic, and wn-user for
at least a fourth topic. In other words, she demonstrated the ability to
express the full range of sentiments depending on the topic.

After defining stereotypes, we computed how many users in our dataset could be

associated with each of them. Recall that our dataset includes 4219 users and 101 topics.
The number of potential pairs (u;, tj), such that u; is a user and ¢ jis a topic, is 426,119, while
the number of actual pairs in the dataset is 130,794. The number of users associated with
the various stereotypes that we defined is reported in Table 10.

From the analysis of this table, we can deduce some interesting insights. First, we
observe that: (i) the number of sn-users (resp., super-sn-users) is greater than the one
of sp-users (resp., super-sp-users); (ii) the number of wn-users (resp., super-wn-users) is
greater than the one of wp-users (resp., super-wp-users); (iii) the number of np-users (resp.,
super-np-users) is greater than the one of nn-users (resp., super-nn-users). This is in line
with what we have seen in the previous sections and in the literature regarding the trend of
positive and negative user sentiments. Similarly, we can observe that: (i) the number of
sn-users (resp., super-sn-users) is greater than the one of wn-users (resp., super-wn-users);
(ii) the number of sp-users (resp., super-sp-users) is greater than the one of wp-users (resp.,
super-wp-users). This result is also in line with what we have seen in the previous sections
and in the literature regarding strong and weak sentiments.

On the other hand, it is interesting to note that the number of w-users (resp., super-w-
users) is greater than the one of s-users (resp., super-s-users). This might seem a contradic-
tion to the previous results in this section and to the ones in the previous sections. In fact,
this is not the case; this phenomenon can be explained by taking into account that the senti-
ments wp and wn are somewhat “contiguous”. Therefore, it is easier for a user to switch
from one to the other without ever reaching strong sentiments. In contrast, the sentiments
sp and sn are extreme; to be s-user or super-s-user, one could have to oscillate between
these two extreme sentiments without ever going through the weak sentiments that lie in
between. This is much more difficult than a context in which a user oscillates between two
weak sentiments.
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A further observation concerns the very low number of swinging users. This is
explained by the fact that it is really difficult for a user to have four different sentiment
types on the same topic. Even the number of super-s-users is so low that we can assume
that their presence is more of a bias than anything else.

Finally, it is worth pointing out that more than half of the users in our dataset are
p-users. In our opinion, this is an extremely positive result because it tells us that the users
in our dataset were really able to express the full range of possible sentiments depending
on the reference topic and time slice.

Table 10. Number of users associated with each stereotype.

Stereotype Number of Users
sp-user (strongly positive user) on ¢; 1211
sn-user (strongly negative user) on ¢; 1274
wp-user (weakly positive user) on £; 1058
wn-user (weakly negative user) on t; 1142
nn-user (non-negative user) on f; 2119
np-user (non-positive user) on £; 2497
w-user (weak user) on ¢; 1714
s-user (strong user) on t; 1134
super-sp-user (super strongly positive user) 72
super-sn-user (super strongly negative user) 88
super-wp-user (super weakly positive user) 48
super-wn-user (super weakly negative user) 53
super-nn-user (super non-negative user) 221
super-np-user (super non-positive user) 244
super-w-user (super weak user) 174
super-s-user (super strong user) 118
sw-user (swinging user) on ¢; 42
ss-user (super swinging user) 2
p-user (posed user) 2284

5.5.3. Discussion

In this section, we present a discussion regarding the framework proposed in this
paper. In particular, we present a brief overview of its main strengths, limitations, and
practical applications.

Regarding the first point, the main strengths of our framework are the following: (i) it
defines a multi-dimensional view of the concept of scope; (ii) it can operate on any social
platform as long as the messages exchanged in the latter are predominantly text-based; and
(iif) it can assess the scope of user sentiment on any topic.

Our framework also has some limitations. Specifically: (i) it operates on only one social
platform at a time, whereas the various platforms are currently interconnected because
many users join simultaneously on multiple platforms, acting as bridges among them; (ii) it
can currently handle only two possible dimensions, namely space and time; (iii) it is unable
to evaluate and analyze the possible interference that different users may exert on a given
user in defining her sentiment on a topic; (iv) it is based on text analysis and, consequently,
works on social platforms where the messages exchanged are predominantly textual.

A first possible practical application of our framework involves supporting informa-
tion diffusion. In fact, the knowledge of scope and its dynamics can facilitate in identifying
new strategies to spread certain messages as widely as possible. A second application, dual
to the previous one, consists in countering fake news. The latter, in fact, often arouse a
strongly negative sentiment. Exploiting this characteristic and the concept of scope makes
it possible to define an approach for identifying fake news and countering their spread.
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Last but not least, one could use our framework in order to identify certain user stereotypes
(think, for instance, of the swinging and posed users introduced in Section 5.5.2).

6. Conclusions

In this paper, we have proposed a framework to determine the spatial and temporal
scope of the sentiment of a user on a topic in a social platform. First, we have presented the
concept of scope and we have seen that it summarizes several concepts, such as centrality,
reputation, and diffusion, introduced in the past Social Network Analysis literature. In fact,
all these concepts represent different aspects of the concept of scope. Then, we have
introduced the concept of scope of the sentiment of a user on a topic and we have defined a
model capable of representing and handling a multi-dimensional view of scope. Afterwards,
we have proposed a set of parameters and an approach for evaluating the spatial and the
temporal scope of the sentiment of a user on a topic in a social platform. Finally, we have
performed a set of tests to evaluate the proposed framework on a real dataset obtained
from Reddit.

The main novelties of this paper are the following: (i) it proposes a multi-dimensional
view of scope, particularizing it to space and time dimensions; (ii) it introduces the concept
of scope of the sentiment of a user on one or more topics; and (iii) it presents a general
framework for extracting information about the scope of the sentiment of a user on topics
of any subject; this framework is capable of operating on any social platform.

The main results and findings obtained by applying our framework on our Reddit
dataset can be summarized as follows: (i) negative sentiments tend to spread more easily
than positive ones; (ii) strong sentiments tend to spread more easily than weak ones;
(iii) the influence of a user on the sentiment felt by her neighbors tends to decrease when
the neighbors’ distance from her increases; (iv) users with negative sentiments influence
their neighbors more than users with positive sentiments; (v) users with strong sentiments
influence their neighbors more than users with weak sentiments; (vi) the influence of
users with strongly negative sentiment is not affected by any interference from other
users; (vii) the negativity of a sentiment can increase the intensity of its transmission
but cannot increase the number of connections activated by users for its transmission;
(viii) the temporal trend for strong sentiments is more constant than the one for weak
sentiments; (ix) the average degree of strong sentiments over time is generally higher than
the average degree of weak sentiments; (x) the average degree of negative sentiments
over time is generally higher than the average degree of positive sentiments; (xi) the time
trend of negative sentiments is more constant than the one of positive sentiments; (xii) the
number of users with negative sentiments is greater than the number of users with positive
sentiments; (xiii) the number of swinging users (i.e., users who felt all the four possible
sentiment types for the same topic) is negligible; and (xiv) the number of posed users (i.e.,
users who were capable of feeling the full range of sentiments depending on the topic) is
very high.

The ideas proposed in this paper have several possible future developments. First, we
plan to extend the concepts proposed here from a single network to a Social Internetworking
System, that is, a set of interrelated networks in which each user may join one or more of
them. Second, we would like to study further dimensions of the scope of the sentiment of a
user on a topic in a social network, in addition to the spatial and temporal ones considered
in this paper. Third, we would like to further study the interference of multiple users on
the sentiment of a user u; on a topic ;. In particular, we would like to analyze the case
in which the interfering users are very close, as well as the case in which they have high
scope and, therefore, the interference caused by each of them may be significant or, even,
decisive. Last but not least, we plan to investigate the possible use of our framework to
health economics applications [75] and computational linguistics [76].
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Abstract: Evidence-based policy seeks to use evidence in public policy in a systematic way in a bid
to improve decision-making quality. Evidence-based policy cannot work properly and achieve the
expected results without accurate, appropriate, and sufficient evidence. Given the prevalence of
social media and intense user engagement, the question to ask is whether the data on social media
can be used as evidence in the policy-making process. The question gives rise to the debate on what
characteristics of data should be considered as evidence. Despite the numerous research studies
carried out on social media analysis or policy-making, this domain has not been dealt with through
an “evidence detection” lens. Thus, this study addresses the gap in the literature on how to analyze
the big text data produced by social media and how to use it for policy-making based on evidence
detection. The present paper seeks to fill the gap by developing and offering a model that can help
policy-makers to distinguish “evidence” from “non-evidence”. To do so, in the first phase of the
study, the researchers elicited the characteristics of the “evidence” by conducting a thematic analysis
of semi-structured interviews with experts and policy-makers. In the second phase, the developed
model was tested against 6-month data elicited from Twitter accounts. The experimental results show
that the evidence detection model performed better with decision tree (DT) than the other algorithms.
Decision tree (DT) outperformed the other algorithms by an 85.9% accuracy score. This study shows
how the model managed to fulfill the aim of the present study, which was detecting Twitter posts
that can be used as evidence. This study contributes to the body of knowledge by exploring novel
models of text processing and offering an efficient method for analyzing big text data. The practical
implication of the study also lies in its efficiency and ease of use, which offers the required evidence
for policy-makers.

Keywords: evidence-based policy; evidence; social media; evidence detection; twitter

1. Introduction

Social media play a special role in our daily lives. These platforms, which are based on
the ideology and technology of Web 2 [1], have transformed the way people communicate
and interact [2]. They work based on user participation in content generation and have
led to the emergence of active and dynamic users instead of passive citizens, so that users
are more engaged in diverse social developments [3]. In the meantime, such media are
increasingly used to provide feedback on various social issues. In fact, with the emergence
of participatory social media, a new ecosystem has come to light that facilitates citizen
participation in social events [4]. Sharing content by citizens can give rise to social values,
such as building a social discourse or raising awareness on political and economic issues [5].
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The use of values created in this environment by the governments can lead to the formation
of good governance in all countries, especially developing countries [6].

In the wake of the platform revolution, the role of policy-makers has changed. They
have taken on new roles, including actively analyzing and extracting knowledge from
the opinions of citizens using digital platforms [7]. One of the best ways to identify and
understand citizens’ views in a bid to take them into account in the policy-making process
is using social media platforms [8,9]. Policy-makers need to be aware of citizens’ opinions
expressed in the form of social media posts, as they are published through minimum
gatekeeping [10]. This creates an exceptional chance for policy-makers to interact more
effectively with the citizens, learn about their needs and opinions, and take them into
account in the policy-making process [11]. In fact, social media can serve as a channel
between users and policy-makers and can be used as a new source for engaging citizens
in formulating and implementing policies [12]. This also creates a great opportunity for
governments to learn about their citizens’ views and communicate effectively with them.
Social media analysis has drawn more attention in recent years, with governments seeking
to take advantage of this opportunity to boost user participation on social media [13].

Social media data analysis is not new to the literature, and researchers and experts
have already analyzed various datasets in different countries through diverse methods
and techniques over the past few years [14,15]. However, the application of these data and
their analysis in the field of policy-making is a novel concept and there are many gaps and
challenges that should be addressed [12-16]. Policy-makers have started using social media
data in various sectors, including education [17], health [18], and communications [10]. An-
alyzing these data can contribute to improving the performance of governments, boosting
the quality of services, creating new and developed forms of interaction with citizens, and
promoting the welfare of citizens [3]. Doing so can not only help governments improve
their decision-making and governance, but also revolutionize the creation and provision of
such services [19,20].

Based on the evidence-based policy approach, the policy-maker is obliged to use
various types of evidence. Traditionally, the basis of “evidence” is the knowledge elicited
from applied research, statistics, surveys and focus groups, and so on. However, now,
policy-makers cannot ignore the evidence on various issues that is being widely produced
by citizens on social media [21,22]. Since the question of how data retrieved from social
media can be used in the policy-making process has not been answered yet [12], finding
a response is of great significance. Even though various studies have been conducted
on social media analysis and policy-making in recent years [20,22,23], social media have
not been viewed as a source of much-needed evidence in the policy-making process.
The significance of social media data used as evidence in the policy-making process is
undisputed [24,25], but the unanswered problem is how to organize a large body of scat-
tered data and use them as evidence in the policy-making process. Therefore, policy-makers
need to distinguish “evidence” from “non-evidence” among a plethora of social media
posts. There is an indication that Iranian policy-makers welcome the use of Twitter analytic
tools, including monitoring dashboards, to obtain insights into diverse areas, including
public health, education, technology, etc. To date, however, the Iranian technology policy-
makers have not systematically used social media data in the policy-making process,
despite the incontrovertible significance of such data, which can reflect the opinions and
feedback of the users. This is set against the backdrop of the fact that the absence of social
media users’ views who are already sensitive to policy issues can challenge the formulation,
implementation, and evaluation of policies in the future. To this end, the present study
sought to provide a model for detecting evidence in Twitter posts. After being designed and
tested, a model was proposed to be used during the process of technology policy-making
in Iran.

In the first phase of this study, the authors drafted the characteristics of the tweets
to be considered as evidence in the field of technology by reviewing the related literature
and also by conducting semi-structured interviews with technology policy experts in Iran.
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By evidence, the authors mean tweets that are relevant, critical, and representative of the
facts on the ground, which are capable of creating a criterion for the policy-makers to base
their decisions on an evidence-based, rather than an intuition-based, approach. By doing
s0, the evidence-based approach can help reduce uncertainties and bridge the gap between
speculations and facts. In the second phase, the researchers collected the 6-month data from
Twitter accounts that pertained to the field of technology and labeled them as evidence and
non-evidence. Next, they developed a model, which was based on the six-month Twitter
data, to distinguish evidence from non-evidence.

In the following sections, first, the related background studies will be reviewed, then
the steps of conducting the research study will be explained, and finally, its applications
will be discussed.

2. Background

Technology policy was chosen as a controversial area, given the challenges facing its
implementation and the public outcry it occasionally triggers. As a developing country,
Iran has been facing complexities in terms of emerging technology policy. The multiplicity
of formal and informal policy-making institutions, high conflict of interest among policy
stakeholders, lack of transparency in policy formulation and implementation, insufficient
knowledge of the technologies, the uncertainty of social, economic, and cultural effects
of these technologies, and the complications of the economic environment are among
such complexities [26,27]. Needless to say, the policies related to technology in Iran, as in
many countries, are limited and too general, lagging behind the emerging technologies and
preventing the policy-makers from responding appropriately to the rising problems. To
reduce the potential inefficiencies, the policy-makers must be aware of the needs, interests,
and desires of all stakeholders in the field of technology.

By January 2020, about 70 percent of Iranians had access to the Internet, a sharp
increase of 11 percent from 2019. It is also estimated that more than 33 million Iranians
(40%) use social networks. Many Iranians take to Twitter to express their critical and
expert-level views on diverse social and political issues. By focusing on content rather
than on the users’ profiles, Twitter has created an environment where users can easily
debate popular topics, with features such as hashtags and algorithmic timelines [28]. This
thematic arrangement of content, as well as the openness and real-timeness of Twitter [29],
has enabled experts and policy-makers in various fields to use it as a source of ideas to set
their policy priorities [30].

Twitter is ironically expanding its users and is estimated to have over 3.2 million users
in the selected country of this study, with nearly 790 million tweets (including 200 million
retweets) posted between 21 March 2021 and 20 March 2022. [31]. Twitter users in Iran were
estimated to be around 2 million a year ago, with 500 million tweets (including 200 million
retweets) published every year. It is evident that the users are mostly from the educated
strata of Iranian society, and most of the content is created by the users themselves, and
unlike other platforms (such as Instagram), there is less copy and paste. Twitter has become
highly politicized in Iran, and most policy-makers, public opinion leaders, and experts in
various fields have official Twitter accounts. Via Twitter, Iranians from different walks of
life, from ordinary citizens to the members of parliament and cabinet members, can express
their views on diverse social, political, and economic issues in society. Iranians have found
that launching a Twitter storm is an effective way to spread an idea, belief, demand, or
protest. They already use hashtags and share them to make certain issues that have been
underreported by the mainstream media trending on Twitter, as part of a strategy to grant
themselves a voice [32]. It can be argued that Twitter data, as a representation of public
opinions, can influence the policy-making agenda.

Nowadays, policy-makers actively take advantage of social media networks to reach
a wider audience, raise awareness of the issues that matter to them, promote their views,
mobilize supporters, and receive timely feedback [33]. Given the prevalence of Twitter
among Iranian intellectual figures, policy-makers have already kept an eye on the content
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produced and spread on the platform. If detected and analyzed, such data can be trans-
lated into relevant evidence that is much needed by the policy-makers in emerging areas,
including technology policy.

3. Literature Review
3.1. Evidence-Based Policy

Evidence-based policy is defined as the systematic use of evidence in formulating
public policies. It is an approach that has its roots in evidence-based medicine and treat-
ment [34,35]. Evidence-based policy became pervasive once the modernization of gov-
ernments rose to the top of the agenda of countries and the tendency for policy-making
based on social science analysis increased [35,36]. Policy-makers and government officials
sought to respond to the needs and pressures of citizens for whom social services were
inadequate or unsuitable. Frustrated with the low efficiency of policies used in the social
programs, the policy-makers and government managers were prompted to seek new policy
approaches [37]. Policies based on old ideologies no longer worked, and the policy-makers
welcomed more modern approaches [27]. These new orientations were coupled with the
tendencies of major NGOs, guilds and other stakeholders in the public space to become
involved in solving the existent problems [38]. The awakening of policy-makers opened up
an opportunity for the public policy field to offer solutions in the form of new approaches
to gain more control over the ambiguous and confusing realities of the policy-making
environment. Policy-makers adopted an evidence-based policy approach as part of an
effort to solve their problems and increase policy efficiency. This new approach is the result
of the emergence of the inefficiencies of government policy-making and its implementation
in various fields [8,39] and aims to develop policy alternatives to boost the quality of
decisions made by policy-makers.

The evidence-based policy approach is based on two contexts without which proper
enforcement of this policy-making approach is not possible. The first context is a fa-
vorable political culture that allows the inclusion of transparency and rationality in the
policy-making process. The second includes a research culture committed to analytical
studies using rigorous scientific methods that generate a wide range of evidence for policy-
making [40]. Sufficient information is one of the prerequisites of a good policy [29-41].
Policy-making requires a variety of evidence in complex, variable, and high-risk policy
areas. Therefore, generating up-to-date, multidimensional, and multilevel evidence can
further help policy-makers in this field [42]. There are several reasons why the traditional
evidence collected through applied research, which is available to the policy-makers, is not
sufficient for effective policy-making. First, it is not possible to obtain accurate findings on
key issues in many areas through research. Second, policy-makers and politicians are often
influenced and motivated by many factors other than research evidence [41-43]. Therefore,
it can be concluded that the availability of reliable research results alone does not guarantee
its effectiveness. Valid, extensive, and multidimensional evidence is largely missing in
evidence-based policy. Producing evidence with these characteristics demands consistent
and long-term efforts by policy-makers and researchers.

3.2. What Is the Evidence?

An evidence-based policy cannot work properly and yield expected results without
accurate, sufficient, and appropriate evidence. Searching for accurate and reliable evidence
and efficiently using it in the policy-making process is viewed as one of the underlying
principles of the evidence-based policy approach [39—44]. The following three types of
evidence are important in policy-making: political evidence, analytical and technical
evidence, and evidence collected from the field and through professional experience [24].
In fact, these types of evidence offer three kinds of lenses for policy-making. Each is
produced with respective knowledge, and professional and political protocols and is
subject to policy-makers’ interpretations, limitations, and constraints [45].
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In evidence-based policy, the scope of evidence must be expanded to include all types
of evidence [40-46]. Traditionally, the basis of “evidence” as the foundation of evidence-
based policy is the knowledge produced via applied research on comprehensive trends
and the explanation of social and organizational phenomena [46]. Based on the type of
policy issue and the ability and capabilities of policy-makers in data collection [34-47],
governments need to have a certain level of evidence analysis capabilities for policy-making.
In practice, however, such a capability does not always exist, and governments often fail
to systematically analyze a large body of formal and informal evidence and incorporate it
into the policy-making process [48,49].

From an evidence-based policy perspective, the question is as follows: what kind of
data/information is needed to produce evidence? Some policy researchers and analysts
have started asking the question of whether the persistence of complex social problems
is due to the lack of data available to policy-makers [50,51]. However, now, the evidence
shows that obtaining more data to fill the gaps will not necessarily lead us to good policy
solutions because the most important step to take in policy-making is to reconcile different
values and political views with scientific evidence within a policy-making system that is
capable of approximating the evidence elicited from the opinions of stakeholders.

Hence, there is disagreement about what kind and quality of evidence can help
improve policies. In a broader sense, it can be argued that there is no single basis to
define what evidence is [27]. All types of different evidence must be used in a more
inclusive context [37], that is, formal and informal evidence needs to be integrated to meet
policy needs.

3.2.1. Challenges of Using Evidence in Policy-Making

Quantitative data and empirical methods have been used as a tool to provide accurate
and reliable evidence for policy-makers for many years. Over the years, the focus has been
on the advantages, such as the high accuracy of these methods in producing quantitative
and analytical evidence [43-48]. However, there have always been three main challenges
confronting the use of this evidence in policy-making. The first stems from the inherently
political and value-oriented nature of policy and decision-making [45], which does not
allow the use of this type of evidence in policy-making. The second is related to the fact
that evidence is produced in different ways by different actors who look at the phenomena
through different lenses. The third challenge is the complicated policy network that
has made evidence difficult to use. Policy network actors interpret, understand, and
prioritize evidence in different ways based on different experiences and values [45]. In
the real world, policies do not follow analytical and empirical evidence but are rather
based on judgments, values, and so on. Policy-making is a vague, politicized process,
and is sometimes contradictory to the original paradigms [52], and requires compromise,
adjustment, and agreement that make it difficult to use evidence.

A crisis or emergency, political priorities, and changing social values in public opinion
are among the cases where governments face difficulty in using evidence [27,49,53,54].
These are some of the complicated issues faced by policy-makers who will be entangled
with problems in producing appropriate and multidimensional evidence, while pursuing
the evidence-based policy approach. Instances of such policies can be found in areas related
to moral and ethical issues. These are some of the major problems threatening evidence
producers, which have validated the use of different types of evidence-based methods on
different foundations in the policy-making process to meet the aforementioned challenges.

3.2.2. Evidence from Public Engagement

In public environment in which government policies are implemented in the public
sphere, or more specifically the public opinion sphere, all the policy stakeholders are
present. This environment reacts to different policies and the success or failure of policies is
determined in this sphere. The policy-makers must respond to this complex environment
in which stakeholders are present and encourage them to implement the policies. There
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is an emphasis on the need to collect and produce evidence based on the engagement
of the public and all policy stakeholders, which is viewed as the basis for producing
multidimensional and comprehensive evidence [54]. Engaging all stakeholders in a policy
is often considered as a part of the policy-makers’ long-term relationship with them, as
well as the development of public engagement capabilities [55,56].

Involving citizens’ digital participation in policies and employing it in the policy-
making process in the form of evidence is already underway. Policy-makers need to use
citizens’ digital interaction data to learn about public views and the way public discourses
are formed, who the main stakeholders are, and what their expert groups and communi-
cations are like, which are growing on a daily basis [55-57]. We are now witnessing an
increase in the use of new technologies to collect and analyze citizens” online participation
data [58,59]. These tools operate as a complement to the conventional data collection and
analysis methods to generate evidence. This adds to the questions about how these digital
audiences can provide useful evidence for policy-makers.

3.3. Social Media Data as Evidence in the Policy-Making Process

Social media data offer a good representation of the big data of any country, opening
up many opportunities to raise awareness about the demands of citizens. Social media data
enable accurate predictions, create knowledge, bring about new services, and can lead to
providing citizens with better facilities [10,16,60]. Using social media data, policy-makers
can reduce policy costs and achieve sustainable development in a variety of areas. In
addition, social media data can enhance policy transparency, increase the credibility of
governments and policy-makers, boost government oversight performance, and narrow
the gap between government oversight and the realities in society [61]. Such characteristics
of social media data can enable policy-makers to boost the oversight of citizens” digital
interactions [12]. In addition, the ideal combination of social media data with policy-makers’
background knowledge will result in more relevant information. Moreover, social media
can generate large amounts of data, in contrast to the traditional sources of evidence, and
can garner novel insights into how stakeholders think about policy issues. The value of
social media data as part of the policy-making cycle and using evidence collected from
social media is highly practical; therefore, it is not possible to ignore its significance [62].
Using social media data in policy-making is not a new issue, as various tools have already
been developed for collecting, analyzing, and visualizing social media content almost on a
daily basis [60-63].

Recent research has focused on combining social media data with the policy-making
process and how these resources can enable policy-makers to obtain fresh insights. Fernan-
dez et al. [64] employed the citizen participation (CP) framework and linked it to the digital
participation created through social media. Panayiotopoulos, Bowen, and Brooker [13]
used the crowd capabilities conceptual framework to underline the value of social media
data for policy-makers in the policy-making process. They question how policy-makers
understand the value of social media data and which of the collective capabilities of social
media data can meet the needs of policy-makers for filtering data input in the policy-
making process. Edlom, Hwang, and Kim [5] examined the roles that communities formed
on social media can assume in promoting the social responsibility of governments. They
presented a typology that features government communication on social media in which
social media data become a new resource for policy-makers and increases communication
between policy-makers and citizens. Gintova [63] believes that few studies have shed
light on the behaviors and views of users on state social media so far. In her study, she
analyzed the experiences of social media users and the way they interact on the Twitter
and Facebook pages run by a Canadian federal government agency. Driss, Mellouni, and
Trabelsi [12] provide a conceptual framework for employing data generated by citizens
on Facebook in policy-making. According to their research results, social media data can
be used in two phases of the policy-making cycle, i.e., the definition of the problem and
policy evaluation. Napoli [64] argues that social media, based on the framework of “public
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resources”, are a public resource that can and should be used to promote public interests.
He believes that there is a positive correlation between extracting and analyzing social me-
dia data and improving public life [53] investigated the impact of social media on citizens’
participation in events that needed policy intervention. They concluded that more access
and activity on social media result in better participation in such affairs. Lee, Lee, and
Choi [29] examined the impact of politicians” Twitter communications on advancing their
policies, assuming that politicians around the world are increasingly using social media
as a channel of direct communication with the public. The study results indicated that
communication breakdowns on social media by politicians would have the greatest impact
on policy implementation during the process of policy-making, causing the users to distrust
the enforcement of the policies. Simonowski, [16] present a framework for analyzing social
media data and how to use them in policy-making. They integrate data collected from
users’ digital participation on electronic platforms and social media, employing them at
various stages of the policy-making process.

Previous research works into social media analysis and policy-making already corrob-
orate the importance of using social media data in policy-making. However, some studies
have questioned the use of such data as evidence in policy-making [12,41,58,63-65].

4. Methods
4.1. Proposed Model for Evidence Detection

One of the major objectives that the present research seeks to realize is the identification
of the characteristics that the Twitter posts need to possess to be considered as policy
evidence. Since labeled data (evidence/non-evidence) were required to train the evidence
detection model, the researchers carried out in-depth, semi-structured interviews with the
Iranian technology policy practitioners to elicit the characteristics. The experts were selected
based on their expertise and several years of practical experience related to technology
policy-making. The interviews began with general questions about the effectiveness of
Twitter in policy-making and proceeded based on the statements made by the interviewees.
Prior to the interview, an interview guide, which contained a series of open-ended questions
aimed at further preparing the interviewees, was emailed to them. The interviews were
transcribed and analyzed via the thematic analysis technique to extract the characteristics
of tweets that were deemed as tech-related policy evidence by the policy-makers, based on
which the tweets were labeled as evidence or non-evidence in the next phase of the study.
Some challenges arose while conducting the interviews with the experts and policy-makers
about identifying the characteristics of the so-called evidence tweets. The definition of what
was referred to as “evidence” was a subjective concept and lacked an objective criterion. In
addition, some of the definitions had a broader scope and included professional experience,
political knowledge, ideas of stakeholders, etc., while some others had a narrower definition
of evidence based on statistical comparisons. In aggregate, 96 themes, 32 sub-themes, and
15 concepts (characteristics) were extracted from 480 comments and meaningful sentences.
Table 1 lists the characteristics of the tweets considered as evidence by the interviewees.

To detect the evidence tweets, all tweets had to be labeled as evidence or non-evidence,
based on the characteristics extracted from interviews with technology policy-making
experts, which were conducted earlier. The tweets were divided into two classes, ev-
idence and non-evidence-based, using the above-mentioned characteristics during the
labeling process.

4.2. Data Set and Feature Engineering

In order to develop an evidence detection model, as one of the other major objectives
of this research, the following steps were carried out.

4.2.1. Data Collection

All of the data used in the present study were collected from Persian tweets posted over
six months using the Twitter API tool, a data extraction tool employed by the developers.
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First, 39 keywords related to “technology policy in Iran” were selected by reviewing the
literature in Persian [59-66]. The tweets were searched and collected based on the selected
keywords. As there were few tweets for some keywords, the authors decided to remove
them from the list and place a greater focus on other more frequently used keywords. There
were also some other relevant keywords commonly used by the users that did not exist
in the technology policy-making jargon. The authors decided to include these keywords
with the aim of collecting more tweets related to technology policy-making. They searched
and collected tweets that contained the hashtags of these keywords. Based on the selected
keywords, 28,277 tweets were initially collected. Nearly half of the tweets, which included
duplicate tweets, retweets, spam, advertisements, or irrelevant tweets, were removed from
the dataset during the pre-processing phase, leaving 14,029 tweets.

Table 1. The evidence evaluation criteria in the field of technology policy from the perspective of
policy-makers.

No Evaluation Criteria

1 Relevance to technology policies

2 Distinguish individual comments from retweets

3 Contain a specific need relevant to technology

4 Contain statistics relevant to technology

5 Relevance to modern technologies

6 Provide political knowledge relevant to technology

7 Provide practical and professional experience relevant to technology
8 Posted by a technology expert or someone with relevant experience
9 Contain a critical issue

10 Indicative of social values in technology

11 Capable of creating a network effect

12 The topic has political priorities for the policy-maker

13 The urgency of the topic mentioned in a tweet

14 Reveal corruption in technology

15 Provide analytic and technical knowledge relevant to technology

4.2.2. Feature Extraction

After the pre-processing step, the appropriate features were extracted. In the previous
research on social network user behaviors, account-based and text-based features were
employed to analyze user data, implying the successful use of these features in analyzing
Twitter posts. Many studies on social media analysis [56-67] have already employed
account-based features to evaluate user profiles and text-based features to identify the
behavioral patterns used in the text. As far as the authors are concerned, these features
have not been used in any of the studies on policy-making to distinguish evidence from
non-evidence. Therefore, given the successful use of these features in various studies, the
authors decided to employ the selected features in order to distinguish evidence from non-
evidence items. The research study also aimed to extract new features that can contribute
to detecting evidence posts. Accordingly, both text-based and account-based features were
used to distinguish evidence posts from non-evidence posts. Table 2 shows the text-based
features used in the study.

Table 3 lists account-based features that showcase the characteristics of the accounts.

4.2.3. Feature Selection
In this phase, to select the best subset of the features, the information gain metric was
used to determine the value of each feature. Since the most effective feature for classification
is the one that decreases entropy, the information gain metric is used for measuring the
amount of entropy decline. The information gain is calculated via the following formula:
Gain(S.A) = Entropy(S) — Z@Entropy(sj)
jEA
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Table 2. Text-based features used in the study.

No Feature Name Description

1 Swear Word The tweet contains swear words

2 Tweet Time The time a tweet was sent

3 No_Sentences The number of sentences in a tweet

4 No_Lines The number of lines that a tweet has

5 No_Mentions The number of mentions included in a tweet

6 No_Urls The number of URLs included in a tweet

7 No_Hashtags The number of hashtags included in a tweet

8 No_Digits The total number of digits in a tweet

9  No_Emojis The number of emojis included in a tweet

10 No_Spaces The number of spaces included in a tweet

11 Length of Tweet The length of a tweet

12 Max Length of Words The maximum length of words that a tweet has

13 Mean Length of Words The mean length of words that a tweet has

14  No_Exclamation Marks The number of exclamation marks included in a tweet
15 No_Question Marks The number of question marks included in a tweet

The number of punctuations marks included in a tweet, except for

16 No_Punctuations . .
question and exclamation marks

17 No_Words Total number of words that a tweet has

18 No_Characters The total number of characters that have been used in a tweet

19  Digits To Chars Ratio The number of digits to the number of characters ratio in a tweet
20 Lines To Sentences Ratio The number of lines to the number of sentences ratio in a tweet
21  Words To Sentences Ratio The number of words to the number of sentences ratio in a tweet
22 Hashtags More Than 2 The tweet has more than 2 hashtags

23  No_Words Less Than 3 Chars Total number of words with less than 3 characters that a tweet has
24 No_Words More Than 5 Chars  Total number of words with more than 5 characters that a tweet has
25  Video The tweet contains a video

26  Image The tweet contains an image

Table 3. Account-based features used in the study.

No Feature Name Description

1 No. of_Followers The number of followers of this Twitter user

2 No. of_Following The number of accounts this Twitter user follows

3 FF_Ratio The number of followers to the number of followings ratio
4 Description Contains a description in the profile

5  No. of_Likes The number of user favorites by this Twitter user

6  URL In Description Contains a URL in the description of the Twitter user

7 No. of Lists The number of lists that this Twitter user added

8 No. of_Tweets The number of tweets this Twitter user sent

9  Profile Image Contains a profile image in the Twitter profile account

10  Background Image Contains a background image in the Twitter profile account
11  Profile Background Image Contains a profile background image in the Twitter profile account

The Table 4 shows the gain values of each feature. Some features extracted via the
evidence detection model are more important for the model, while others are less important.

In calculating the information gain of each feature, the value of some features was
zero, which may be because the values of those features were the same for both evidence
and non-evidence labels. For example, all the user accounts in the dataset had descriptions
and profile pictures in their accounts. It was also made clear that the time of posting tweets
(around the clock) was almost equally distributed between the evidence and non-evidence
categories, so features such as the time of posting the tweets were not considered an
important feature in training the algorithm.

Taking into account the values of the information gains of the features, different
subsets of data were examined to implement the classification model. Accordingly, features
1 to 25 were chosen as the best subset of features in this study, which can train the model to
detect evidence tweets with a higher degree of accuracy. This subset included 20 text-based
features and 5 account-based features. The Figure 1 shows the information gained from
each feature.
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Information Gain

Table 4. Information gain of each feature.

No Feature Name 1G No Feature Name IG

1 No_Hashtags 0.07309 20 Max Length of Words 0.02279

2 No_Emojis 0.07305 21 Mean Length of Words 0.02258

3 No_Digits 0.07054 22 No_Followings 0.01878

4 No_Lines 0.06164 23 No_Followers 0.01825

5  Length of Tweet 0.06003 24 No_Sentences 0.01737

6 Digits to Chars Ratio 0.05954 25 No_Lists 0.01227

7 Swear Words 0.05654 26 g";ﬁs to Sentences 0.00597

8 Hashtags More Than 2 0.04358 27 Ff_Ratio 0.00544

9 No_ Characters 0.04293 28 Background Image 0.00313

10 No_Spaces 0.04287 29 Profile Background 0.00313

Image

11 No_ Punctuations 0.04163 30 No_Question Marks 0.00258

12 No_Words 0.03741 31 URL In Description 0.00199

13 No-WordMoreThan5  135c 3 Tweet Time 0
Chars

14 No_Mentions 0.03428 33 No_Exclamation Marks 0

15  Lines To Sentences Ratio  0.03036 34 Profile Image 0

16 No_Tweets 0.02697 35 Description 0

17 NoWordsLessThan3  e53 3¢ Video 0
Chars

18  No_Urls 0.02469 37 Image 0

19  No_Likes 0.02287
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Figure 1. Values of information gain of each feature.

4.3. Proposed Classification Approach

Machine learning algorithms have been used to distinguish evidence tweets from
non-evidence tweets. Since we aim to achieve specific outputs for samples via evidence
detection, our approach is based on supervised learning problems and classification tech-
niques. The steps for implementing our proposed model are presented in the framework
(Figure 2). There are two main processes in the supervised learning approach, which
include training the algorithm and testing the trained algorithm. The data that are used for
this purpose have to be prepared based on the extracted feature set for each sample, for
example, Sis shown as S = {f1, {2, {3, ... , fn} and labeled as L. Therefore, each instance in
the dataset is shown as Data = {(S1, L1), (52, L2), (S3, L3), ..., (Sn, Ln)}. Then, to train the
machine learning (ML) algorithms, the dataset is split into two parts, including train and
test sets. In order to train the ML algorithm, the whole samples in the larger part of the
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data (train set), along with their labels, are given to the ML algorithm (classifier) created in
the format of the data above, and then the second part is used for testing it.

l Collecting Data |

| Data Preprocessing I

l Data Labeling |

A
| Feature Extraction |

v

=I Feature Selection

A

Split‘Data l

A A4

Test set Train set

ML Algorithm

Evaluation metrics

Classifier Result

Figure 2. Proposed model for detecting evidence tweets.

The test set consists of samples that the ML algorithm has never encountered before.
The whole samples in the test set without their labels are given to the trained classifier
in the format of Test = {S1, S2, ..., Sn}. Then, the trained classifier predicts and assigns
the label of each sample to it. Finally, the predicted class of each sample is compared
with its original label. A decision tree is already commonly used as an inductive inference
algorithm to solve classification problems and develop prediction models. Decision trees
are known as the most popular class of function, as Chapelle and Chang (2011) reported
in their study. The decision tree is known as one of the most widely used classification
algorithms in supervised learning problems. Due to its simplicity in interpretation and
high power in classifying classes, this algorithm is also widely employed as one of the most
powerful algorithms in classification problems. The structure of a decision tree is similar to
a tree and consists of roots, nodes, and leaves. The best feature is located at the root and
each node is compared by the feature values. The leaves of the tree represent the final class
results for the samples in question. In Section 5.3 of this study, we tested several algorithms,
with the decision tree showing the best performance.

The performance of each classifier can be assessed by evaluation metrics.

4.4. Evaluation Metrics

To examine the performance of the evidence detection model, we used the metrics
widely used by researchers in classification problems. After comparing the labels predicted
by the classifiers with the actual label of the samples, the results were grouped into the
following four categories:

40



Big Data Cogn. Comput. 2022, 6, 160

e  True positive (TP): tweets that belong to class Evidence (E) and are correctly predicted
as class E.

e  False positive (FP): tweets that do not belong to class E and are incorrectly predicted
as class E.

e  True negative (TN): tweets that do not belong to class E and are correctly predicted as
class non-E.

e  False negative (FN): tweets that belong to class E and are incorrectly predicted as
class non-E.

The above classifier definitions are displayed via the confusion matrix in the Table 5.

Table 5. Confusion matrix.

Prediction
Evidence Non-Evidence
Evidence True-positive False-negative
(TP) (FN)
Label .. .
Non-evidence False-positive True-negative
(FP) (TN)

The performance of a classifier can be evaluated by accuracy, precision, recall, and
F-measure metrics. Precision, recall, and F-measure metrics are calculated using confusion
matrix values according to the following formulas:

Precision = TP/(TP + FP)

Recall = TP/(TP + FN)
F-measure = (2 x Precision * Recall)/(Precision + Recall)

Recall is defined as the number of correct results divided by the number of results that
should have been returned, while precision is how closely the measurements are gathered
around a point estimation. The F score is the harmonic mean (average) of the precision and
recall. Accuracy is one of the most common metrics in evaluating classifiers” performance.
This metric is calculated using the following formula:

Accuracy = (TP + TN)/(TP + TN + FP + FN)

5. Experiments and Results

In this section, first, the significance of the topics from the users’ viewpoints based on
the number of tweets that contain the keywords is reviewed, and then the users’ behaviors
are analyzed, and finally, the proposed evidence detection model is assessed.

5.1. Statistical Report

The Figure 3 shows the number of extracted tweets. Among the topics related to
technology, “filtering” with 8817 tweets and “#filtering” with 1248 tweets were the most
frequently posted tweets. This means that they were considered the most important
topics from the perspective of users. Tweets that contained the keywords of “Personal
Information”, “Information Disclosure”, “Access to Information” and “Free Access” were
viewed respectively as the other most important topics from the users’ point of view.

Figure 4 illustrates the most frequently used topics by the users in a word cloud. The
word cloud is sorted out according to the number of tweets that contained the related
keywords, indicating the significance of various topics in technology policy. They are
indicative of the topics that attracted the attention of the users the most in the above-
mentioned period.
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Figure 4. Word cloud of keywords.

5.2. Analyzing the Behavior of the Users Posting Evidence Tweets

This section examines the behaviors of the users that posted the evidence tweets.
To implement the proposed evidence detection model, first, all of the extracted tweets,
regardless of the keywords, were categorized into an integrated data set from which
4560 tweets were randomly selected. As the figure below shows, the evidence generated by
Twitter users has its own characteristics. These features are shown in Figure 5. According
to Figure 5a, most of the evidence tweets did not contain a hashtag, and very few had only
one hashtag. This indicates that the texts that can be considered as evidence are often not
hashtagged by the users. Figure 5b shows that most of the evidence tweets lacked emojis.
This means that users whose tweets can be considered as evidence mostly do not use emojis
in their tweets. Not using emojis in most of the evidence tweets is indicative of the formal
setting in which these tweets were posted.

Figure 5c also shows that most evidence-generating users are reluctant to use more
than one mention in their tweets, which seems to indicate that the users do not intend to
post personal comments or reply to another specific tweet. The users do not also intend to
address other users or attract their attention. Figure 5d indicates the absence of URL links
in more than 87% of the evidence tweets, with the remaining 13% of tweets containing only
one URL link. This indicates that giving references to sources outside Twitter is not very
common as far as generating evidence is concerned, as most of the evidence is generated
and published within the platform. Figure 5e also shows that evidence-generating users
often tend to express their opinions within 1-3 sentences. This also shows the brevity of
the evidence tweets.
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Figure 5. Comparative charts related to the features.

In Figure 5f, it can be observed that a larger number of characters (mostly over
200 characters) have been used in non-evidence tweets compared to evidence tweets.
Similarly, according to Figure 5g, the users are more inclined to use single-line texts,
showing no tendency to post long tweets or threads. Figure 5h shows that the average
number of words used in both groups is almost the same (around 4). According to Figure 5i,
nearly 70% of the users used up to 40 spaces in the text of the evidence tweets to express
their views, with 30% of those generating evidence tweets using spaces beyond that range.
Moreover, the patterns extracted from user behavior analysis suggest a less frequent use of
punctuation marks, less frequent use of words exceeding five letters, and limited use of
words exceeding three letters in evidence tweets in the last three charts.

The figures below also show the analysis of the behavior patterns extracted from
account-related features (followers, followings, and lists). It was found that 75% of the
users who posted evidence tweets published less than 17,000 tweets, as 25% of those
generating evidence had posted more than 17,000 tweets. However, 35% of the users who
posted non-evidence tweets had less than 17,000 tweets and 65% of these people had more
than 17,000 tweets.

5.3. Evaluating Proposed Model

To evaluate the proposed model, the authors used 4560 tweets, which were divided
into 2 groups of evidence and non-evidence tweets. In this dataset, 2978 samples were
labeled as evidence and 1583 samples as non-evidence. Thus, the data set was divided
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into two segments to train and evaluate the proposed model, the train set (including
4104 samples) and the test set (including 254 non-evidence and 202 evidence samples).
In this step to detect evidence tweets, six classifiers, including support vector machine
(SVM), decision tree (DT), K-nearest neighbor (KNN), linear discriminant analysis (LDA),
X-GBoost, and logistic regression (LR) were used [68] and their performances were assessed.
First, the classifier models were implemented in the train set, and after the learning process,
the trained classifiers were implemented in the test set. Table 6 shows the performance
results of each classifier based on the evaluation metrics for each algorithm.

Table 6. Performance evaluation comparison based on precision, recall, and F-measure (percent).

Algorithm Precision Recall F_Measure
Decision tree (DT) 79.13 90.1 84.26
XGBoost 80 83.17 81.55
K-nearest neighbor (KNN) 75.54 68.81 72.02
Logistic regression (LR) 72.96 70.79 71.86
Linear discriminant analysis (LDA) 73.85 47.52 57.83
Support vector machine (SVM) 62.8 50.99 56.28

Given that the F-measure is calculated via precision and recall, we decided to choose
the F-measure instead of the other two. As can be observed, the decision tree classifier was
able to achieve the highest value of F-measure with 84.26 percent, followed by XGBoost,
K-nearest neighbor (KNN), logistic regression (LR), linear discriminant analysis (LDA),
and support vector machine (SVM).

In terms of accuracy, the results listed in the Table 7 indicate that DT could achieve the
highest rate with an accuracy score of 85.09, compared with other classifiers.

Table 7. Accuracy of classifiers.

Algorithm Accuracy (%)
Decision tree (DT) 85.09
XGBoost 83.33
K-nearest neighbor (KNN) 76.32
Logistic regression (LR) 75.44

Linear discriminate analysis (LDA) 69.3

Support vector machine (SVM) 64.91

These results indicate that the decision tree surpassed other classifiers both in terms of
accuracy and F-measure. The experiments suggest that the performance of the proposed
model was sufficient to achieve this study’s desired goal, which was as follows: detecting
evidence tweets from non-evidence tweets with acceptable accuracy. Since detecting
evidence tweets via the proposed model is a new idea and the features used in this study
have not been used in previous works in this field, it is taken for granted that the accuracy
obtained for this model is desirable. Further analysis of the proposed model reveals that
text-based features perform better than account-based features. The reason for this may
be the fact that users who post evidence-type tweets can do so at one time and post non-
evidence tweets at another time. This technically means that account-based features for a
user that posts both evidence and non-evidence tweets will be the same. This is also the
case for users who post non-evidence tweets. It is for this reason that the text-based features
were found to be more reliable than the account-based tweets in detecting evidence tweets.
So, it can be claimed that combining these two kinds of features can increase the accuracy
of the model.

The best classifier selected for the proposed model enables the researchers to use data
collected from one of the most significant social networks used by Persians in the process of
technology policy-making, through an evidence-based policy approach. Labeling the data is
one of the challenging stages of preparing the data set, since it is a time-consuming process.
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By applying the proposed model to distinguish evidence from non-evidence tweets, the
policy-makers can have access to useful tweets that can be considered as evidence and
learn about the users” opinions, interests, needs, and capacities. The evidence and learning
materials can be considered in making appropriate policy decisions worldwide, especially
in the selected case country. Furthermore, the proposed model can be used with larger
datasets to improve the training of the model and increase its accuracy.

6. Discussion

This paper contributes to the current body of knowledge by offering an evidence
detection model to facilitate the use of data collected from Twitter, an influential social
media platform used by policy-makers. This technology supports policy-makers by offering
an evidence-based policy-making approach. The policy-makers can use the proposed
evidence detection model to learn about the users’ views, interests, needs, and capacities
and make proper policy decisions accordingly. This model can be designed as a dashboard
to be used by technology policy-makers.

The development of policy evidence from formal evidence to informal evidence
elicited from user-generated data on Twitter is the first theoretical contribution of this
research. However, this should be treated with caution, as tweets cannot be deemed as
scientific evidence. Formalizing the use of social media data as evidence in the evidence-
based policy approach is the second contribution of the study. To this end, features that are
capable of turning user-generated social media data into evidence were detected. Some
extracted features were general enough to be applied to other policy-making areas. The
present study formalized user-generated social media data in the policy-making process by
presenting a model based on several scientific fields, including policy-making (evidence-
based policy-making), social media, and data science. The theoretical approach adopted in
this article was initially derived from evidence-based policy. It also originated from citizens’
digital participation in public policy. In this study, to the best of the authors” knowledge,
for the first time, using social media data as evidence in policy-making was proposed and
accordingly, a model was designed to detect evidence. The proposed model can rid the
policy-makers of the daunting task of detecting evidence among a plethora of irrelevant
data collected simply based on selected keywords. The model, if applied, can facilitate
using such data in the evidence-based policy-making process. The authors decided to use
posts published on Twitter, a social media platform in Iran with extensive user-generated
content on public policies. In addition, the scope of the research was limited to technology
policy, which, due to the emerging problems it deals with, needs to include citizens’ views.
Such policies can be applied to different communities. Moreover, this research study was
conducted in a policy area in Iran where the policy-makers are reluctant to use users’
opinions in the policy-making process. The model proposed in this study can facilitate this
process and possibly encourage policy-makers to do so. Thus, implementing the model
in similar developing countries can prepare the ground for the participation of citizens in
shaping public policies.

This study addressed key challenges and the current gap in the literature by focusing
on policy-making and addressing some key issues. Some of the issues raised by the
researchers regarding using social media data in policy-making can be summarized as
follows:

e Lack of text-based analytical tools for detecting policy evidence from the posts on
social media [12,69];

e  Analytical tools developed so far are more suitable for improving the image of brands
or obtaining feedback from customers about the products or services offered by
companies and may fail to meet policy-making needs [13,63-70];

e Comments by non-expert users about specialized policy issues, in the form of social
media posts, may not be included in the evidence category. Moreover, there is no
specific tool to sort out such data [21,71,72];
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e  The big data shared on social media may have been tainted with bias, further compli-
cating the analysis [70-75];

e The intents of the users that participate in producing posts on social media usually
differ from those of the analysts [36,45,71,76-79].

The research also offers a great practical tool for policy-makers to use in various
contexts. Due to its acceptable level of accuracy for detecting evidence among large
datasets obtained from Twitter, the model verified in the present study can be easily
employed by policy-makers. It is also possible to apply it to other social media platforms in
other developing countries. The authors suggest that researchers should use the evidence
detection model in other communities for detecting evidence on diverse policy issues
about which the citizens are sensitive to producing content on social media to provide
the policy-makers with evidence elicited from the public opinions on social media. This
model enables the policy-makers to add a different, but very important, channel to their
evidence-gathering channels.

7. Conclusions

The large amount of data shared on social media is considered as one of the obstacles
to using this information in the policy-making process. The main reason for this is the
complexity and challenging process of analyzing big data created by various users over
an extensive time period. This paper facilitated the acceptance of a novel approach to
analyzing the data by reducing the size of the data and applying deep learning models.
Using evidence in policy-making can facilitate the process, obviating the tremendous task
of detecting evidence among a large number of posts on social media. The present study
contributes to the efforts to develop a model that can help policy-makers to distinguish
evidence from non-evidence.

This study offers innovative contributions at several levels. First, the investigation
identified features of user-generated content by using a machine learning approach that can
be converted into policy evidence. Such features had not been identified in the previous and
relevant literature in the field. Despite being limited to a specific policy area (technology),
many of the features are general enough to be used in detecting evidence posts in other
areas as well. These features can also be developed based on the selected social media
platform and policy area. Second, this study integrated data analysis techniques and
applied them to develop a model. Social media data analysis methods have not been used
for detecting evidence. This proposed model is limited to tested data and a specific policy
area, which is technology in Iran. Given the significance of the first-hand evidence elicited
from the end users’ feedback in technology policy-making, this research can serve as a role
model for the implementation of similar studies in other communities and policy areas.
Moreover, the features based on which the model was developed are of a global nature
and can be used in similar cases across the world. The present research, for the first time,
proposed a model that distinguishes evidence posts from non-evidence posts on Twitter. It
can underpin the decisions made by the policy-makers by providing social media users’
views on different issues. Given the large amount of data on social media, including users’
views and comments, it is not possible to use all the data in the policy-making process. The
proposed model is capable of detecting evidence posts and supplying the policy-makers
with suitable data and encouraging them to use the data in the policy-making process.

However, distinguishing evidence from non-evidence in social media data cannot
be considered the only way to improve evidence-based policy. This is especially the case
with complex problems, which can only be solved through different types of evidence.
The present study simply aimed to develop different types of evidence and did not intend
to criticize other types of evidence. Sole reliance on insights from social media analytics
can even result in bipolar views and non-constructive arguments for policy-makers [72]
and even mislead them, since the social media data analysis methods are not developed
enough to offer comprehensive views on policy-making. However, the development of
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different concepts, methods, and techniques in this area can be helpful and may increase
the efficiency of the policy-making process.

For future work, the authors suggest that other researchers should test the proposed
model on other social media platforms to answer the question of whether the features
capable of turning social media data into policy evidence on Twitter can gain similar results
on other social media platforms. This study was limited to technology policy. The question
that future research should address is whether diverse policy areas need different evidence
detection models.
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Abstract: Sentiment Analysis, also known as opinion mining, is the area of Natural Language
Processing that aims to extract human perceptions, thoughts, and beliefs from unstructured textual
content. It has become a useful, attractive, and challenging research area concerning the emergence
and rise of social media and the mass volume of individuals’ reviews, comments, and feedback.
One of the major problems, apparent and evident in social media, is the toxic online textual content.
People from diverse cultural backgrounds and beliefs access Internet sites, concealing and disguising
their identity under a cloud of anonymity. Due to users’ freedom and anonymity, as well as a lack of
regulation governed by social media, cyber toxicity and bullying speech are major issues that need an
automated system to be detected and prevented. There is diverse research in different languages and
approaches in this area, but the lack of a comprehensive study to investigate them from all aspects
is tangible. In this manuscript, a comprehensive multi-lingual and systematic review of cyber-hate
sentiment analysis is presented. It states the definition, properties, and taxonomy of cyberbullying
and how often each type occurs. In addition, it presents the most recent popular cyberbullying
benchmark datasets in different languages, showing their number of classes (Binary/Multiple),
discussing the applied algorithms, and how they were evaluated. It also provides the challenges,
solutions, as well as future directions.

Keywords: cyber-hate; cyberbullying; sentiment analysis; online social networks; machine learning

1. Introduction

Sentiment Analysis (SA) is the area of Natural Language Processing (NLP) that focuses
on analyzing and studying individuals” sentiments, appraisals, evaluations, emotions, and
attitudes writing in texts [1]. The utilization of social media platforms, for example,
Twitter, Facebook, and Instagram, have immensely increased the quantity of online social
interactions and communications by connecting billions of people who prefer the exchange
of opinions. The penetration of social media into the life of internet users is increasing.
According to the most recent data, there will be 5.85 billion social media users globally in
2027, a 1.26 percent rise over the previous year [2,3], as shown in Figure 1.

Moreover, social media platforms offer visibility to ideas and thoughts that would
somehow be neglected and unspoken by traditional media [4]. The textual content of
interactions and communications that signify upsetting, disturbing, and negative phenom-
ena such as online cyber-hate, harassment, cyberbullying, stalking, and cyber threats is
increasing [5]. Therefore, this has strongly led to an expansion of attacks against certain
users based on different categorizations such as religion, ethnicity, social status, age, etc.
Individuals frequently struggle and battle to deal with the results and consequences of
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Billion

such offenses. By employing NLP, several attempts have been put in action to deal with
the issue of online cyber-hate and cyberbullying speech detection. This is because the
computational analysis of language could be utilized to rapidly identify and distinguish
offenses to facilitate and ease the process of dealing with and removing harsh messages [6].

5.85
6 5.64

2017 2018 2019 2020 2021 2022 2023 2024 2025 2026 2027

Year

Figure 1. Number of Global Social Media Users Within 2017-2027.

The instance of hate speech and brutal communication shown over the Internet is
named cyber-hate [7]. Cyber-hate, also known as cyberbullying, is defined as any utiliza-
tion of electronic communications technologies to spread supremacist, racist, religious,
extremist, or terrorist messages. It can target not only individuals but also entire commu-
nities [8]. Cyberbullying occurs when someone utilizes the internet to hurt or disturb a
child or young person. It can occur on a social media platform, a game, an app, or any
other online or electronic service or platform. Examples include posts, comments, texts,
messages, chats, livestreams, memes, photos, videos, and emails. Some examples of how
the internet can be used to violate someone’s self-confidence is:

Sending derogatory messages about them.
Sharing humiliating images or videos of them.
Spreading slanderous web rumors against them.
Making fake accounts in their name.

Making the public believe they are someone else.

Various types of violations are committed for many reasons in the online cyber realm
through cyber innovation and technology. This insecure environment of online social
networks requires consideration to prevent the harm and damage brought by these crimes
to society. Several researchers are working in multiple directions to achieve the best
results for automated cyberbullying detection using machine-learning techniques. In this
manuscript, a taxonomy of multiple techniques being utilized in cyber-hate detection and
prediction through different languages will be presented.

The rest of the manuscript is organized as follows: Section 2 provides a summary of
the main properties of cyber-hate speech, and a detailed taxonomy of cyber-hate speech is
given. The available datasets of cyber-hate in different languages are discussed in Section 3.
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Section 4 previews the main approaches of cyber-hate classification. Section 5 introduces
the comparative study of binary and multiple classifications over different datasets and
various languages. Open Challenges in cyber-hate detection are discussed in Section 6.
Finally, Section 7 concludes this manuscript and presents future work.

2. Cyber-Hate Speech Properties
2.1. Definition

Cyber-hate is the act of threatening, intimidating, harassing, irritating, or bullying any
individual or group (for example, non-white people) through communication technology
such as social media [9]. For textual content to be considered bullying, the intent of harm,
such as physical, emotional, social, etc., should be obvious, as shown in Figure 2.The
following situations are examples of cyber-hate speech:

Posting threats such as physical harm, brutality, or violence.
Any discussion intended to offend an individual’s feelings, including routinely in-
appropriately teasing, prodding, or making somebody the brunt of pranks, tricks, or
practical jokes.

e Any textual content meant to destroy the social standing or reputation of any individ-
ual on online social networks or offline communities.
Circulating inappropriate, humiliating, or embarrassing images or videos on social networks.
Persistent, grievous, or egregious utilization of abusive, annoying, insulting, hostile,
or offensive language.

I Ste— - /1
Replying f o ———
You go kill yourself one day &2

i) 1 ) w

NPT (C——— - D7)

Everyone hates you and your prick of a manger!!!!

Q n ) &

inhiatusin ) @ einsstism| - 13m
Replying to ikiammii
you're a piece of shit

Q1 (| QO 4

=

Figure 2. Examples of Online Social Media Cyberbullying.

2.2. Taxonomy

There is much more to cyber-hate than meets the eye. For instance, many people once
believed that cyber-hate only consisted of physical bullying and name-calling. However,
there are ten types of cyber-hate, which range from excluding and gossiping about people
to making fun of their race or religion, as shown in Figure 3.
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Exclusion { Cyber-Stalking J

Denigration ﬁ
Flooding | Cyber-Hate Categories

nlioE

Flaming { Cyber-Threats J

Figure 3. Cyber-hate Categories.

The categories that comprise the taxonomy of the term cyber-hate are presented and
defined below:

i. Exclusion is defined as ignoring or neglecting the victim in a conversation [10].
Cyber-Exclusion is an intentional and deliberate action to make it clear to people
that they do not belong to the group and that their involvement is not needed. On
social networking sites, individuals can defriend or block others, which implies
their inability to view their profiles, write comments, and so forth.

ii. Denigration involves the practice of demeaning, gossiping, dissing, or disrespecting
another individual on social networks [11]. Writing rude, vulgar, mean, hurtful, or
untrue messages or rumors about someone to another person or posting them in a
public community or chat room falls under denigration. The purpose is to hurt the
victim in the eyes of his or her community, as the insults are seen not only by the
victim but also others.

iii. Flooding is the posting of a countless number of online social networking messages
so the victim cannot post a message [12]. It consists of the bully or harasser repeat-
edly writing the same comment, posting nonsense comments, or holding down the
enter key to not allow the victim to contribute to the chat or conversation.

iv. Masquerade is defined as the process of impersonating another person to send
messages that seem to be originated by that person and cause damage or harm [13].
One of the ways to do this is by, for example, hacking into a victim’s e-mail account
and instantly sending these messages. Moreover, friends sharing passwords can
also regularly accomplish this type of access; however, the sophisticated hacker may
discover other ways, for example, by systematically testing probable passwords.
This strategy is inherently hard and difficult to be recognized or detected.

V. Flaming, blazing, or bashing involves at least two users attacking and assaulting
each other on a personal level. In this category of cyber-hate, flaming refers to a
conversation full of hostile, unfriendly, irate, angry, and insulting communications
and interactions that are regularly unkind personal attacks [14]. Flaming can occur
in a diversity of environments, such as online social networking and discussion
boards, group chat rooms, e-mails, and Twitter. Anger is frequently expressed by
utilizing capital letters, such as ‘U R AN IDIOT & I HATE U!". Many flaming texts
are vicious, horrible, and cruel and are without fact or reason.

vi. Cyberstalking is the utilization of social networks to stalk, hassle, or harass any
individual, group, or organization [15]. It might contain false incriminations, accu-
sations, criticism, defamation, maligning, slander, and libel. Cases of cyberstalking
can often begin as seemingly harmless interactions. Sometimes, particularly at the
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beginning, a few strange or maybe distasteful messages may even amuse. Never-
theless, if they turn out to be systematic, it becomes irritating, annoying, and even
frightening.

Vii. Trolling, also called baiting, attempts to provoke a fight by intentionally writing
comments that disagree with other posts in the topic or thread [16]. The poster
plans to excite emotions and rouse an argument, while the comments themselves
inevitably turn personal, vulgar, enthusiastic, or emotional.

viii.  Outing is similar to denigration but requires the bully and the victim to have a close
personal relationship, either on social networks or in-person. It includes writing and
sharing personal, private, embarrassing, or humiliating information publicly [17].
This information can incorporate stories heard or received from the victim or any
personal information such as personal numbers, passwords, or addresses.

ix. Harassment using social networks is equivalent to harassment utilizing more con-
ventional and traditional means [18]. Harassment refers to threatening actions
dependent on an individual’s age, gender, race, sexual orientation, and so forth.

X. Cyber threats include sending short messages that involve threats of harm, are
scary, intimidating, are very aggressive, or incorporate extortion [19]. The dividing
line where harassment becomes cyberstalking is obscured; however, one indicator
may be when the victim starts to fear for his or her well-being or safety, then the act
has to be considered cyberstalking.

According to a more detailed survey from 2021 by PEW Research Center
(https:/ /www.pewresearch.org/) (access on 16 February 2023), over 40% of Americans
under the age of 30 have experienced online bullying [20]. The most common types of
cyberbullying are, as represented in Figure 4, denigration and harassment.

Adults under 30 are more likely than any other age group to report experiencing any
form of harassment online

% of U.S. adults who say they have personally experienced the following behaviors online

Offensive Purposeful Physical Sustained Sexual Any online
name-calling embarrassment threat Stalking harassment harassment harassment

f : 3

Note: Those who did not give an answer are not shown.
Source: Survey of U.S. adults conducted Sept. 8-13, 2020.
“The State of Online Harassment”

PEW RESEARCH CENTER

Figure 4. Experiences with certain types of online abuse vary by age, gender, race, or ethnicity in the
U.S. in 2020.

3. Cyber-Hate Speech Datasets

This section presents a compilation of the datasets generated over the last five years
for cyber-hate speech detection using different characteristics such as the number of classes,
language, size, and availability of the datasets, as shown in Table 1. It covers various types
of social network textual content such as Formspring (which contains a teen-oriented Q&A
forum), Twitter, Instagram, Facebook (which are considered large microblogging platforms),
WhatsApp (which is an application for instant messaging that can run on multiple platform
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devices) and Wikipedia talk pages (that could be described as a collaborative knowledge
repository). Each dataset states a different topic of cyber-hate speech. Twitter datasets
comprise examples of offensive, racist, and sexist tweets. Facebook datasets also contain
racism and sexism statuses. Instagram and YouTube datasets include examples of personal
attacks. However, Formspring datasets are not explicitly about a single topic.

Mangaonkar et al. [21] proposed a binary dataset that contains two subset datasets.
The first subset dataset was a balanced dataset with 170 bullying tweets and 170 non-
bullying tweets. The second sample was unbalanced, with 177 bullying tweets and
1163 non-bullying tweets. The purpose of developing a balanced and imbalanced dataset is
to test the performance of the ML algorithms on various dataset types. These tweets were
then manually categorized as “bullying” or “nonbullying” for validation purposes.

Van Hee et al. [22] collected binary cyberbullying data from the social networking site
Ask.fm (https://ask.fm/, access on 16 February 2023). They created and implemented
a novel method for cyberbullying annotation that describes the existence and intensity
of cyberbullying and the role of the author of the post, for example, a harasser, victim, a
bystander or not.

Waseem and Hovy [23] gathered a dataset of tweets over a period of two months.
They downloaded 136,052 tweets and annotated 16,914 of them, 3383 of which were sexist
content sent by 613 users, 1972 of which were racist content sent by 9 users, and 11,559 of
which were neither sexist nor racist and were sent by 614 users. Because hate speech is a
genuine but restricted phenomenon, they did not balance the data in order to present the
most realistic dataset feasible.

Zhao et al. [24] proposed a Twitter dataset that is made up of tweets retrieved from
the public Twitter API stream. At least one of the following keywords appears in each
tweet: bully, bullied, bullying. Retweets are eliminated by filtering tweets that contain the
acronym “RT”. Finally, 1762 tweets are randomly selected and manually tagged from the
entire twitter collection. It is important to note that labeling is based on bullying traces.
Bullying traces are defined as a reaction to a bullying encounter, which includes but vastly
outnumbers instances of cyberbullying.

Singh et al. [25] used the Twitter corpus from the Content Analysis for the WEB 2.0
(CAW 2.0) dataset [26]. This corpus comprises around 900,000 postings from 27,135 users
(one XML file for each user) from December 2008 to January 2009. They picked this corpus
not just because it has been widely used in prior literature but also because it contains
information for both textual content and social networks. They chose 800 files at random
and kept the comments written with @, which represents direct paths between two people.
This yielded a data set of roughly 13,000 messages. Then, they asked three students to
categories each message as cyberbullying twice. They designated each post as ‘yes” or ‘no’
based on whether it was believed to entail cyberbullying. This resulted in a data collection
with 2150 user pairings and 4865 messages between them.

Al-garadi et al. [27] collected their data via Twitter during January and February of
2015. They have 2.5 million geo-tagged tweets in their data set. To avoid any privacy
violations, they extract only publicly available content via the Twitter API and in accor-
dance with Twitter’s privacy policy in their study. Their dataset had an uneven class
distribution, with just 599 tweets labeled as cyberbullying and 10,007 tweets classified as
non-cyberbullying. Such an uneven class distribution can make it difficult for the model
to appropriately categories the instances. Learning algorithms that lack class imbalance
are prone to be overwhelmed by the major class while ignoring the minor. In real-world
applications like fraud detection, instruction detection, and medical diagnosis, data sets
frequently contain imbalanced data in which the normal class is the majority, and the ab-
normal class is the minority. Several solutions to these issues have been offered, including
a combination of oversampling the minority (abnormal) class and under-sampling the
majority (normal) class.

Hosseinmardi et al. [28] gathered data by using the Instagram API and a snowball
sampling technique. They found 41 K Instagram user ids starting from a random seed
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node. Of these Instagram IDs, 25 K (61%) belonged to users who had public profiles, while
the remaining users had private ones.

Zhang et al. [29] gathered data from the social networking site Formspring.me. Almost
3000 messages were collected and labeled by Amazon Mechanical Turk, a web service in
which three workers each voted on whether or not a document contained bullying content.
As a result, each message receives an equal number of votes from the workers. At least two
workers labeled approximately 6.6% of the messages as bullying posts. The authors parsed
the original dataset’s messages into sentences and relabeled the messages that contained
at least one vote. This resulted in 23,243 sentences, with 1623 (or roughly 7%) labeled as
bullying messages.

Wulczyn et al. [30] used English Wikipedia to generate a corpus of over 100 k high-
quality human-labeled comments. The collected data of debate comments from English
Wikipedia discussion pages are generated by computing differences throughout the whole
revision history and extracting the new content for each revision. About 10 annotators using
Crowdflower (https://www.crowdflower.com/, access on 16 February 2023) annotated
the collected corpus into two classes, either attacking or not attacking.

Batoul et al. [31] gathered a massive amount of data. As a result, the decision was
made to scrape data from both Facebook and Twitter. This decision was influenced by the
fact that those two social media platforms are the most popular among Arabs, particularly
Arab youth. After removing all duplicates, this dataset contains 35,273 unique Arabic
tweets that were manually labeled as bullying or not bullying.

Davidson et al. [32] gathered tweets containing hate speech keywords using a crowd-
sourced hate speech lexicon. They used crowdsourcing to categorize a sample of these
tweets into three groups: those containing hate speech, those containing only offensive
language, and those containing neither. This dataset resulted in a total of 33,458 tweets.

Sprugnoli et al. [33] presented and distributed an Italian WhatsApp dataset developed
through role-playing by three classes of children aged 12-13. The publicly available data
has been labeled based on user role and insult type. The Whatsapp chat corpus consists
of 14,600 tokens separated into 10 chats. Two annotators used the Celct Annotation Tool
(CAT) web-based application [34] to annotate all of the chats.

Founta et al. [35] have published a large-scale crowdsourced abusive tweet dataset
of 60 K tweets. An enhanced strategy is applied to effectively annotate the tweets via
crowdsourcing. Through such systematic methods, the authors determined that the most
appropriate label set in identifying abusive behaviors on Twitter is None, Spam, Abusive,
and Hateful, resulting in 11% as ‘Abusive,” 7.5% as ‘Hateful,” 22.5% as ‘Spam,” and 59%
as ‘None.” They prepare this dataset for a binary classification task by concatenating
‘None’/’Spam’ and “Abusive’/’Hateful’.

De Gibert et al. [36] demonstrated the first dataset of textual hate speech annotated
at the sentence level. Sentence-level annotation enables dealing with the smallest unit
containing hate speech while decreasing noise generated by other clean sentences. About
10,568 sentences were collected from Storm-front and categorized as hate speech or not, as
well as two other auxiliary types.

Nurrahmi and Nurjanah [37] gathered information from Twitter. Because the data
was unlabeled, the authors created a web-based labeling tool to categorize tweets as
cyberbullying or non-cyberbullying. The tool used provided them with 301 cyberbullying
tweets and 399 non-cyberbullying tweets.

Albadi et al. [38] investigated the issue of religious hate speech in the Arabic Twit-
tersphere and developed classifiers to detect it automatically. They gathered 6000 Arabic
tweets referring to various religious groups and labeled them using crowdsourced workers.
They provided a detailed analysis of the labeled dataset, identifying the primary targets of
religious hatred on Arabic Twitter. Following the preprocessing of the dataset, they used
various feature selection methods to create different lexicons comprised of terms found
in tweets discussing religion, as well as scores reflecting their strength in distinguishing
sentiment polarity (hate or not hate).
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Bosco et al. [39] released a Twitter dataset for the HaSpeeDe (Hate Speech Detection)
shared task at Evalita 2018, the Italian evaluation campaign for NLP and speech processing
tools. This dataset contains a total of 4000 tweets, with each tweet having an annotation
that falls into one of two categories: “hateful post” or “not”.

Corazza et al. [40] provided a set of 5009 German tweets manually annotated at the
message level with the labels “offense” (abusive language, insults, and profane statements)
and “other”. More specifically, 1688 messages are tagged as “offense”, while 3321 messages
are as “other”.

Mulki et al. [41] presented the first publicly available Levantine Hate Speech and Abu-
sive (L-HSAB) Twitter dataset, intending to serve as a reference dataset for the automatic
identification of online Levantine toxic content. The L-HSAB is a political dataset because
the majority of tweets were gathered from the timelines of politicians, social/political
activists, and TV anchors. The dataset included 5846 tweets divided into three categories:
normal, abusive, and hateful.

Ptaszynski et al. [42] provided the first dataset for the Polish language that included
annotations of potentially dangerous and toxic words. The dataset was designed to investigate
negative Internet phenomena such as cyberbullying and hate speech, which have recently
grown in popularity on the Polish Internet as well as globally. The dataset was obtained auto-
matically from Polish Twitter accounts and annotated by lay volunteers under the supervision
of a cyberbullying and hate-speech expert with a total number of 11,041 tweets.

Ibrohim and Budi [43] offered an Indonesian multi-label hate speech and abuse dataset
with over 11,292 tweets based on a diverse collection of 126 keywords. These tweets include
6187 non-hate speech tweets and 5105 hate speech tweets and are annotated by 3 annotators.

Basile et al. [44] investigated the detection of hate speech from a multilingual perspec-
tive on Twitter. They focused on two specific targets, immigrants and women, in Spanish
and English. They made a dataset containing English (13,000) and Spanish (6600) tweets
tagged concerning the prevalence of hostile content and its target.

Banerjee et al. [45] investigated the identification of cyberbullying on Twitter in the
English language. The dataset used on Twitter consists of 69,874 tweets. A group of
human annotators manually labeled the selected tweets as either “0” non-cyberbullying
or “1” cyberbullying.

Lu et al. [46] presented a new Chinese Weibo (https:/ /us.weibo.com/index, access on
16 February 2023) comment dataset designed exclusively for cyberbullying detection. They
collected a dataset of 17 K comments from more than 20 celebrities with bad reputations or
who have been involved in violent incidents. Three members who are familiar with Weibo
and have a good understanding of the bloggers manually annotated all data.

Moon et al. [47] offered 9.4 K manually labeled entertainment news comments that
were collected from a popular Korean online news portal for recognizing toxic speech.
About 32 annotators labeled the comments manually.

Romim et al. [48] created a large dataset of 30,000 comments, 10,000 of which are hate
speech, in the Bengali Language. All user comments on YouTube and Facebook were anno-
tated three times by 50 annotators, with the majority vote serving as the final annotation.

Karim et al. [49] offered an 8 K dataset of hateful posts gathered from various sources
such as Facebook, news articles, blogs, and so on in the Bengali language. A total of
8087 posts were annotated by three annotators (a linguist, a native Bengali speaker, and an
NLP researcher) into political, personal, geopolitical, and religious.

Luu et al. [50] presented the ViHSD, a human-annotated dataset for automatically
detecting hate speech on social networks. This dataset contains over 30,000 comments,
each of which has one of three labels: CLEAN, OFFENSIVE, or HATE. The ViHSD contains
33,400 comments.

Sadiq et al. [51] presented Data Turks” Cyber-Trolls dataset for text classification
purposes. To assist or prevent trolls, this dataset is used to classify tweets. There are
two categories: cyber-aggressive (CA) and non-aggressive (NCA). The dataset contains
20,001 items, of which 7822 are cyber-aggressive, and 12,179 are not.
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Beyhan et al. [52] compiled a hate speech dataset extracted from tweets in Turkish. The
Istanbul Convention dataset is made up of tweets sent out following Turkey’s departure
from the Istanbul Convention. The Refugees dataset was produced by collecting tweets
regarding immigrants and filtering them based on regularly used immigration keywords.

Ollagnier et al. [53] presented the CyberAgressionAdo-V1 dataset, which contains
aggressive multiparty discussions in French obtained through a high-school role-playing
game with 1210 messages. This dataset is based on scenarios that mimic cyber aggression
situations that may occur among teenagers, such as ethnic origin, religion, or skin color.
The collected conversations have been annotated in several layers, including participant
roles, the presence of hate speech, the type of verbal abuse in the message, and whether
utterances use different humor figurative devices such as sarcasm or irony.

ALBayari and Abdallah [54] introduced the first Instagram Arabic corpus (multi-class
sub-categorization) concentrating on cyberbullying. The dataset is primarily intended for
detecting offensive language in the text. They ended up with 200,000 comments, with three
human annotators annotating 46,898 of them manually. They used SPSS (Kapa statistics) to
evaluate the labeling agreements between the three annotators in order to use the dataset
as a benchmark. The final score was 0.869, with a p-value of 103, indicating a near-perfect
agreement among the annotators.

Patil et al. [55] investigated hate speech detection in Marathi, an Indian regional
language. They presented the L3Cube-MahaHate Corpus, the largest publicly available
Marathi hate speech dataset. The dataset was gathered from Twitter and labeled with
four fine-grained labels: Hate, Offensive, Profane, and None. The dataset contains over
25,000 samples that have been manually labeled with the classes.

Kumar and Sachdeva [56] developed two datasets FormSpring.me and MySpace. The
Formspring.me dataset is an XML file containing 13,158 messages published by 50 different
users on the Formspring.me website. The dataset is divided into two categories: “Cyber-
bullying Positive” and “Cyberbullying Negative”. While negative messages represent
messages that do not include cyberbullying, positive messages include cyberbullying.
There are 892 messages in the Cyberbullying Positive class and 12,266 messages in the
Cyberbullying Negative class. The Myspace dataset is made up of messages gathered
from Myspace group chats. The dataset’s group chats are labeled and organized into ten
message groups. If a group conversation contains 100 messages, the first group contains
1-10 messages, the second group contains 2-11 messages, and the final message group
contains 91-100 messages. Labeling is done once for each group of ten messages, and it is
labeled whether or not those ten messages contain bullying. This dataset contains 1753 mes-
sage groups divided into 10 groups, each with 357 positive (Bullying) and 1396 negative
(Non-Bullying) labels.

Atoum [57] collected two datasets (Dataset-1 and Dataset-2) from Twitter (one month
apart). Twitter dataset 1 consists of 6463 tweets, with 2521 cyberbullying tweets and
3942 non-cyberbullying tweets. Twitter dataset 2 consists of 3721 with 1374 cyberbullying
tweets and 2347 non-cyberbullying tweets.

Nabiilah et al. [58] proposed a dataset of toxic comments that were manually collected,
processed, and labeled. Data is gathered from Indonesian user comments on social media
platforms such as Instagram, Twitter, and Kaskus (https://www.kaskus.co.id/, access on
16 February 2023), which have multi-label characteristics and allow for the classification of
more than one class. Pornography, Hate Speech, Radicalism, and Defamation are among
the 7773 records in the dataset.

Below Table 1 is a brief description of each of the datasets.
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Table 1. Cyber-hate Speech Datasets.

Number Social
Dataset Category of Classes Network Language Size  Availability Year
Classes Platform
thnf;gla([);lk]ar Trolling and Harassment 2 Bullying Twitter English 1340 N/A 2015
: Non-Bullying
. Bullyi
Van Iflzeze] etal Cylﬁr Threats tancl 5 ullymg Ask.fm Dutch 85,485 N/A 2015
arassmen Non-Bullying
W B Racism
I_alsoeve;l[zasfi Cyl;grzz;es; tand 3 Sexism Twitter English 16K [59] 2016
None
Zhaoetal. [24]  Trolling and Harassment 2 Bullying Twitter English 1762 N/A 2016
Non-Bullying
Sing[;;;t al. Trolling and Harassment 2 Bullying Twitter English 4865 N/A 2016
Non-Bullying
Al-ga{;;i]i etal. Trolling and Harassment 2 Bullying Twitter English 10,007 N/A 2016
Non-Bullying
Hoests;in[rgg]rdi Flaming and Stalkitng and ’ Bullying Instagram English 1954 N/A 2016
. arassmen Non-Bullying
Zha’[“zgg ]et L Trolling and Harassment 2 Bullying Formspring English 13K N/A 2016
Non-Bullying
Denigration and Attacki ST .
Waulczyn et al. Masq%l PN 5 ttacking Wikipedia English 100K [60] 2017
[30] Harassment Non-Attacking
Bullyi
Batoul etal.  yojling and Harassment 2 Tyme Twitter Arabic 35273  N/A 2017
[31] Non-Bullying
Bullying
Davidson etal.  Trolling and Harassment 3 Non-Bullying Twitter English 33,458 [61] 2017
Neither
Defense
General Insult
Curse or
Exclusion
Threat or
Blackmail
Encouragement
to the
Sprugnoli etal.  Flaming and Stalking and 10 Flarassment WhatsApp Italian 14,600 [62] 2018
[33] Harassment and Trolling Body Shame
Discrimination-
Sexism
Attacking
relatives
Other
Defamation
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Table 1. Cont.

Number Social
Dataset Category of Classes Network Language Size  Availability Year
Classes Platform
Offensive
Abusive
Hateful
Founta et al. Cyber Threats and : . :
A English
(35] Harassment 7 ggressive Twitter nglis 100 K [63] 2018
Cyberbullying
Spam
Normal
De Gl[g Zlit etal. Trolling and Harassment 2 Hateful Stormfront English 10,568 [64] 2018
Non-Hateful
N hmi . Bullyin:
urrahmi and Trolling and Harassment 2 yhe Twitter Indonesian 700 N/A 2018
Nurjanah [37] Non-Bullying
i . Hateful
Albadi etal. Trolling and Harassment 2 Twitter Arabic 6K [65] 2018
38] Non-Hateful
BOS[Cé) 9(]3t al. Trolling and Harassment 2 Bullying Twitter ITtalian 4K 2018
Non-Bullying
Corazza et al. Trolli dH Bullying .
(40] rolling and Harassment 2 NomBullv Twitter German 5009 2018
on-Bullying
Normal
Mulki et al. . . .
[41] Trolling and Harassment 3 Abusive Twitter Arabic 6K [66] 2019
Hate
Non-harmful
Cyberbullying
Ptaszynski Trolling and Harassment 3 Hate-speech and Twitter Polish 11,041 [67] 2019
etal. [42] other harmful
contents
Ibrohlm and Trolling and Harassment 2 Hateful Twitter Indonesian 11,292 [68] 2019
Budi [43] Non-Hateful
BaSI[iL(]Et al' Trolling and Harassment 2 Hateful Twitter English 19,000 [69] 2019
Non-Hateful Spanish 6600
Banea%e] etal Trolling and Harassment 2 Bullying Twitter English 69,874 N/A 2019
Non-Bullying
Sexism
Lu etal. [46] Cyber Threats and 3 Raciom Sina Weibo Chinese 16914 [70] 2020
Neither
Hateful
Moon et al. . Online News
[47] Trolling and Harassment 3 Offensive Platform Korean 94K [71] 2020
None
Romim et al. Trolling and Harassment 2 Hateful Facebook and Bengali 30K [72] 2021
(48] Non-Hateful YouTube
: Facebook, YouTube
Karl[zngje tal Trolling and Harassment 2 Hateful comments, Bengali 8087 [73] 2021
Non-Hateful and newspapers
Hate
Luu et al. [50] Trolling and Harassment 3 Offensive Fa(;g)lj);)li(baend Vietnamese 33,400 [74] 2021
Clean
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Table 1. Cont.

Number Social
Dataset Category of Classes Network Language Size  Availability Year
Classes Platform
Sadiq etal. [51]  Trolling and Harassment 2 Bullying Twitter English 20,001 [75] 2021
Non-Bullying
. . Hateful
Beyhan et al Trolling and Harassment 2 atetu Twitter Turkish 2311 [76] 2022
[52]
Non-Hateful
. Flaming, Stalking, Hateful
Ollagnier et al. Harassment and Trolling 2 WhatsApp French 1210 [77] 2022
[53] Non-Hateful
ALBayari and Flaming, Stalking, Bullying .
Abdallah [54] Harassment and Trolling 2 - Instagram Arabic 46,898 [78] 2022
Non-Bullying
Hate
Offensive
Patil et al. [55] Trolling and Harassment 4 Twitter Marathi 25K [79] 2022
Profane
None
SKtﬁgar ar[gdé] Trolling and Harassment 2 Bullying Formspring English ﬂ N/A 2022
achdeva Non-Bullying MySpace 1753
) Bullying &”;’;t;rl 6463
Atoum [57] Trolling and Harassment English N/A 2023
. Twitter
Non-Bullying Dataset 2 3721
Nabiilaha etal.  Trolling, Harassment and Bullying Instagram, Twitter .
s N 2 4
58] Flaming and Kaskus Indonesian 7773 N/A 2023

Non-Bullying

As demonstrated in Table 1, the majority of the studies and experiments were im-
plemented on Twitter datasets. This is due to the effortless accessibility and availability
of tweets that can be crawled utilizing the Twitter API. Out of all, most of the research
focuses on the identification of hate speech and differentiating them from non-hate (or
offensive) texts. Most of the research into cyber-hate was applied in the English language,
while related work in other languages is scarce due to the lack of available datasets or the
difficulty of their morphology as in the Arabic language.

4. Cyber-Hate Speech Detection Approaches

In recent years, some sentiment-based methods have been published to detect and
identify abusive language [80]. These approaches are the machine-learning approach, the
lexicon-based approach, and the hybrid approach, as shown in Figure 5.

Supervised Machine Learning

Un-Supervised Machine Learning

~—— Machine Learning Approach -1 Semi-Supervised Machine Learning

Deep Learning

Cyber-hate Speech Detection Approaches Dictionary Based Approach

— Lexicon Based Approach ~[ Corpus Based Approach

— Hybrid Approach

Figure 5. Cyber-hate Speech Detection Approaches.
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On the one hand, the Machine Learning Approach (MLA) comprises the following
methods: supervised machine learning, un-supervised machine learning, semi-supervised
machine learning and deep learning. In a supervised machine learning approach, the
classifier is built to learn the properties of categories or classes automatically from a
set of pre-annotated training textual content. When utilizing the supervised machine
learning approach, some main issues and challenges have to be considered, such as the
categories to be used to classify the instances, the labeled training data, the extracted and
selected features to be used to represent each unknown textual content, and the selected
algorithm to be used for categorization [81]. In unsupervised machine learning, the machine
attempts to find and understand the hidden structure within unlabeled data [82]. Semi-
supervised learning is concerned with how the combination of labeled and unlabeled data
will change the behavior of learning and designing algorithms that benefit from such a
combination [83]. The Deep Learning approach, inspired by artificial neural networks, is an
evolving branch of machine learning [84]. With the aid of the hierarchy of layers, it provides
ways of learning data representations in a supervised and unsupervised manner, allowing
multiple processing [85].

On the other hand, the Lexicon-Based Approach (LBA) comprises making a list of
words that is called the dictionary, which is searched and counted in the textual content.
These calculated frequencies can be utilized explicitly as features or to calculate scores for
classifying textual content. A potential limitation of this approach regarding its classifica-
tion efficacy is its dependency on domain-specific words presented in a dictionary; also, it
needs an automatic methodology for the classification and scoring of words to reduce the
amount of manpower required for the manual scoring of domain-specific words [86]. A
corpus-based approach utilizes a collection of sentiment words with pre-defined polarity
to recognize new sentiment words and their polarity in a large corpus [87]. A corpus-based
approach provides a data-driven approach where one has access not only to sentiment
labels but also to a context that one can use. A dictionary-based approach exploits the
lexicographical tools such as Artha (https:/ /sourceforge.net/projects/artha/, access on 16
February 2023), Tematres (https://www.vocabularyserver.com/, access on 16 February
2023), Wordhoard (https:/ /wordhoard.northwestern.edu/, access on 16 February 2023),
or WordNet (https://wordnet.princeton.edu/, access on 16 February 2023). In these, the
key strategy methods are gathering an initial collection of sentiment words and manually
orienting them; then, looking in a dictionary to enlarge this collection by finding their
synonyms and antonyms [88].

Finally, the Hybrid Approach (HA) is the amalgamation of both machine learning and
lexicon-based methods.

5. Cyber-Hate Detecting Techniques

Textual data mining and analysis have become an active and attractive research field.
The global availability of such data makes text analytics acquire a major consideration.
Hate speech detection tasks can be performed as binary or multi-class classifications based
on the number of classes in these datasets.

5.1. Binary Cyber-Hate Classification

Cyber-hate detection has been approached as a binary classification task (cyberbullying
-vs.- non-cyber bullying) or (Hate-Non-Hate). This section presents a summary of studies
in cyber-hate binary classification techniques.

Mangaonkar et al. [21] applied different algorithms to classify tweets, then performed
AND and OR parallelism. They combined the output of multiple classifiers to enhance
the performance. They classified tweets using a four-node detection system and experi-
mented with homogeneous (all computing nodes use the same classification algorithm),
heterogeneous (each node uses a different algorithm), and selective (the best-performing
node is chosen as the expert, and all other nodes defer to it) collaborations. Each tweet
is processed by all nodes and classified as cyberbullying if more than half of the nodes
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in the AND configuration flag it as bullying or if any node flags it as bullying in the OR
configuration. They discovered that OR parallelism produces the highest recall values at
60%, while AND parallelism produces the highest accuracy at 70%.

Van Hee et al. [22] presented a proposed system in the Dutch language for the auto-
matic detection of cyberbullying. The dataset enclosing cyberbullying posts was gathered
from the social networking site Ask.fm. The experimental results showed that Support
Vector Machines (SVM) achieved an F1-score of 55.39%.

Nandhini and Sheeba [89] proposed a system for detecting the existence of cyberbully-
ing activity on social networks in the English language in order to help the government take
action before more people become cyberbullying victims. The used dataset has a record of
almost 4 K, which is gathered from social networks (Formspring.me, Myspace.com) [90].
For this purpose, they used the Naive Bayes (NB) classifier achieving 92% on the Form-
spring dataset and 91% on MySpace.me dataset.

Zhao et al. [24] have presented Embedding-enhanced Bag-of-Words (EBoW), a unique
representation learning method for cyberbullying detection. EBOW combines bag of words
features, latent semantic characteristics, and bullying features. Bullying characteristics are
generated from word embeddings, which can capture the semantic information behind
words. When the final representation is learned, a linear SVM is used to detect bullying
messages with a recall of 79.4%.

Singh et al. [25] employed probabilistic fusion approaches to mix social and text
information as the classifier’s input. The proposed methodology has been applied to the
English Twitter dataset. The accuracy of the obtained results was 89%.

Al-garadi et al. [27] utilized supervised machine learning algorithms such as NB, SVM,
Random Forest (RF), and K Nearest Neighbor (KNN) to detect cyberbullying on Twitter in
the English language. Based on an evaluation, their model accuracy is 70.4% by NB, 50%
by SVM, 62.9% by Random Forest (RF), and 56.8% by KNN.

Hosseinmardi et al. [28] investigated the problem of predicting cyberbullying in the
Instagram media-based social network. They demonstrated that non-text features such
as image and user metadata were important in predicting cyberbullying, with a Logistic
Regression (LR) classifier achieving 72% recall and 78% precision.

Zhang et al. [29] proposed a novel Pronunciation-based Convolutional Neural Net-
work (PCNN) to detect cyberbullying. They assessed the performance of their model using
a cyberbullying dataset in English from Formspring.me. Their experiment revealed that
PCNN can achieve an accuracy of 88.1%.

Waulczyn et al. [30] demonstrated a methodology in cyberbullying detection by apply-
ing LR and Multi-Layer Perceptron (MLP) to Wikipedia, resulting in an open dataset of
over 100 k high-quality human-labeled comments. They evaluated their models using Area
Under the Receiver Operating Characteristic (AUROC) and achieved 96.18% using LR and
96.59% using MLP.

Batoul et al. [31] proposed a system for detecting Arabic cyberbullying. They worked
on an Arabic Twitter dataset that contains 35,273 unique tweets after removing all dupli-
cates. NB and SVM obtained F-measure with 90.5% and 92.7%.

De Gibert et al. [36] conducted a thorough qualitative and quantitative analysis of their
dataset, as well as several baseline experiments with various classification models, which
are SVM, Convolution Neural Networks (CNN), and Long-Short Term Memory (LSTM).
The experiments employ a well-balanced subset of labeled sentences. All of the HATE
sentences were collected, and an equal number of NOHATE sentences were randomly
sampled, a total of 2 k labeled sentences. Eighty percent of this total has been used for
training, with the remaining 20% for testing. The evaluated algorithms, SVM, CNN, and
LSTM, achieved 71%, 66%, and 73% accuracy, respectively.

Nurrahmi and Nurjanah [37] studied cyberbullying detection for Indonesian tweets
to recognize cyberbullying text and actors on Twitter. The study of cyberbullying has
successfully identified tweets that contain cyberbullying with an F1-score of 67% utilizing
the SVM algorithm.
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Albadi et al. [38] are the first to address the issue of identifying and recognizing speech
promoting religious hate on Arabic Twitter. They implemented different classification
models utilizing lexicon-based, n-gram-based, and deep-learning-based approaches. They
concluded that a straightforward Recurrent Neural Networks (RNN) architecture with
Gated Recurrent Units (GRU) and pre-trained word embeddings could sufficiently detect
religious hate speech since it gives an AUROC of 84%.

Basile et al. [39] evaluated the SVM on a dataset of 13,000 tweets in English and
6600 tweets in Spanish [45], 60% of which were labeled as hate speech. In terms of per-
formance, the system had an Fl-score of 65% for the English tweets and 73% for the
Spanish tweets.

Ibrohim and Budi [43] conducted a combination of feature, classifier, and data trans-
formation methods between word unigram, Random Forest Decision Tree (RFDT), and
Label Power-set (LP) to identify abusive language and hate speech. Their system achieved
an accuracy of 77.36% for the classification of hate speech without identifying the target,
categories, and level of hate speech. Moreover, their system identifies abusive language
and hate speech, including identifying the target, categories, and level of hate speech with
an accuracy of 66.1%.

Banerjee et al. [45] represented an approach for the detection of cyberbullying in the
English language. They applied CNN to a Twitter dataset of 69,874 tweets. Their proposed
approach achieved an accuracy of 93.97%.

Corazza et al. [4] proposed a neural architecture for identifying the forms of abusive
language, which shows satisfactory performance in several languages, namely English [23],
Italian [37], and German [40]. Different components were employed in the system, which
are Long Short-Term Memory (LSTM), GRU, and Bidirectional Long Short-Term Memory
(BiLSTM). For the feature selection, they used n-gram, word embedding, social network-
specific features, emotion lexica, and emoji. The results show that LSTM outperforms other
used algorithms in multilingual classification with an F1-score of 78.5%, 71.8%, and 80.1%
in English, German, and Italian, respectively.

Romim et al. [48] ran a baseline model (SVM) and several deep learning models,
as well as extensive pre-trained Bengali word embedding such as Word2Vec, FastTest,
and BengFastText, on their collected dataset (Facebook and YouTube comments). The
experiment demonstrated that, while all of the deep learning models performed well, SVM
achieved the best result with an 87.5% accuracy.

Karim et al. [49] proposed DeepHateExplainer, an explainable approach for detect-
ing hate speech in the under-resourced Bengali language. Bengali texts are thoroughly
preprocessed before being classified into political, personal, geopolitical, and religious
hatreds using a neural ensemble method of transformer-based neural architectures (i.e.,
monolingual Bangla BERT-cased /uncased, and XLM-RoBERTa). Before providing human-
interpretable explanations for hate speech detection, important (most and least) terms
are identified using a sensitivity analysis and layer-wise relevance propagation (LRP).
Evaluations against machine learning (linear and tree-based models) and neural networks
(i.e.,, CNN, Bi-LSTM, and Conv-LSTM with word embeddings) baselines produce F1-scores
of 78%, 91%, 89%, and 84%, respectively, outperforming both ML and DNN baselines.

Sadiq et al. [51] proposed a system using a combination of CNN with LSTM and CNN
with BiLSTM for cyberbullying detection on English tweets of the cyber-troll dataset. Statistical
results proved that their proposed model detects aggressive behavior with 92% accuracy.

Beyhan et al. [52] created a hate speech detection system (BERTurk) based on the
transformer architecture to serve as a baseline for the collected dataset. The system is eval-
uated using 5-fold cross-validation on the Istanbul Convention dataset; the classification
accuracy is 77%.

ALBayari and Abdallah [54] used the most basic classifiers (LR, SVM, RFC, and
Multinomial Naive Bayes (MNB)) for cyberbullying detection using their dataset. As a
result, the SVM classifier has a significantly higher Fl-score value of 69% than the other
classifiers, making it a preferable solution.
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Kumar and Sachdeva [56] proposed a hybrid model, Bi-GRU Attention-CapsNet (Bi-
GACQ), that benefits from learning sequential semantic representations and spatial location
information using a Bi-GRU with self-attention followed by CapsNet for cyberbullying
detection in social media textual content. The proposed Bi-GAC model is evaluated for
performance using the F1-score and the ROC-AUC curve as metrics. On the benchmark
Formspring.me and MySpace datasets, the results outperform existing techniques. In
comparison to conventional models, the F1-score for MySpace and Formspring.me datasets
achieved by nearly 94% and 93%, respectively.

Atoum [57] developed and refined an efficient method for detecting cyberbullying
in tweets that uses sentiment analysis and language models. Various machine learning
algorithms are examined and compared across two tweet datasets. CNN classifiers with
higher n-gram language models outperformed other ML classifiers such as DT, RF, NB,
and SVM. The average accuracy of CNN classifiers was 93.62% and 91.03%.

Nabilah et al. [58] used a Pre-Trained Model trained for Indonesian to detect comments
containing toxic sentences on social media in Indonesia. The Multilingual BERT (MBERT),
IndoBERT, and Indo Roberta Small models were used in this study to perform a multi-label
classification and evaluate the classification results. The BERT model with an F1 Score of
88.97% yielded the best results in this study.

5.2. Multi-Class Cyber-Hate Classification

Several studies have been conducted for multi-class cyber-hate classification. This sec-
tion summarizes the studies of multi-class cyber-hate classification techniques in
different languages.

Waseem and Hovy [23] investigated the impact of various features in the classification
of cyberbullying. They used an LR classifier and 10-fold cross-validation to test and
quantify the impact of various features on prediction performance with an Fl-score of 73%.

Badjatiya et al. [91] investigate the use of deep neural network architectures for
hate speech detection in the English language [23]. They proposed a combination of
deep neural network model embeddings and gradient-boosted decision trees, leading to
better accuracy values. Embeddings gained from deep neural network models, when
joined with gradient-boosted decision trees, prompted the best accuracy values with an
F1-score of 93%.

Park and Fung [92] proposed a two-step approach to abusive language classification
for detecting and identifying sexist and racist languages. They first classify the language
as abusive or not and then classify it into explicit types in a second step. With a public
English Twitter corpus [23] that contains 20 thousand tweets of a sexist and racist nature,
their approach shows a promising performance of 82.7% F1-score using Hybrid-CNN in
the first step and 82.4% Fl-score using LR in the second step.

Watanabe et al. [93] presented a methodology to detect hate speech on Twitter in the
English language [23]. The proposed approach consequently detects hate speech signs and
patterns using unigrams as feature extraction along with sentimental and semantic features
to classify tweets into hateful, offensive, and clean. The proposed approach achieves an
accuracy of 78.4% for the classification of tweets.

Mulki et al. [41] presented the first publicly available Levantine Hate Speech and
Abusive Behavior (L-HSAB) Twitter dataset intending to serve as a benchmark dataset. NB
and SVM classifiers were used in machine learning-based classification experiments on
L-HSAB. The results showed that NB outperformed SVM in terms of accuracy, with 88.4%
and 78.6%, respectively.

Lu et al. [46] proposed an automatic method for determining whether the text in social
media contains cyberbullying. It learns char-level features to overcome spelling mistakes
and intentional data obfuscation. On the Weibo dataset, the CNN model achieved Precision,
F1-score, and Recall values of 79.0%, 71.6%, and 69.8%, respectively.

Moon et al. [47] presented 9.4 K manually labeled entertainment news comments
collected from a popular Korean online news platform for identifying Korean toxic speech.
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They used three baseline classifiers: a character-level convolutional neural network (Char-
CNN), a bidirectional long short-term memory (BiLSTM), and a bidirectional encoder
representation from a Transformer (BERT) model. BERT has the best performance, with an
F1-score of 63.3%.

Luu et al. [44] created the VIHSD dataset, a large-scale dataset for detecting hate
speech in Vietnamese social media texts. The dataset contains 33,400 human-annotated
comments and achieves an Fl-score of 62.69% using the BERT model.

Patil et al. [55] presented L3CubeMahaHate, a hate speech dataset with 25,000 distinct
samples evenly distributed across four classes. They ran experiments on various deep
learning models such as CNN, LSTM, BiLSTM, and transformer-based BERT. The BERT
model outperformed other models with an accuracy of 80.3%.

Wang et al. [94] proposed a framework for Metamorphic Testing for Textual Content
Moderation (MTTM) software. They conducted a pilot study on 2000 text messages from
real users and summarized eleven metamorphic relations at three perturbation levels:
character, word, and sentence. MTTM uses these metamorphic relations on the toxic textual
content to generate test cases that are still toxic but are unlikely to be moderated. When the
MTTM is tested, the results show that the MTTM achieves up to 83.9% error-finding rates.

5.3. Analysis of the Literature Review

Table 2 presents, for each of the previously described works on binary and multiclass
classification, a summary of the dataset used in the experimentation and its number of
classes, the language under study, the algorithms tested, and the results obtained.

This comparative study identified that binary classification is the most common task
carried out in cyber-hate detection, as shown in Table 2.

Moreover, most of the research on cyber-hate speech detection focuses on English
textual content, so most of the resources, assets, libraries, and tools have been implemented
for English language use only.

Table 2. Cartography of Existing Research in Hate Speech Detection.

Classes Dataset Language Approach Algorithm Evaluation Metric
LRH((ID.R ) Recall 60%
Mangaonkar et al. 2 Classes (Cyberbullying, Twitter English MLA parallelism
Non-Cyberbullying) LR (AND Accuracy 70%
parallelism)
F1-score 55.39%
Van Hee et al. 2015 2 Classes (Cyberbullying, o
[22] Non-Cyberbullying) Ask.fm Dutch MLA SVM Recall 51.46%
Precision 59.96%
Nandhini and 2 Classes (Cyberbullying-Non- ~ Formspring . 92%
. English MLA NB Accuracy
Sheeba, 2015 [89] Cyberbullying) MySpace.com 91%
Waseem and Hovy 3 Classes (Sexism, Racism, . . ; o
2016 [23] Neither) Twitter English MLA LR F1-score 73%
Zhao et al. 2016 [24] 2 Classes (Cyberbullying, Twitter English MLA SVM Fl-score 79.4%
Non-Cyberbullying)
. Probabilistic
Singh et al. 2016 [25] 2 Classes (Cyberbu.l lying, Twitter English LBA Fusion Accuracy 89%
Non-Cyberbullying)
approach
NB 70.4%
Al-garadi et al. 2016 2 Classes (Cyberbullying, . ) SVM 50%
N : Twitter English MLA Accuracy
[27] Non-Cyberbullying) RF 62.9%
KNN 56.8%
Hosseinmardi et al. 2 Classes (Cyberbu.llying, Tnstagram English MLA LR Recall 72%
2016 [28] Non-Cyberbullying) .
Precision 78%
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Table 2. Cont.

Author Classes Dataset Language Approach Algorithm Evaluation Metric
2 Classes (Cyberbullying, . . o
Zhang et al. 2016 [29] Non-Cyberbullying) Formspring  English MLA PCCN Accuracy 88.1%.
Wulczyn3%t al. 2017 2 CI\lIasr?iaZ t(gtf;kl)ng, Wikipedia English MLA LR AUROC 96.18%
(301 © cang MLP 96.59%
Precision 90.1%
NB Recall 90.9%
Batoul et al. 2017 [31] 2 Classeé (iybberlﬁul.lymg—Non- Twitter Arabic MLA Fl1-score 90.5%
yberbullying) Precision 93.4%
SVM Recall 94.1%
Fl-score 92.7%
. . 3 classes
Badjatiya, Pinkesh (Sexism, Racism, Twitter English MLA LSTM Fl-score 93%
etal. 2017 [91] .
Neither)
. 3 classes CNN 82.7%
Park, Ji Ho et al. 2017 (Sexism, Racism, Twitter English MLA F1-score .
[92] Neither) LR 82.4%
Gib ' 5 cl SVM 71%
De Gibert et al. 2018 asses .
36] (Hate, Non-Hate) Stormfront  English MLA CNN Accuracy 66%
LSTM 73%
Nurrahmi and 2 Classes (Cyberbullying-Non- . . ; o
Nurjanah, 2018 [37] Cyberbullying) Twitter Indonesian MLA SVM Fl-score 67%
Precision 76%
N. Albadi et al. 2018 2 Classes . . GRU-based Recall 78%
Twitter Arabic MLA
[38] (Hate, Non-Hate) RNN Fl-score 77%
AUROC 84%
Precision 88%
Watanabe et al. 2018 3 Classes
; : Recall 87.4%
[93] (Hateful, Offensive and Clean) Twitter English MLA J48graft
Fl-score 87.5%
Mulki etal. 2019 [41] O C1asses (I\g’rf’)"ﬂ’ Abusive, Twitter English NB Accuracy 88.4%
ate SVM 78.6%
Ibrohim and Budi, 2 Classes (Hateful, . . RFDT A 77.36%
2019 [43] Non-Hateful) Twitter Indonesian ccuracy
LP 66.1%
Basile et al. 2019 [39] 2 Classes Twitter English SVM Fl-score 65%
(Hate, Non-Hate) Spani o
panish 73%
Banerjee et al. 2019 2 Classes (Cyberbullying—Non- . . o
[45] Cyberbullying) Twitter English MLA CNN Accuracy 93.97%
c hel a English 78.5%
orazza, Michele 2 Classes R e
et al. 2020 [4] (Hateful, Non-Hateful) Twitter German MLA LSTM Fl-score 71.8%
ITtalian 80.1%
| B Precision 79%
. Raci
Luetal. 2020 [46]  ° Classes (Sexism, Racism,and o v Chinese MLA CNN Fl-score 71.6%
Neither)
Recall 69.7%
! - frensi Korean CharCNN 53.5%
Moon et al. 2020 [47] 3 Classes (Hate, Offensive, Online Korean MLA BiLSTM Fl-score 29.1%
None) News
Platform BERT 63.3%
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Table 2. Cont.

Author Classes Dataset Language Approach Algorithm Evaluation Metric
SVM 87.5%
Word2Vec + o
LSTM 83.85%
Word2Vec + o
Bi-LSTM 81.52%
FastText + LSTM 84.3%
Romim et al. 2021 2 Classes Facebook Bengali MLA Accuracy
[48] (Hateful, Non-Hateful) and YouTube FastText + 86.55%
Bi-LSTM ’
BengFastText + o
LSTM 81%
BengFastText + o
BLLSTM 80.44%
LR 67%
NB 64%
SVM 66%
KNN 66%
RF 68%
GBT 68%
Facebook, CNN 73%
2 Classes YouTube
i i Bi-LSTM - 75%
Karim et al. 2021 [49] (Hateful, Non-Hateful) commjnts, Bengali MLA Fl-score
an Conv-LSTM 78%
newspapers
Bangla BERT 86%
mBERT-cased 85%
XML-RoBERTA 87%
mBERT-uncased 86%
Ensemble * 88%
Luu et al. 2021 [44] 3 Classes (Offensive, Hate, Facebook — y;  amese  MLA BERT Fl-score 62.69%
None) and YouTube
. 2 Classes (Cyber-aggressive, . . CNN + LSTM + o
Sadiq et al. 2021 [51] Non-Cyber-aggressive) Twitter English MLA Bi-LSTM Accuracy 92%
Beyhan et al. 2022 2 Classes . . o
152] (Hateful, Non-Hateful) Twitter Turkish MLA BERTurk Accuracy 77%
MNB 66%
ALBayari and 2 Classes (Cyberbullying— . RF 65%
. Instagram Arabic MLA Fl-score
Abdallah 2022 [54] Non-Cyberbullying) SVM 69%
LR 66%
CNN 75.1%
. 4 Classes (Hate, Offensive, . . LSTM 75.1%
Patil et al. 2022 [55] Profane, None) Twitter Marathi MLA BiLSTM Accuracy 761%
BERT 80.3%
ing— Formsprin; . HA 94.03%
Kumar2 ngdézhdeva 2 C;?(frsle(s: (izf;iﬁuliLYI?S PIE  English Bi-GAC Fl-score ———
Y yms MySpace 93.89%
3 Classes (Cyberbullying— Error
Wang et al. 2023 [94] Non-Cyberbullying, Twitter English HA MTTM Finding 83.9%
Neither) Rates
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Table 2. Cont.

Author Classes Dataset Language Approach Algorithm Evaluation Metric
tter 93.62%
Atoum, 2023 [57] 2 Classes (Cyberbullying-Non- __ =777 English MLA CNN Accuracy
Cyberbullying) Twitter 91.03%
Dataset 2 Bl
Instagram
Nabilah et al. 2023 2 Classes (Cyberbullying—Non- and . ) o
(58] Cyberbullying) Twitter and Indonesian ~ MLA BERT Fl-score 88.97%
Kaskus

Accuracy

As previously mentioned, the most common task carried out in cyber-hate detection
is binary classification rather than multi-class classification. Cyber-hate texts are known as
representatives of a “bullying” class, and all other documents belong to “non-bullying”.
Twitter is the most commonly studied data source compared to other social media platforms.
Most researchers applied and compared many supervised machine learning algorithms
in order to determine the ideal ones for cyber-hate detection problems. As for the tradi-
tional machine learning algorithms, SVM has been used to build prediction models for
cyberbullying and has been found to be accurate and efficient. On the other hand, CNN
was the most common deep learning algorithm used in cyber-hate classification for binary
or multiple-class classification. Researchers measure the effectiveness of their proposed
model to determine how successfully the model can distinguish cyberbullying texts from
non-cyber bullying texts by using various evaluation measures such as Fl-score, accuracy,
recall, and Precision [95,96].

Subsequently, the algorithms used for binary and multi-class classification for the
English and Arabic languages are analyzed according to the results obtained with them.

Figure 6 shows the accuracy of binary cyber-hate classification on different English
datasets. As illustrated in it, CNN has better accuracy than SVM, NB, and CNN + LSTM +
Bi-LSTM. In addition, NB gives an acceptable accuracy on different datasets between 91%
and 92%.
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Figure 6. Accuracy of Binary Cyber-hate Classification in English.
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Figure 7 shows the F1-Score of binary cyber-hate classification in Arabic on different
platforms, which are Twitter and Instagram. In this language, the algorithm providing
the best results is SVM on different platforms, with more than 92% in terms of F1 score.
Otherwise, the combination CNN+LSTM achieves the lowest value of F1 score, which is
73% on Twitter, and RF with 65% on the Instagram platform.

Finally, Figure 8 shows the F1-Score of multiple class cyber-hate classifications on
Twitter in English. It illustrates that the best performance result from different machine
learning algorithms applied was LSTM, with an F1-Score of 93%.
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Figure 7. F1-Score of Binary Cyber-hate Classification in Arabic.
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Figure 8. F1-Score of Multiple Class Cyber-Hate Classification in English.
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6. Cyber-Hate Challenges

In this work, several issues were identified that affect the mainstream of the current
research on cyber-hate speech detection:

Data scarcity.

The ambiguity of the context.

The complexity of the Arabic language.

Availability and accessibility to data on social networks.
Manual Data Labelling.

The degree of cyberbullying severity.

The field suffers from data scarcity in different languages, such as Arabic, due to the
difficulty of collecting accurate cyber-hate speech data in the wild. In addition, discovering
the context of a conversation is considered a challenge. The context is significant because
numerous words are, in essence, ambiguous. The complexity of the Arabic language poses
syntactic, semantic, and figurative ambiguity in terms of its pronunciation, vocabulary,
phonetics, and morphology. This challenge could be solved by constructing an Arabic lexi-
con; the lexicon of offensive words may be useful in other languages to create a benchmark
for the Arabic cyber-hate dataset. Current models of cyber-hate detection depend on the ac-
cessibility to accurate, relevant information from social media accounts and the experiences
of potential victims. However, in actual cases, the availability of this data is influenced by
consumer privacy habits and restrictions imposed by social networks. Privacy preservation
is considered a challenging point. A proper solution entails the individuals” understanding
of privacy preferences. Data labeling is a labor-intensive and time-consuming task, as it
is necessary to select appropriate meanings of key terms that would be used during the
labeling of ground truth before the process starts. The degree of cyberbullying severity is
considered a challenge to be determined. Predicting various degrees of cyber-hate severity
involves not only machine learning understanding but also a detailed analysis to identify
and categorize the degree of cyber-hate severity from social and psychological experiences.

7. Conclusions and Future Work

In this manuscript, we have briefly reviewed the existing research on detecting
cyber-hate behavior on different social media websites using various machine-learning
approaches. Existing datasets of cyber-hate in different languages have been reviewed. In
addition, a comparative study including binary and multiple class cyber-hate classification
has been introduced, summarizing the most recent work that has been done during the
last five years in different languages. Finally, the main challenges and open research issues
were described in detail. Even though this research field in Arabic language is still in
its early stages, existing studies confirm the importance of tackling Arabic cyberbullying
detection. For future work, we aim to start with the construction of an annotated Arabic
Cyber-hate dataset. Then, we will explore and apply different machine and deep learn-
ing algorithms for cyber-hate speech detection in Arabic. Future work will also include
optimized real-time detection of Arabic cyberbullying.
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Abstract: Social Media Analytics (SMA) is more and more relevant in today’s market dynamics.
However, it is necessary to use it wisely, either in promoting any kind of product/brand, or interacting
with customers. This requires its effective understanding and monitoring. One way is through
web data scraping (WDS) tools that allow to select sites and platforms to compare them in their
performances. They can optimize extraction of big data published on social media. Due to current
challenges, a sector that can particularly take advantage of this source is tourism (and its related
sectors). This year has the hope of tourism’s revival after a pandemic whose impacts are still affecting
several activities. Many traders and entrepreneurs have already used these versatile tools. However,
do they really know their potential? The present study highlights the use of WDS to collect data
from TripAdvisor’s social pages. Besides comparing competitors” performance, companies also gain
new knowledge of unnoticed preferences/habits. This contributes to more interesting innovations
and results for them and for their customers. The approach used here is based on a project for smart
tourism consultancy, from the identification of a gap in our region, to aid tourism organizations to
enhance their digital presence and business model. Many things can be detected in this big source of
unstructured data very quickly and easily without programming. Moreover, exploring code, either
to refine the web scraper or connect it with other platforms/apps, can be an object of future research
to leverage consumer behavior prediction for more advanced interactions.

Keywords: social media; data scraping; tourism; smart consultancy; cognitive system

1. Introduction

Social networks/channels are the internet tools most increasingly used. Their influence
is seen in many sectors, but it is necessary to use them wisely. They are necessary to promote
products, brands, or ideas; to consolidate one’s own company or launch a new one; or to
build loyalty with customers and seek new ones [1].

This year seems to be prepared for a social and economic revival after a 2022 that saw
the world emerge from a heavy situation due to the pandemic. Many companies have been
able to proceed through their own boldness or conscious use of online platforms, with
emphasis on social media. These have many times been revealed as the best quality /price
promotion tools. The results obtained also stem from a conscious investment in them.
Those who invested wisely now see a return and will certainly acknowledge that one can
no longer do without using social media and related apps.

One of the most affected sectors, given the movements dictated by government decrees
to limit human mobility and circulation, has been tourism. This is a key sector for many
regions and countries that claim to depend heavily on it [2]. Tourism is a sector that can also
affect several other sectors, such as hospitality and traveling. Besides these, it can influence
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handicraft, environmental, gastronomic, and artistic—cultural sectors. It is therefore decisive
for the economic health of many people.

Hence, this present study is based on a project for smart tourism consultancy. It aims
at analyzing, on one hand, the potential of web data scraping (WDS), and on the other
hand the application of a web scraper to TripAdvisor’s social pages. The period chosen is
the whole year of 2022 due to its post-pandemic conditions with signs of revival. Moreover,
specific related objectives deal with discerning unanswered trends and data-scraping levels.
The web scraper used is Fanpage Karma (FpK), which will be compared with other similar
tools to point out key features and choice impact. This approach elected TripAdvisor (TA)
since it is an important travel site that provides information and reviews of tourism-related
user-generated content. Finally, the results obtained are discussed in order to discern
lessons for tourism companies and users.

This paper is thus organized as follows: in Section 2, the potential of WDS and
initial view of the web scraper to discern relevant metrics and KPI; in Section 3, the
application to TA’s main social pages to discern main trends, issues, and lessons for
better tourism management and forecasting; in Section 4, a comparison between WDS
tools to discuss the importance of choosing the right solution by looking at the goals of
three organizations in Algarve (interested in the original project), along with a holistic
view toward advanced cognitive tools; and in Section 5 the conclusions, other trends,
implications, and considerations for future research are provided.

2. Materials and Methods

The referred goal of a project for smart tourism consultancy was very welcomed by
important organizations in Algarve (a very touristic region in Portugal) such as Dengun
(one of the most successful digital marketing companies); CRIA (the innovation accelerator
of the University of Algarve); and Tilia (an innovative hostel located in the capital’s center).
Their managers/owners are even interested in investing in the idea as there is nothing
similar in the region.

2.1. WDS: A Big Data Source

As mentioned, TA is one of the largest websites for hotel, bed-and-breakfast, and
restaurant reviews, accommodation bookings, and other travel-related content. It also
includes interactive travel forums. This site was an early adopter of user-generated content
and is supported by an advertising business model. As tourism is a key sector for many
economies, it is important that such a platform be monitored in order to better predict
and decide upon disruption events. Comparing their content quickly and easily, the level
of engagement and other metrics can guide strategies and feedbacks on a timely, regular
basis. For example, current concerns in the area are related to safety, sustainability, and
well-being.

No company or entrepreneur can think of not being active on social networks today,
since this medium is one of the largest data sources most widely used in the world [1].
Consequently, businesses and brands have been progressively investing in them as relevant
communication channels [3]. Therefore, a practice in which many are investing to enhance
performance through the analysis of desired markets/competition is WDS. Also known as
web extraction, this technique extracts data from the internet and saves them to a file system
or a database for analysis [4]. It is also widely acknowledged as a powerful technique for
collecting big data [5,6]. Thus, web scraping is a practice that captures a large amount of
data on the internet [7] to obtain knowledge about competing firms or websites.

Besides web scrapers, one of the most widely used resources for doing WDS is Python
language. It is particularly used for the analysis of Twitter pages, through a dedicated
library—Tweepy [8,9]. Another way of applying Python is through the Text Blob Tool
which analyzes the sentiments of tweets [10]. Other tools in Python enable web-scraping
activities such as Scrapy and Pandas [11], SpaCy [12], and Python’s Natural Language
Toolkit [13]. However, to extract information from a website by only having knowledge of
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Python is not sufficient. It is necessary to know HTML because web scraping is a task that
needs to be divided into subtasks. Once this marking language is known, which describes
the elements of a page, Python libraries can be used more easily (such as Beautiful Soup,
Scrapy, or Selenium) [14,15]. However, a software tool such as FpK is much more intuitive
and easier to use by the end-user as it does not require knowing the programming code.

Nevertheless, programming language is crucial to create functions that SMA (Social
Media Analytics) tools may lack, such as personalizing the scraper or connecting it with
other tools or platforms for more advanced goals. An example of this kind of connection
is sentiment analysis [16]. Figure 1 illustrates an example of text networks where, from
the most prominent terms and their relations, firms might discern unanswered trends and
prepare more assertive and timely strategies to cope with them.
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Figure 1. Example of text networks that can be used for sentiment analysis (own elaboration).

Other possibilities can be envisioned by integrating WDS with other tools or systems,
which can be the object of future research on predicting consumer’s behaviors. These
discoveries can revolutionize tourism patterns and services [17]. Other aspects related to
time and space can be captured for more data granularity (e.g., discover what happens in a
certain specific place, etc.). This is relevant in today’s context of these critical dimensions.
These experiments can contribute to developing Al (artificial intelligence) or cognitive-
driven decision-making to help firms be better equipped to fight disasters.

2.2. FpK: An Ease of Use Tool

FpK was launched in 2012 by two online marketing experts from Berlin. Their main
motivation was to interpret and analyze Facebook pages, or other social media, in order
to optimize them. It helps to manage social media presence and performance. It enables
organizations to collect web data in order to compare their own social pages with the
competitors’ pages. Data about prices practiced, follower growth, and best time to post can
be easily obtained. Key features are its ease-of-use and variety of functions related with
web data extraction to produce insights. Besides calculating metrics, it has other actions
such as benchmarking, tagging, history, live (see data in real-time), etc. (Figure 2). For
example, it can check hotel room prices and other information, collect tweets, monitor
reputation and SEO (Search Engine Optimization), and extract emails and addresses from
map and business websites.
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Figure 2. Creating a report of the analyses made (own elaboration).

This tool also allows visualizing several metrics such as number of followers in a
competitor’s page, its growth rate, engagement, response time, influencers, etc. Since it
returns the results in a friendly design (including charts), their comparison is much easier.
This is very interesting because the information about the competition’s strategic options
can be more easily discerned and understood. Moreover, this big source of unstructured
data can then be accessed and used for deeper analyses of behavioral patterns and trends
that went unnoticed before [18]. Currently in FpK there are more than 350 different metrics
to choose and arrange in a dashboard, including the websites that can be added to it

(Figure 3).
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Figure 3. Function Analytics —> Benchmarking (own elaboration).
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The dashboard is like a matrix of results that are the “raw data” for a graphical
customized report. This report can help think of other metrics and combine them to obtain
key performance indicators (KPI) that best fit the firm’s goals. In addition, the function
Analytics can create the dashboard for the last month (or year), or for comparing several
months (or entire years) within the period needed.

For instance, two main KPIs of SMA are “follower growth” and “fan interactions”
(engagement). The resulting chart (Figure 4) shows which site is the best. In this case,
it is Booking.com (upper right corner) compared with TA (lower left corner). This is
important to know in order to identify the factors behind it and better plan the structure
and strategy of social media portfolios. However, these two social channels have different
goals: TripAdvisor has more information because, besides hosting data, it shows reviews
and recommendations for various places and activities, such as sights and restaurants.

7

Follower growth and engagement 2 Adjust

The further to the right a profile is, the higher its post-interaction. The further up, the faster the profile grows. The
most successful profiles can be found at the top right.

Figure 4. Main social performance metrics (own elaboration).

Effectively the web scraper FpK has been applied in several studies to investigate a
wide variety of topics, which include political communication [19-21]; public communica-
tion [22]; healthcare [23]; customer behavior [24-26]; and tourism [27-30].

3. Results

Considering the main aim of this work—analyzing the potential of web data scraping
(WDS) applied to TA’s social pages—some trends of post-pandemic tourism can be dis-
cerned. As a ‘sample’, we have searched them among the main social channels of TA. This
famous platform allows tourists to describe their experiences with hotels, restaurants, and
services, among other aspects. Regarding the impact of the pandemic on people’s travel
habits, it is important to understand how this source of user-generated content has dealt
with the pandemic and discern lessons for future tourism management.

Thus, this study has an exploratory nature and follows a comparative approach. It
can then contribute to the tourism knowledge base to endure as one of the most important
sectors worldwide. Through FpK, we collected data from TA’s most active social networks
in 2022 (Facebook, Instagram, Twitter, Pinterest, and TikTok). Then, we analyzed the
resulting tables and charts. Several metrics were considered, such as page performance
index, fans, follower growth, post interaction, and posts per day (Table 1).
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Table 1. Performance of Tripadvisor’s social pages (own elaboration). Period: 1 January to 31 Decem-

ber 2022.
. Page Performance Follower Post Posts Per

TA Profiles Index Fans Growth (%) Interaction Day
TikTok 10.0% 1127 1843.1% 1.31% 0.052
Pinterest 10.0% 228,048 8.6% 0.0006% 1.038
Twitter 8.0% 3,424,208 0.97% 0.0005% 6.917
Instagram 14.0% 2,769,720 12.38% 0.06% 1.057
Facebook 9.0% 7,626,233 0.94% 0.0008% 4.608
Average 10.2% 2,809,867.2 373.2% 0.27% 2.734

Looking at the page performance index, which combines fans” engagement with page
growth, we can see that Instagram had the highest value (14%). This is a platform that
had around 1.28 billion users in 2022 (Statista, 2022). However, the figure that stands out
the most is the % of follower growth on TikTok. However, TA only has had its TikTok
page since the beginning of 2022 (having started posting only in October). It is followed
by Instagram with 12.38% follower growth. Regarding post interaction, TikTok was also
the best, but this is a biased metric for the same reason mentioned above. In conclusion,
Instagram is confirmed as the social network where followers most interacted with the
posts published. Finally, the social network that posts the most was Twitter, but it still has
the least interaction level.

Therefore, this first scraping query shows at least two things: that more metrics are
needed to understand these issues and that tourists/visitors engage more with visual
social media (rich in pictures, short videos, and storytelling). This trend is augmenting
what requires more experience to be prepared for future VR (virtual reality) or Al-based
tourism/hospitality projects. Then, we pursued the analysis to discover which specific
content got the most engagement from users. This information is important in order to
change or improve campaigns and product/service innovation. Figure 5 shows which
post features were published the most (left side of chart) and which ones had the most
interactions (right side of chart) according to the following categories: links, pictures, status,
carousels, reels, and videos.

4,000 0.01
3,000 0.008 —
2,000 0.005 —
1,000 0.003 —
0 Videos Reels Status
Links Pictures Status Carousels Reels Videos . "
Carousels Pictures Links

Figure 5. Number of posts and post-interaction in TA’s social media (own elaboration).

Effectively, video posts had the highest level of interaction against pictures, which
had the lowest level. The low results in the other categories (reels: full-screen vertical
videos; carousels: ads that combine videos and images; status; and links) suggest (re)
thinking the contents and the modern ways of presenting them. For instance, a study on
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these issues [31] revealed an increasing relevance of interacting with influencers and of
co-creating (i.e., including users’ ideas in product innovation). Travel, hospitality, and
tourism organizations should consider data from WDS tools along with case studies in this
area to manage their social media more smartly. Their digital marketing plans must break
into these trends to keep up with, or anticipate, the digital transformation.

4. Discussion

Regarding the results obtained about the potential of WDS for smart tourism consul-
tancy, through an application to the TA case, we can acknowledge that more metrics of
SMA are necessary. To release managers (and other users in the company) from the need to
program them, a way of exploring either more metrics or more functions is by comparing
web scrapers such as the nine best ones referred in the work of [32] (Table 2).

Table 2. The 9 best WDS tools (own elaboration, based on [32]).

Web Scraper Key Features
Octoparse Anonymous web data scraping behind login forms
ParseHub Efficiency of data extraction from complex web pages
Mozenda Job sequencers to collect web data in real-time; highly scalable
Webhose.io Fast content indexing; get machine-readable data sets
Content Grabber Allows to build web apps and offers a wide variety of formats
Common Crawl Support for non-code usage; has resources to teach data analysis
Serapy Open-source tool and easily extensible. Middleware modules
available for integrating useful tools
Scraperapi Easy to integrate; allows price scraping, search engine scraping
Scrape-it.Cloud Easy integration in other systems; scrapers for popular sites

In fact, this study uses FpK as an example of this type of specialized software tool.
These are non-code web scrapers that enable users to extract data without the knowledge
of HTML structures and elements [32]. However, each one has limitations and choosing the
right one is a crucial task. For example, the previously mentioned organizations interested
in this project—Dengun, CRIA, and Tilia Hostel—have different goals in mind. Dengun
aims to use WDS insights to accelerate potential business in the phases of customer valida-
tion and proof of concept; CRIA has both academic and commercial interests: academic
in terms of being able to absorb this type of information and transfer it to other sectors,
and commercial as an enterprise incubator; and Tilia’s owner envisions anticipating the
demands of potential customers, maintaining the maximum capacity of its rooms, under-
standing new ways to approach customers at the right time, and realizing new marketing
actions to interact with its publics. The other goals these three interveners mentioned are
more assertiveness of investment in new businesses; hiring staff in advance of the high
season; forecasting tourists with potential consumption in the region; forecasting segments
to be explored for meeting new demands; and perceiving more assertively the desires
of consumers.

4.1. Towards Cognitive Scraping

This work has shown that many things can be discovered through this big data source.
Nevertheless, deeper aspects can be detected, especially by programming, in order to
develop connections either within WDS tools or between them and other platforms. This
issue raises the discussion around discerning unanswered trends and data-scraping levels.

Currently, 80% of available data are unstructured [33] such as those on the web. This
wealth of data contains valuable information about customer habits, preferences, dislikes,
intentions, and much more [34]. Well-extracted and analyzed, they may help identify
innovation opportunities. Using the right tool(s), firms can start capturing value from this
big data source [35]. The knowledge absorbed can give them a competitive advantage.
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Considerable amounts of unstructured data are generated every minute [36]. Applying
advanced cognitive computing to them will create more complete models of customers’
behavior with the relationships and environments in which they act (Figure 6). In turn, the
massive volume of these actions will enable better prediction of consumer behaviors [35,37].

For instance, a company can provide branded content to a customer on a social
network platform, then track the person/group with whom he shares that content and how
they respond. This can help to understand how consumers feel about its brands to find
gaps in the marketplace and develop brand positions.

Analyzing data can be a time-consuming practice, but good cognitive analyses can
leverage this big amount of data [38]. As this problem can become unsustainable to
process, there is a need for better computer tools and developing languages [39]. The
developments involved in this holistic view (Figure 6) should be further explored in
tourism and hospitality since they have been focused on areas such as education, healthcare,
commerce, and human augmentation [40].

Layer 4: cognitive-driven (Java, R, ...)

Layer 3: Al-driven (Python, Julia, ...)

Layer 2: sentiment-driven (Python, ...)

Layer 1: data-driven (WDS, ...)

Figure 6. Holistic view toward advanced cognitive tools (own elaboration, based on [40,41]).

5. Conclusions

This study can contribute, through its innovative approach, to the discussion of web
scraping’s potential for scalable big data cognitive analytics. WDS tools can search for web
data in a very fast and intuitive way, without running into legal issues, such as lack of
consent to access private information, as well as wasting software/hardware resources.
These tools can aid consultancy in tourism, among other segments, as they can optimize
the extraction of competitor’s data and other relevant information. This knowledge and
its real-time monitoring can give companies a competitive advantage. They provide data
quickly and clearly on the performance of any web page. As a case, we decided to explore
which of TA’s social pages performed best in 2022, the most recent post-pandemic year for
tourism as a key sector for our region/country.

We saw that Instagram is the best performing social network, even though it does
not have the highest number of followers. Its modern structure and interactive content
certainly facilitate user engagement. Moreover, it is precisely through the right interactions
(shares, comments, sales, etc.) that the firms obtain value and returns. Another interesting
social service is TikTok, whose adoption is augmenting especially among young people.
TA has noticed this trend and launched its own page in 2022. Regarding Twitter, the social
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network that posted the most, it still has the least interaction level. It is mainly used to
answer individual questions from users, and often reposts what has been published on
other social media.

Given the pace of current challenges, web scraping can be a differential and timesaving
resource. WDS tools can easily capture and compare this big data source on a regular
basis. There are different ways of exploring their potential, some more dependent on
programming and others more independent and intuitive. Several studies made use of
both ways to extract and compare data from web and/or social media pages. However, we
emphasize that web scrapers usually do not require knowledge of programming languages,
which makes them easier to use/explore by managers and marketers. Many metrics can
then be obtained and combined in versatile KPI with minimal effort.

5.1. Other Trends

A groundbreaking technology that has already started to influence the internet is
augmented reality (AR). It may have a strong impact on social media apps in the coming
years. It lies between the virtual and real world and is gradually gaining popularity as the
virtual elements brought into the real world provide an immersive experience for the user.
With the help of AR, 3D content will replace 2D content on social networks. A strong usage
of interactive content will reshape social media as 3D content has the power to take the
users to an entirely new and unimaginable world. Several social media players are quickly
joining AR and VR such as Snapchat, Instagram, and Facebook [42].

Besides AR possibilities, other trends involve audio features. For example, HearMeOut
is a voice-based social network that allows users to record and share audio posts. Moreover,
the use of hands- and eyes-free social media allows users to do both multitasking and
experiment greater ‘reality’ [43,44]. The social media landscape tends to witness significant
trends and changes. With the continued technological innovation and changing user
demands, platforms will focus more on personalized experiences, integration of AR and
VR, and the enrichment of video content [45]. Entrepreneurs and marketers should stay
up to date with these trends to be ahead of the curve and effectively engage their target
audiences [46].

According to recent articles and reports [47,48] other trends to be considered are
related with the increasing role of influencers; the need for more dynamic and interactive
content; conditions for developing social media commerce/shopping as these platforms
have wider target audiences; and usage of social media for mobile purposes and hybrid
events among others. Companies that offer richer experiences to their customers will be
much better equipped to face major challenges and stand up alongside competition.

5.2. Implications and Future Work

WDS can be used to gain insights toward key performance indicators. For instance,
post interaction can be a good variable for analyzing which content, times, and places
are more attractive and then rethink destination marketing strategies. Moreover, with
these data, other more advanced analyses can be developed especially through program-
ming connections either between WDS tools or between them and other platforms. Text
networks are an example to build sentimental analyses and predict customer behavior
more assertively.

Today, tourism organizations can choose from a rich set of marketing instruments.
Marketers can now deal with paid (content they pay such as an ad or sponsorship), owned
(content they create and control, like own Facebook page or website), and earned (content
that others create like reviews or mentions) media [49]. However, these instruments can be
better gathered and managed through the dashboard of the right WDS tool.

Currently any digital business model should approach SMA needs [50]. The focus
of this study is relevant for advanced consultancy in tourism as it highlights web data
extraction optimization to enhance the knowledge base for tourism innovation and revival.
Given the importance of social media throughout the entire customer journey, tourism man-
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agers need to know and understand the repercussions of their efforts. In fact, measuring
social media performance has been considered as a major challenge of modern manage-
ment [18,50]. In contrast to traditional media, social media resemble ‘living” organisms [51]
as these platforms involve content, motives, structure, roles and interactions. Therefore,
more metrics should be developed and tested to understand and monitor their dynamics.
Tourism associations should invest in hiring qualified staff, both on tourism dynamics
and social media behavior. Consequently, invest in tools designed to provide a workspace
and think-tank where unstructured data can be quick and easily analyzed. Moreover,
consider and explore the developments toward advanced cognitive tools. The way people
acquire and broaden their knowledge is changing toward cognitive acceleration. Cognitive
computing models and systems can decipher unstructured data and draw valuable con-
clusions. These systems are capable of reasoning, decision-making, and experience-based
learning [41]. They can communicate with people in natural language, comprehend real
situations, and give personalized answers.
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Abstract: Social networks have become important objects of study in recent years. Social media
marketing has, for example, greatly benefited from the vast literature developed in the past two
decades. The study of social networks has taken advantage of recent advances in machine learning to
process these immense amounts of data. Automatic emotional labeling of content on social media has,
for example, been made possible by the recent progress in natural language processing. In this work,
we are interested in the influence maximization problem, which consists of finding the most influential
nodes in the social network. The problem is classically carried out using classical performance metrics
such as accuracy or recall, which is not the end goal of the influence maximization problem. Our
work presents an end-to-end learning model, SGREEDYNN, for the selection of the most influential
nodes in a social network, given a history of information diffusion. In addition, this work proposes
data visualization techniques to interpret the augmenting performances of our method compared
to classical training. The results of this method are confirmed by visualizing the final influence of
the selected nodes on network instances with edge bundling techniques. Edge bundling is a visual
aggregation technique that makes patterns emerge. It has been shown to be an interesting asset for
decision-making. By using edge bundling, we observe that our method chooses more diverse and
high-degree nodes compared to the classical training.

Keywords: influence maximization; end-to-end learning; decision-focused learning; graph visualiza-
tion; edge bundling; differentiable greedy

1. Introduction

The rapid growth of social networks in recent years has sparked extensive research
on understanding the dynamics of these networks. The diffusion of information within
social networks has significant implications in various fields, including marketing [1],
politics [2], and surveillance [3]. Social networks have emerged as powerful platforms
for mass information diffusion, influencing major events such as elections and social
movements such as the Arab Spring. Exploring the mechanisms of information diffusion
is crucial for detecting manipulation attempts, mitigating terrorist risks, and optimizing
product advertising.

The problem of information diffusion centers around how information spreads and
propagates among users. One fundamental problem in this domain is the Influence Max-
imization problem, which involves identifying a set of users that maximizes the spread
of information. However, this problem is known to be NP-hard, posing computational
challenges for classical statistical approaches to studying information cascades [4].

Due to the sudden growth of social networks, the quantity of data to process became
unmanageable for classical statistical studies of information diffusion instances, called
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information ‘cascades’. However, due to the rapid development of these networks, the
quantity of data to process became a challenge to handle. In recent years, machine learning
models have shown promise in directly estimating the influence that users exert on each
other within social networks. By leveraging these predictions, it becomes possible to iden-
tify the most influential users in the network. Traditionally, these two steps of prediction
and influence maximization are performed sequentially. However, recent research has
suggested the joint execution of these steps for improved influence maximization [5].

In this paper, we propose an end-to-end learning approach using machine learning
models to predict diffusion probabilities in social networks. Additionally, we developed a
novel visualization method to evaluate the quality of our solution compared to existing
methods. We argue that visualizing the graph provides deeper insights into diffusion
mechanisms than conventional numerical metrics. Building on the concept highlighted
in Anscombe’s work [6], where statistics fail to capture the full patterns of data, social
networks exhibit a similar phenomenon. Applying edge bundling techniques to visualize
dense and cluttered graphs allows us to better understand edge connections.

The contributions of this paper are twofold. Firstly, we introduce a novel graph
optimization algorithm for maximizing influence in social networks. Secondly, we em-
ploy visualization techniques to validate our model’s performance against two baseline
models. The visualization model enhances our understanding and evaluation of the
proposed solution.

The remainder of this paper is organized as follows. Section 1 provides the back-
ground and context, while Section 2 reviews and summarizes related work on the influence
maximization problem. In Section 3, we describe the data and methods employed in this
study. Section 4 presents the results and findings, and Section 5 concludes the paper by
summarizing the key findings and discussing future research opportunities.

2. Related Work

In this section, we first review the influence maximization problem and existing end-
to-end learning methods. Next, we review existing visual simplification techniques for
dense data visualization.

2.1. Influence Maximization

The study of information diffusion in social networks began in the early 2000s with
the seminal work of Kempe et al. [4], in which they propose a greedy framework to find
approximations of the optimal subset of nodes maximizing influence with theoretical
guarantees. The recent advances in the optimization of submodular functions allowed the
improvement of greedy algorithms in a Cost-Effective Lazy Forward algorithm (CELF) [7]
and then CELF++ [8], which are much faster.

However, these algorithms require knowing the diffusion probabilities between users,
which is problematic on real social networks since this information is not available. To
solve this problem, machine learning algorithms have recently been used to learn the
influence of content on social networks, forecast the future bursts of popularity of content,
or generate new cascades. Decision-trees-based models, support vector machines, and
clustering algorithms have been used for a decade to predict the influence of content on
social networks. However, since DeepCas [9], they have been progressively replaced by
deep learning models.

2.2. End-to-End Learning

Recently, a new method for training machine learning models arose for solving com-
plex data pipeline problems. End-to-end learning can be used on “prediction-optimization”
problems, where the prediction of a model is then used to optimize a certain quantity. The
“prediction-optimization” problems are classically solved in two stages. In the first stage,
the model is trained to maximize its accuracy. The outputs of the model tend to be close
to the historical data. In the second stage, an optimization algorithm is executed on the
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predicted values of the model. End-to-end learning differs in that the model is not trained
to maximize the accuracy but is directly optimized to maximize the final influence of the
optimal solution found using the predicted probabilities. This framework has recently
been applied to recommendation systems [5] but has never been applied to influence
maximization on social networks.

2.3. Edge-Bundling

Several initiatives related to the visualization of social networks have been developed
in recent years; however, there has been limited focus on influence maximization or infor-
mation cascades [10]. The large quantity of data involved in information diffusion in social
networks makes visualization both important and challenging to develop.

Due to the large number of edges and the high density of edges in the graph, edge-
bundling techniques can be used to facilitate the interpretation of results. Edge bundling
techniques have in common to cluster close edge paths together, thus increasing the number
of white spaces and reducing the clutter in layouts of large graphs. Bundling can be seen
as sharpening the edge density in the layout, making areas of high density even denser
and areas with a lesser edge density appear sparser or white.

As opposed to graph simplification techniques where edges considered unimportant
are simply removed from the layout, no edges are removed during edge bundling, and the
overall topology of the graph is conserved.

Edge bundling can be used to identify the links between groups of nodes that would
be invisible in a large, dense graph due to the clutter of edges. The identification of clusters
is made easier by the white spaces separating the clusters. Edge bundling, however, does
not conserve the direction of the edges. In certain cases, the direction of the edges can be
important, such as in trajectories or geographical data. The direction of the edge is reduced
to a small set of main directions, thus losing the initial directions information.

Recent work has tried to conserve the initial edge directions for automobile traffic and
airplane trajectories [11]. In our case, the direction of the edges is not important.

Since 2006, with the seminal work of Gasner and Koren, various edge bundling
techniques have been developed. Initially, edge bundles were drawn as straight lines
based on spatial proximity [12]. Qu et al. added NURBS splines to replace the original
straight-line bundles [13]. Most notably, hierarchical edge bundling was developed by
Holten [14] to bundle large graphs of several thousands of nodes easily. After this, variants
spurred, adapted to whether the graph is static or dynamic, directed or undirected, 3D or
2D [15].

3. Data and Methods

In this section, we briefly present the Weibo dataset used to train the models. Further-
more, we detail the specificity of the end-to-end approach we used to train the SGREE-
DYNN model.

3.1. Dataset

Our approach uses data scraped from real social networks in order to predict the
best influencers. The dataset used is scraped from the Chinese micro-blogging social
media Weibo [16]. It contains examples of information cascades stored as lists of reposts.
Information about user profiles, topic classification of the messages, and the social graph
are also available.

Table 1 above provides a summary of our dataset. From this dataset, we extract and
use 24 features describing the link (1, v). These features are extracted from the users’
profiles, the topology of the social graph, the topic modeling of the posts of the users, and
the cascade information. The detailed list of the features is given in Appendix A.
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Table 1. Dataset summary.

Dataset # Cascades # Users # Reposts
Weibo 300 K 1.7M 200 M

The goal is then to use the end-to-end learning method to train machine learning
models to predict the diffusion probabilities between influencers and targets. The ground
truth diffusion probabilities used are extracted from the previous examples of information
diffusion cascades.

Figure 1 above provides the end-to-end process for the learning framework for max-
imizing the influence. The social network and its content are preprocessed to create an
instance X containing the features vectors X[u, v] of all the pairs of nodes (u, v) and a
matrix P containing the ground-truth diffusion probabilities. The instance X is fed to our
SGREEDYNN model. This model predicts a diffusion probability matrix, which is then fed
to the optimization algorithm. Given these diffusion probabilities, the algorithm chooses
the best subset of k influencers among the users in the social network that maximizes the
information propagation. The influence function ¢ then returns the real influence of this
subset. The weights of the model are then updated to maximize this final influence.

SUBSAMPLING & SMOOTHED o o0
PREPROCESSING Puy GREEDY oo o
u N— —

\/ T k

Lraining feedback
Figure 1. General pipeline of the learning framework.

Given a history of actions {(1, v)} where u influences v, the ground truth diffusion
probability p,, , is defined as
AH,U

— _ 1
pu’v AH,‘ + A',U ( )

where A, , is the number of times u influenced v, A, is the number of posts posted by u,
and A. , is the total number of reactions of v [17].

The obtained diffusion probabilities are, in reality, very small. The estimated ground
truth probabilities are mapped to higher values to facilitate the training. For positive
probabilities, the first two deciles are mapped to a probability of 1, the next 3 deciles are
mapped to a value of 0.5, the next 3 deciles are mapped to 0.2, and the rest is mapped to
0.1. The probabilities equal to 0 do not change. We chose these values.

To increase the number of positive examples in the diffusion probability matrix during
the training, only the targets participating in more than 150 cascades are considered, and
only the top 20% of influencers on this induced graph are considered. This gives a subset
of influencers I C Vand T C V.

Given this sub-sample, I, T, the training dataset D is created by randomly drawing
n influencers in I and m targets in T and creating a matrix X of size (11, m, 24) where X[u,
v, :] is the feature vector of size 24 associated with the potential influence link (u, v). At
the same time, a matrix Y of size (1, m) is created with Y[u, v] = p, » where p,, , has been
previously defined. An example of a Y matrix is provided in Appendix A.

3.2. End to End Learning

The end-to-end machine learning model is trained on the dataset D = {(X, Y)}. The
model is then optimized to minimize the following function by stochastic gradient descent.
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The use of the Smoothed Greedy algorithm (SGREEDY) as an optimization algorithm allows
an easy estimation of the objective function’s gradient.

J(6) =— ) o(SGREEDY(m(X;0)),Y) ()
(X,Y)eD

The model m is parameterized by ©, takes an instance X of size (1, m, 24) as an input,
and returns a diffusion probability matrix of size (1, m). The Smoothed Greedy algorithm
takes a diffusion probability matrix as an input and returns the index of the best seeds in
the network. The influence spread function ¢ takes a seed set and a diffusion probability
matrix and returns a positive number. Here,

o(5)= Y (1 T pw)) 3

v=1 ues

The model has been trained on 50 instances of size 500 x 500, on 100 epochs, with
a batch size of 4, a learning rate A = 5¢%. The temperature of the Smoothed Greedy
algorithm is € = 0.1, and the sample size of the Smoothed Greedy algorithm is 20. The
hyperparameters were chosen to maximize the number of targets influenced in the test
dataset using the Bayesian optimization and hyperband method [18].

3.3. Visual Aggregation

In addition to the other performance metrics, we explain and compare the results
found by the models using edge bundling techniques on the different networks studied.
These visualizations give new insights into the behavior of our method and how it surpasses
the other methods.

The edge bundling algorithm used is the kernel-based estimation edge bundling
algorithm [19]. The first step of the algorithm is to estimate the edge density map using the
kernel density estimation. Then, the normalized gradient direction is estimated, and the
edges are moved in the gradient direction and smoothed by using Laplacian filtering. These
steps are repeated with a decreasing kernel size until the result is convincing. Tuning these
parameters typically involves a combination of manual experimentation and automated
optimization. The following parameters are chosen such that only a few main edge bundles
appear while retaining most of the information of individual edges:

number 1 of iterations of the algorithm
tension t of the edges

initial bandwidth bw of the kernel
decay rate d of the kernel’s size

We apply this technique to an instance from the training dataset. The instance is a
graph containing 500 influencers and 500 targets. The graph contains the edge (1, v) if v
is present in a cascade initiated by u. We call this graph the cascade graph. This graph is
bipartite, and the only possible information diffusion is between an influencer and a target.
The dense instances contain tens of thousands of edges; thus, the use of edge bundling on
this graph is appropriate.

3.4. Choice of Graph Layouts

Edge bundling techniques are very dependent on the layout used. We investigated
several layouts, as shown in Figure 2 below. We color the edges according to the position
of the origin node to better see the direction of the bundled edges. In circular layouts, the
color of the edge depends on the angular coordinate of the origin node. In lateral layouts,
the color depends on the y-component of the origin node.
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(a) Force Directed Layout (b) Bipartite Layout (c) Cross Edges Reduction Layout (d) Circular Cross Edges Reduction Layout (e} Features Similarity Layout

(c) Cross Edges Reduction Layout (d) Circular Cross Edges Reduction Layout (e) Features Similarity Layout

Figure 2. Comparison of 5 different layouts in the bundled and unbundled case. Edge bundling
is applied on the second row. The five different layouts are, from left to right, (a) force-directed,
(b) bipartite, (c) cross-edge reduced bipartite, (d) circular cross-edge reduced bipartite, (e) similarity.
The unbundled graphs are cluttered, which makes any interpretation very difficult. Edge bundling
makes the visualization clearer.

Several layouts have been explored. We explain briefly their specificity.

3.4.1. Force-Directed Layout

The principle of the force-directed layout is to consider the edges as strings and to
minimize the potential energy of the system [20]. The forces acting on the edges tend to
group the nodes in clusters. In our case, the nodes having a higher degree are in the middle;
they link the peripheral nodes having a lesser degree. By applying edge bundling on this
layout and coloring the edges according to the directions, we can notice that the edges
arriving in the outer layer of the figure are colored grey. The outer layer mainly consists of
the targets, and the grey color comes from all the colors mixing together. This means that
the influencers do not spread their influence in a particular direction, and all targets can
receive influence from the targets of any color. This layout may thus not be suited to give
significant insights when bundled.

3.4.2. Bipartite Layout

We also take advantage of the fact that the graph is bipartite by considering a bipartite
layout. The bipartite layout consists of displaying the two groups of nodes (influencers
and targets) on two parallel lines.

The order of the nodes is important, and the initial order does not give significant insights.

3.4.3. Cross Edge Reduced Bipartite Layout

To counter the issue mentioned above, we apply a cross-edge reduction algorithm [21].
As shown in Figure 2¢, the edge bundling technique displays bundles of the same color,
which is consistent with the behavior of the edge cross-reduction algorithm.

3.4.4. Circular Cross-Edge Reduced Bipartite Layout

To better see the edges between influencers and targets, we spread the targets around
the influencers and then organized these two in a circular layout. The influencers are
positioned in the inner circle, and the targets are in the outer circle.
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However, the placement of the nodes does not depend on the features the model used
to predict the diffusion probability. This placement only depends on the original cascade
graph topology, which is not accessible to the network.

3.4.5. Similarity Layout

This observation motivates us to consider a layout where two nodes are close if
they have similar behavior. The principle is to generate an undirected weighted graph
having the same nodes as the social network. The edges” weights are defined as the cosine
similarity between the feature vectors of the two nodes. This dense graph is then pruned
by removing the edges having a weight less than a certain threshold, and we then consider
its force-directed layout.

In these conditions, two nodes having a very similar feature vector will be close in
this layout. The bundling on this graph shows that the graph is clustered into two separate
groups, i.e., the influencers and the targets, even if this separation is not performed in the
features. This first observation shows that the features of the influencers and the targets are
significantly different. To visualize the effect of the features on the layout, we display the
values of the features according to the position of the nodes in the layout.

The following observations can be made. The difference between influencers and
targets in a social network mainly comes from the number of followers, the number of
cascades initiated, and the PageRank metric. The number of friends is higher for targets
than for influencers. This may be due to the subsampling of the targets T explained in the
methodology. The number of likes reaches its highest value in the boundary between the
influencers and the targets.

3.4.6. Influence Maximization

The problem of influence maximization consists of finding the subset of nodes maxi-
mizing the influence on the social network’s population. To do that, we can apply brushing
on the selected nodes by the algorithm. If an algorithm returns a seed set S, it is possible to
see the influence coverage on the edge bundling graph by only plotting the influence edges
(u,v)ifu € S.

An example of such brushing is shown in Figure 3 below. This figure shows the
influence of the number of seeds on the information diffusion. The seeds are selected by
the Oracle Greedy algorithm, detailed in the next section. Logically, by adding more seeds
to the seed set, the number of nodes reached by the seed set increases. This can be seen by
the increasing number of plotted edges in the bundled case.

(b) -S| =2 (c)-Is| =3 (d)-|s| =4

Figure 3. Influence of the number of seeds selected on the targets influenced. The red nodes are the
influencers, and the blue nodes are the targets. The size of the nodes corresponds to the degree of the
nodes in the cascade graph. The color of the edges depends on the position of the origin node, as in
Figure 2. The different columns correspond to different numbers of selected seeds | S |. The layout is
a similarity layout with a weight_threshold of 0.8, an inter-node distance of k = 0.04, and 50 iterations.
The spread weakly increases when | S| < 3 before suddenly increasing with the addition of important
nodes to the seed set.

The first observation that can be made on all layouts is the direction of the spread on
the first seeds. What can be seen on the edge bundling graph is that the first seeds already
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influence the target through all the largest bundles of the diagram. The seed set reaches
targets in all directions.

The second observation that can be made thanks to the edge bundling visualization is
the difference in spread between the added seeds. In Figure 3b, we can see that the added
node does not participate much in the increase of the number of influenced nodes.

The following node added in Figure 3c spreads its influence in all branches and adds
more nodes.

4. Results & Findings
4.1. Introduction

Different layouts have been explored. Due to the weaknesses of the first four layouts,
we developed a layout based on the similarity between the feature vectors of the nodes.
Figure 2 compares the graph visualization with and without edge bundling. Acquiring
insights on the graph topology on the visualization without edge bundling is impossible.
The edge bundling techniques give some insights into the 3 cases.

The graph layouts in the unbundled cases are cluttered, which makes any interpreta-
tion impossible. The edge bundling technique applied to the different layouts gives clearer
visualizations of the relations between the nodes.

4.2. Comparison between Algorithms

We compare the results of the three following algorithms. Selecting the best-performing
nodes can be separated into two different tasks. An estimation task and an optimization task.

SGREEDYNN: This is our proposed method. This model is trained in the manner
explained in Figure 1. The model then infers the diffusion probability matrix of the network.

2STAGE: To prove the performances of the end-to-end learning on influence maxi-
mization, we train this model in a classical way. This model is trained to minimize the mean
square loss between the predicted and the ground-truth diffusion probability matrices.

ORACLEGREEDY: We also evaluate how well the two estimated matrices match up
with the actual diffusion probabilities. These actual probabilities are detailed in Equation
(1). To compare the performances, we directly execute the greedy algorithm on the ground-
truth diffusion probability matrix.

The optimization part of the task is the same in the three methods. The k nodes
constituting the seed set S are selected by a greedy algorithm. Thus, the difference in the
three methods is only in how to estimate the diffusion probability matrices.

We compare this visualization using edge bundling on the similarity layout in Figure 4
below. The edge bundling helps to determine which nodes the influencers are targeting.
The edge bundling shows that the first influencers to be added are targeting in every
direction. However, when the number of seeds increases, the behavior of our method
varies from the classical greedy algorithm. While the greedy algorithm continues to add
nodes influencing in every direction, the additional seeds added by our model seem to
focus on areas where the first seeds had low coverage. The difference between our method
and the two other models is visible in Figure 5 below.

For |S| =3, our method chooses three seeds having a high degree and far away
on the layout from each other (Figure 4b). The distance between the influencers informs
us that our model chooses diverse types of influencer profiles. The number of targets
influenced by the seed set is thus increased. Indeed, similar influencers may influence the
same targets; thus, different influencers have different sets of targets. This observation
contrasts with Figure 5a (OracleGreedy), where the selected nodes are small and close to
each other, creating an overlap in the influenced nodes.
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(a) - #followers (b) - #friends (c) - #activities

max

Figure 4. Distribution of nine different features on the similarity layout. For each figure, the brightest
color corresponds to the highest value, and the darkest color corresponds to the lowest value. The
layout used is the same as in Figure 3.

(a) - OracleGreedy, |S| = 3 (b) - SGreedyNN, |S| = 3 (c) - 2-Stage, |S| = 3

(d) - OracleGreedy, |S| =5 (e) - SGreedyNN, |S| =5 (f) - 2-Stage, |S| =5

Figure 5. Comparison between the three methods. The layout used is the same similarity layout

used in Figure 3. The three columns correspond to the three methods compared, and the two rows
correspond to two different values of initial number of seeds. They are the Oracle Greedy algorithm
in (a), our method SGREEDYNN in (b), and the classical 2-staged training method in (c). The red
nodes are the influencers, and the blue nodes are the targets. The size of the nodes correspond to the
degree of the nodes in the cascade graph. The color of the edges depends on the position of the origin
node. The two rows of the figure correspond to two different numbers of seeds selected. We can see
that the performances can greatly vary among the models. With one seed, the decision-focused model
already reaches a high number of targets, whereas the 2-Staged and the Oracle greedy algorithms
mainly choose small peripheral nodes.
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On the next line, corresponding to | S| =5, the differences between the performances
of the algorithm are less visible. The gap of influenced targets thus rapidly decreases.

The visualization techniques confirm the superiority of the SGREEDYNN model
compared to Oracle Greedy and the 2-staged classical learning. When the number of seeds
is very low, the edge bundling helps visualize the direction in which the seeds influence
the targets.

5. Conclusions & Future Work

In this study, we implemented an end-to-end method to learn the information diffusion
probabilities between users in a social network. Our model SGREEDYNN performs better
than the classical learning method. In addition, we developed visualization methods to
better compare and understand the influence of the social network. The performances
of our models have been confirmed by the visualization of the social network using
edge bundling.

The method presented here has different advantages compared to the numerical
performance metrics normally used in influence maximization. After a high-level analysis
of different layouts, we showed that edge bundling techniques applied to the training
dataset validated our method compared to the classical training.

Several limitations have been noted and could be investigated in future works. The
model can be tested with different types of data. In this work, the preprocessing of the social
network’s data modified the original topology by subsampling the influencers and targets
available. It may be interesting to test the visualization techniques on data subsampled
differently. In addition, similar social networks, such as Twitter for example, can also be
investigated to verify the results.

Different architectures of the model can be investigated. In this work, we only con-
sidered artificial neural networks, but this choice can be extended to different types of
machine learning models.

Concerning the visualization of the instances, interactivity could be added to facilitate
the brushing and the exploration of the graph.
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Appendix A. Features Used by the Models
Appendix A.1. List of Features

To estimate the information diffusion probabilities, our SGREEDYNN model uses the
following features. The first column contains u if the feature comes from the influencer, v if
it comes from the target, and u, v if it depends on both the influencer and the target. “#”
represents, “the number of”.

Appendix A.2. Example of Y

Here is an example of a Y matrix containing the diffusion probabilities p, , between
influencers u and targets v for a subsampling of 500 influencers and targets.
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Table Al. Features used for estimating the diffusion probability between two users (u, v).

User Feature

u # followers
u # friends
u # activities
u verified
u gender
u # cascades
# likes
# reposts
out-degree
PageRank
high-spread topic
med-spread topic
low-spread topic
# followers
# friends
# reposts
verified
gender
in-degree
PageRank
high-spread topic
med-spread topic
low-spread topic
social edge

I dddd I g I ST T ¥ T
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S|

)

Y[u,v]
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| N (3 - 00

Targets v

Figure A1. Example of a Y matrix used for visualization in this paper.
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Abstract: Emotion recognition is crucial in artificial intelligence, particularly in the domain of
human—-computer interaction. The ability to accurately discern and interpret emotions plays a
critical role in helping machines to effectively decipher users” underlying intentions, allowing for
a more streamlined interaction process that invariably translates into an elevated user experience.
The recent increase in social media usage, as well as the availability of an immense amount of
unstructured data, has resulted in a significant demand for the deployment of automated emotion
recognition systems. Artificial intelligence (AI) techniques have emerged as a powerful solution
to this pressing concern in this context. In particular, the incorporation of multimodal Al-driven
approaches for emotion recognition has proven beneficial in capturing the intricate interplay of
diverse human expression cues that manifest across multiple modalities. The current study aims
to develop an effective multimodal emotion recognition system known as MM-EMOR in order to
improve the efficacy of emotion recognition efforts focused on audio and text modalities. The use of
Mel spectrogram features, Chromagram features, and the Mobilenet Convolutional Neural Network
(CNN) for processing audio data are central to the operation of this system, while an attention-based
Roberta model caters to the text modality. The methodology of this study is based on an exhaustive
evaluation of this approach across three different datasets. Notably, the empirical findings show that
MM-EMOR outperforms competing models across the same datasets. This performance boost is
noticeable, with accuracy gains of an impressive 7% on one dataset and a substantial 8% on another.
Most significantly, the observed increase in accuracy for the final dataset was an astounding 18%.

Keywords: classification; MobileNet; Roberta; multimodal; emotion; recognition; IEMOCAP; MELD;
social media

1. Introduction

Correctly perceiving different people’s emotions is a key factor in proper communi-
cation. Emotional understanding makes social networking more natural by eliminating
ambiguity and helps interpret the conveyed messages effectively. Due to the importance
and complexity of emotions in conversations, emotion recognition has become one of
the vital fields of study applying artificial intelligence (AI) techniques. In addition, the
ubiquitous use of social networking services created further demand for automated content
and emotion analysis using machine learning, as it has become infeasible to analyze them
otherwise [1].

Emotion recognition has a wide range of applications in various fields such as robotics,
security, healthcare, automated identification, customer support call review, and lie detec-
tion. It also plays an essential role in improving human—computer interaction (HCI) [2]. It
can help the machines to take user feedback to enhance the user experience. The diversity
of the applications and the availability of big data volumes stipulate the significance of
developing novel approaches for emotion recognition. Emotional expression can be verbal
and non-verbal. The human perception of emotion involves capturing and analyzing facial
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expressions, speech text, and voice examination. Hence, automated emotion recognition
can bridge the gap between humans and machines [3].

Speech recognition has gained a lot of focus over the last decades. It is an important
research area for human-to-machine communication. Early methods focused on manual fea-
ture extraction and conventional techniques such as Gaussian mixture models (GMM) [4],
and Hidden Markov models (HMM) [5]. More recently, neural networks such as recurrent
neural networks (RNNSs) [6], and convolutional neural networks (CNNSs) [7] have been
applied to speech recognition and have achieved great performance.

In addition, emotion extraction from text is of huge importance and is an uprising
area of research in natural language processing. Recognition of emotions from text has
high practical utilities for quality improvement like in the field of HCI. Most works on it
have proposed solutions based on neural network techniques like LSTM [8], and CNN [9]
with adequate results.

Despite the extensive development of unimodal learning models, they still cannot
cover all the aspects of human interpretation of emotion. People present their emotions
with various modes of expression. The combination of speech and text analysis carries
the potential for improving emotion recognition [10]. Hence, in this study, a multimodal
emotion (MM-EMOR) analysis system is proposed to examine audio and text data.

While the MM-EMOR system uses well-established technologies such as MobileNet for
image data and ROBERTA for text data, we feel that its originality comes in the pragmatic
merging of various modalities. This integration, while seemingly simple, is motivated
by the desire for a more thorough knowledge of human emotions. Furthermore, our
motivation goes beyond the technological aspects. We envision MM-EMOR as a versatile
tool with far-reaching implications in disciplines such as mental health, human-computer
interaction, and beyond. The capacity to effectively recognize and interpret emotions can
improve our ability to communicate, empathize, and, eventually, improve the human
experience in an increasingly digital environment.

The proposed MM-EMOR is a collaborative effort to process and synthesize infor-
mation from a variety of modalities [11]. MM-EMOR uses a multimodal approach to
bridge the gap between these modalities, ushering in a new era of sophisticated emotion
recognition. The meticulously designed unimodal learning models are central to the ar-
chitecture of MM-EMOR, each of which is tailored to perform well within its respective
domain while still yielding competitive overall performance. Notably, the audio-based
model stands out as a standout component, harnessing the subtle nuances of emotions
via the complex interplay of Mel Spectrogram and Chromagram features. These audio
representations give each emotion a distinct identity, adding depth to our understanding
of emotional states. Furthermore, modalities are integrated using a seemingly simple
yet effective concatenation technique that harmoniously blends the insights gained from
audio and other modalities to achieve a robust multimodal emotion classification. The
proposed MM-EMOR system stands as a testament to its efficacy in the grand tapestry
of emotion recognition, as evidenced by its noteworthy performance that outperforms
existing benchmarks in the field.

The rest of this paper is organized as follows. In Section 2, we clarify the related work
which motivated and inspired the current study. In Section 3, we define the materials and
methods used in this study. In Section 4, the results of MM-EMOR and its comparison with
the state of the work are presented. Finally, conclusions are given in Section 5.

2. Related Works

Due to the importance of emotion recognition, many studies have been directed
toward improving the performance of emotion recognition systems. The studies employed
various deep learning methods and algorithms to distinguish human emotions [10,12,13].
Recently, Huddar et al. [14] proposed a cascaded approach for merging modalities, where
textual features were extracted using CNN, audio features using the openSMILE toolkit [15],
and visual features using 3D-CNN. They extracted the unimodal context using biLSTM and
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merged two modalities at a time to get the bimodal features. Similarly, biLSTM extracts the
bimodal context and merges it to get the trimodal features. The adopted approach makes
the complexity of the algorithm high. The IEMOCAP dataset [16] was used to train and
test their model, with four classes (happy, angry, sadness, and neutral).

Kumar et al. [17] made a combination of three kinds of acoustic features (Mel spec-
trogram, MFCC, and chroma vectors) and trained it by RNN. For lexical features, they
used the Bert model (bidirectional encoder representations from transformers), which is
a transformer-based machine-learning technique for natural language processing. After
that, they concatenated these features and used drop-out and dense layers to make the
prediction. The IEMOCAP dataset was used to verify the performance of their model, with
four classes (happy merged with excited, angry, sadness, and neutral).

Guo et al. [10] used BLSTM for text modality and audio modality, where the weights
between different modalities needed to be considered to obtain a richer comprehensive
emotional representation. As such, they used a weighted fusion layer. The IEMOCAP
dataset was used with four classes (happy, angry, sadness, and neutral).

Singh et al. [18] extracted 33 audio features (16 prosody-based, 16 spectral-based, and
one voice quality-based feature), in addition to the MFCC feature. For text, they used
ELMo, which is a state-of-the-art NLP framework developed by AllenNLP and trained on
the one Billion Word Benchmark. After being concatenated, they used the DNN model for
prediction. To test their model performance, they used the IEMOCAP dataset with classes
(happy merged with excited, angry merged with frustration, sadness, and neutral).

Wang et al. [19] proposed a new method called multimodal transformer augmented
fusion (MTAF) for SER. MTAF uses a hybrid fusion strategy that combines feature-level fu-
sion and model-level fusion. A model-fusion module composed of three cross-transformer
encoders was proposed to generate a multimodal emotional representation for modal
guidance and information fusion. Specifically, the multimodal features obtained by feature-
level fusion and text features were used to enhance speech features. Experiments were
implemented on the IEMOCAP dataset and the MELD dataset.

Zaidi et al. [20] proposed a multimodal dual attention transformer for cross-language
speech emotion recognition. The multimodal dual attention transformer combined two
attention mechanisms: one for the acoustic features of the speech signal called Roberta, and
one for the textual features called wav2vec. The proposed approach was evaluated on the
IEMOCAP dataset.

Canal et al. [21] provided a significant contribution to the field of facial expression
analysis. This study investigated novel ways of facial expression identification using state-
of-the-art machine learning algorithms and computer vision methodology. The research
looked at the development of deep learning models, namely convolutional neural networks
(CNNs), for extracting relevant characteristics from facial photos and accurately detecting
and classifying a wide range of emotional states. In addition, it covered the use of these
techniques in a variety of domains, highlighting their potential impact on fields such
as human—computer interaction, affective computing, and emotion-aware systems. The
insights and approaches described in this research are a significant resource for researchers
and practitioners interested in advancing the subject of facial expression analysis and its
practical applications.

The outlined related work shows promising results in emotion recognition, but some
limitations exist due to the nature of the used datasets like multimodal integration chal-
lenges. Combining information from different modalities (e.g., text, audio, video) into a
unified model can be complex and may introduce additional challenges [22]. This limitation
needs a powerful model to overcome this. Our approach involves training Roberta, a highly
performant natural language processing model, to extract textual features. Simultaneously,
for audio data, we applied a feature extraction process to obtain a set of powerful multiple
features from the acoustic domain. These features are then merged to capture complex
relationships between text and audio data.
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Another possible limitation is overfitting of emotion recognition models, particularly
deep learning models, which may overfit the training data, leading to high training accuracy
but poor generalization to new, unseen data [23]. We tried to overcome this by adding a
dropout layer and regularizer to avoid overfitting in our model.

Another characteristic challenge of the problem is continuous emotions where some
emotions are continuous and can vary in intensity, making it difficult to assign discrete
labels [24]. We used the Roberta model which can overcome this. Therefore, we propose
MM-EMOR an effective approach that can overcome these limitations.

3. Materials and Methods

MM-EMOR aims to analyze multimodal speech for emotion recognition. It merges
textual and audio modalities for this task. The proposed system’s architecture is described
in Figure 1, with textual- and audio-based emotion recognition modules. The system is
explained in detail in the following sections.

Textual Emotion Recognition

"What a song! I really enjoyed a lot™

Input Text
Roberta Model

Tokenizer Embedding Global Averaging Pooling

Audio-Based Emotion Recognition

Mel spectrogram ‘ Dense Layer
i
' Dropout Layer
Input Audio Predicition
‘Chromagram
L Mobilnet Model

Feature Extraction

Figure 1. The proposed MM-EMOR system.

3.1. Textual Emotion Recognition
Roberta

In this part, the textual emotion recognition model is described. The core pivotal
component of this module is the Roberta model. Facebook Al Research (FAIR) unveiled
the robust language model known as Roberta in 2019 [25].

The Bidirectional Encoder Representations from the Transformers (BERT) model [26],
another well-known NLP model, is referenced in the model’s name since it incorporates
many of BERT’s advantages. Its bidirectional context allows it to comprehend text com-
pletely, and it employs transfer learning to rapidly adapt to varied NLP tasks. BERT’s
contextual embeddings efficiently capture nuances, and its large-scale architecture allows
it to represent long-term dependencies.

To improve its functionality and sturdiness, Roberta is an improved version of the
BERT model that has several advantages. It employs a better training methodology, a larger
dataset, and data augmentation techniques. Roberta eliminates the next sentence predic-
tion (NSP) assignment from BERT’s training procedure and concentrates on successfully
predicting masked tokens. Typically, the model is trained on a larger dataset, resulting in
stronger contextual embeddings and increased performance on downstream NLP tasks.
Roberta requires less fine-tuning and is more generalizable across domains. Its repeatability
and consistent outstanding performance has made it a preferred choice for a wide range of
NLP applications.
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The training strategy is one significant difference between Roberta and BERT. BERT
was trained with a masked language modeling (MLM) objective, whereas Roberta uses a
version known as “dynamically masked language modeling” (DMLM). Instead of randomly
masking words during training, DMLM trains the model on a vast volume of unlabeled text
with no masks. This allows for improved generalization by exploiting the entire context of
the text.

Roberta also has a larger training corpus than BERT, which includes both in-domain
and out-of-domain data. It is trained using large amounts of text data from books, websites,
and Wikipedia. Due to the thorough pretraining, the model can learn a wide range of
linguistic patterns and semantic correlations. We used the Roberta-Base model which has
12 layers of the transformer model as shown in Figure 2. We selected a token length of 1000
due to the inherent characteristics of our datasets, characterized by the presence of lengthy
text sentences. In addition, longer token lengths can lead to longer training times, so there
is often a trade-off between training duration and model performance. A token length of
1000 tokens might strike a reasonable balance.

Encoder

f_( Normaliz?ion Layer J 12 ( Encodar )

( e F:"ward ) 3 ( Encoder )
- i

2 ( Encod )
r—i( Normalization Layer ) nc% er

( Multi-Head Attention ) 1 ( RN )
T 11 ‘ ’
—_— -——
q J Roberta Base

Figure 2. Roberta model architecture.

3.2. Audio-Based Emotion Recognition
3.2.1. Feature Extraction

Audio signals are dynamic and multidimensional; they are difficult to analyze and
comprehend. They are comprised of temporal, spectral, and frequently harmonic data.
Variations in pitch, timbre, rhythm, and dynamics, as well as the existence of background
noise and transitory occurrences, add to the complications. Audio signals can also transmit
emotions, intentions, and cultural nuances, adding another degree of complication to their
interpretation. Two main feature representations were emphasized to capture different
features of these signals: spectrograms and chromagrams.

Mel spectrogram features are extracted from the audio signals. The extracted features
are well suited to the task of emotion recognition [27,28]. Each frame of the spectrum in the
Mel spectrum contains a short-time Fourier transform (STFT), which maps the signal from
a linear frequency scale to a logarithmic Mel scale. After that, it is applied to the filter bank
to produce the eigenvector, whose eigenvalues can be roughly described as the distribution
of signal energy on the Mel-scale frequency. To extract audio features, we used Librosa [29]
to extract the Mel spectrogram features, which were converted into a 2D image.
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To train the convolutional neural networks (CNN) for recognition, the generated Mel
spectrogram-based 2D images were input to the network. In Figure 3, we show some
examples of Mel-spectrogram images of various emotions. As can be seen from the figure
below, there are evident differences between various types of emotions. After representing
the audio data as an image, MobileNet CNN was used to model the data and perform the
emotion classification task.

Happiness

Neutral Sadness

Figure 3. Differences between classes Mel spectrogram.

The chromagram is a characteristic that is extensively utilized in audio signal process-
ing, including Al and machine learning applications. It depicts the distribution of energy
in different frequency bands or pitches in an audio signal over time.

A chromagram is a two-dimensional representation of an audio signal in which time
is represented horizontally and frequency bands are shown vertically. It is frequently
estimated using the short-time Fourier transform (STFT) approach, which analyzes an
audio signal’s spectrum over short overlapping time periods.

The chromagram’s vertical axis is often quantized into a given number of bins, each
representing a specific pitch or frequency range.

To generate a chromagram, an audio signal is separated into frames or windows, and
the frequency content of each frame is analyzed using the STFT. The generated spectrum is
then mapped to the correct chroma bins by grouping frequencies in the same pitch.

In Al and machine learning problems such as audio classification, chromagrams are
frequently employed as a feature representation. Chromagrams can capture the underlying
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musical structure, tonality, and chord progressions in an audio signal by describing it in
terms of its harmonic content.

Once computed, the chromagram can be utilized as an input feature for machine
learning methods such as convolutional neural networks (CNNs) as an image. These
models can learn to recognize patterns and extract meaningful information from chroma-
gram representations.

Figure 4 shows the difference between emotions. We used Librosa to extract chroma-
gram features and merged them with the Mel-spectrogram to use it to train the MobileNet
CNN model.

4

Neutral Sadness

Figure 4. Differences between classes chromagram.

3.2.2. MobileNet

For the purpose of audio classification, we opted for a 2D image-based approach over
1D audio-based classification due to several compelling reasons. Firstly, 2D image-based
classification is useful when working with audio data that can be converted into spec-
trograms. Spectrograms provide a comprehensive representation of essential temporal
and frequency domain information, making them ideal for image-based classification
applications. This approach is commonly used in speech recognition and sound analysis
applications. Secondly, using 2D image-based techniques has the great advantage of utiliz-
ing pre-trained image classification models, particularly convolutional neural networks
(CNNSs). This not only saves time and computing resources but also takes advantage of the
amount of knowledge contained inside well-established image models. It is important to
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note that Solovyev et al. [30] conducted a comparative study and similarly advocated for
the 2D image-based approach, achieving better results in comparison to 1D audio-based
methods. We chose to use mobilNet model for audio classification.

MobileNet was first introduced in 2017 by Howard et al. [31], MobileNet is an efficient
and portable CNN architecture, which is a sub-category of neural networks and is currently
one of the most efficient image classification models. MobileNet is used to build lighter
models by using depth-wise separable convolutions in place of the standard convolutions
used in earlier architectures. MobileNet introduces two new global hyperparameters (width
multiplier and resolution multiplier) that allow model developers to trade off latency or
accuracy for speed and small size depending on their requirements.

The MobileNet model is primarily based on depth-wise separable convolutions that
are a shape of standard convolution right into a depth-wise convolution, which is a type of
convolution where we apply a single convolutional filter for each input channeland a1 x 1
convolution known as a pointwise convolution. The pointwise convolution then applies
al x 1 convolution to combine the outputs of the depth-wise convolution as shown in
Figure 5.

3 X3 Conv 2 X DW Conv 2XDW Conv 2XDW Conv 6XDW Conv DW Conv
112X 112X32 56X 56 X 64 28X 28X 128 14 X 14X 256 7X7X512 7X7X1024

.
.
- . - _> /
P

FC

Avg Pool 1X1X1024
7X7X1024

Softmax

Input
224X224X3

Figure 5. MobileNet architecture.

A standard convolutional layer takes as input a D x Dp X M feature map F and
produces a Dr x Dp x N feature map G where:

Dr is the spatial width and height of a square input feature map.

M is the number of input channels (input depth).

Dg is the spatial width and height of a square output feature map.

N is the number of output channels (output depth).

The standard convolutional layer is parameterized by convolution kernel K of size
Dg x Dg x M x N where:

Dk is the spatial dimension of the kernel assumed to be square.

M is the number of input channels.

N is the number of output channels as defined previously.

Standard convolutions have the computational cost of Dg - Dx - M - N - Dr - Dr

Depthwise convolution has a computational cost of Dg - Dx - M - D - Dp

The combination of depthwise convolution and 1 x 1 (pointwise) convolution is called
depthwise separable convolution, which was originally introduced in [32].

Depthwise separable convolution costs are Dx - Dx - M - D - Dp + M - N - D - Dr
which is the sum of the depthwise and 1 x 1 pointwise convolutions.
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By expressing convolution as a two-step process of filtering and combining, we get a
reduction in the computation of:

Dg-Dg-M-Dp-Dp + M-N-Dp-Df 1 1

=+ = 1
Dy -Dx-M-N-Dr-Dr N D2 @)

MobileNet uses 3 x 3 depthwise separable convolutions which use between 8 to
9 times less computation than standard convolutions.

3.3. Concatenation and Prediction

After taking the output from the Roberta model, we used a global averaging pooling
1D layer to preprocess the data to concatenate with the MobileNet model. After concatena-
tion, we used a dense layer with a ReLU activation function.

We also added a regularizer to avoid overfitting in our model. regularizers are
techniques used to prevent overfitting, which occurs when a model fits the training data
too closely and fails to generalize well to new, unseen data. Regularization helps improve a
model’s ability to generalize by adding a penalty term to the loss function, discouraging
overly complex or extreme parameter values. This makes the model more robust and less
prone to overfitting.

After this, we added a dropout layer with a drop probability of 0.3 to avoid overfitting.
The outputs of the dense and dropout layers were finally used to predict the probabilities
of the emotion classes. The proposed model was trained using the Adam optimizer [33]
and relies on categorical cross-entropy for the loss metric.

4. Results and Discussion

In this section, a detailed evaluation of MM-EMOR performance on different datasets
is performed.

4.1. Dataset

In this study, publicly available well-studied datasets were chosen to test the per-
formance of the presented multimodal approach, namely Tweeteval [34], Multimodal
Emotion Lines Dataset (MELD) [35], and the Interactive Emotional Dyadic Motion Capture
(IEMOCAP) [16]. The chosen datasets allow comparison with state-of-the-art performance.

4.1.1. Tweeteval Dataset

Tweeteval [34] is used to analyze people’s emotions on social networks and determine
the success of the proposed model to recognize emotions from textual data. Tweeteval [34]
consists of seven heterogeneous tasks in Twitter, all framed as multi-class tweet classifi-
cations. The tasks include irony, hate, offensive, stance, emoji, emotion, and sentiment.
All tasks have been unified into the same benchmark, with each dataset presented in the
same format and with fixed training, validation, and test split. The number of labels and
instances in training, validation, and test sets for each task is shown in Table 1.

Table 1. Tweeteval dataset stratification for the used classes.

Task Number of Classes Train Val Test
Emotion 4 3257 374 1421
Hate 2 9000 1000 2970
Irony 2 2862 955 784
Offensive 2 11,916 1324 860
Sentiment 3 45,389 2000 11,906
Stance 3 2620 294 1249
Emoji 20 45,000 5000 50,000
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4.1.2. IEMOCAP Dataset

The Interactive Emotional Dyadic Motion Capture (IEMOCAP) database [16] is an
acted multimodal and multi-speaker database, recently collected at the SAIL lab at the
University of Sothern California (USC). It contains approximately 12 h of audiovisual data,
including video, speech, motion capture of face, and text transcriptions. Our experiments
will focus on speech and text transcriptions modalities. The dataset contains 9 classes
namely anger, happiness, excitement, sadness, frustration, fear, surprise, other, and neutral.

The most commonly used classes in the literature are anger, happiness, sadness, and
neutral. Hence, they will be used in our experiments. In addition, due to the small number
of happiness class records, some of the related studies merged happiness with excitement.
As such, we will be reporting the merged results. The merging of emotion classes has been
done based on Plutchik’s wheel of emotions [36]. The number of records in each class is
shown in Table 2.

Table 2. IEMOCAP dataset stratification for the used classes.

Classes Happiness Anger Sadness Neutral
Happiness, anger, sadness, and neutral 595 1103 1084 1708
Happiness + excitement, anger, sadness, and neutral 1636 1103 1084 1708
4.1.3. MELD Dataset
The Multimodal Emotion Lines Dataset (MELD) [35] has more than 1400 dialogues
and 13,000 utterances from the Friends TV series. Multiple speakers participated in the
dialogues. Each utterance in dialogue has been labeled by any of these seven emotions:
anger, disgust, sadness, joy, neutral, surprise, and fear. MELD also has sentiment (positive,
negative, and neutral) annotations for each utterance. The number of records in each class
is shown in Table 3.
Table 3. MELD dataset stratification for the used classes.
Classes Surprise Neutral Fear Joy Sadness Disgust Anger
Train 1205 4710 268 1743 683 271 1109
Test 281 1256 50 402 208 68 345
Validation 150 470 40 163 111 22 153

The proposed model was evaluated on these datasets. For all training and testing
purposes, networks from the Keras library for Python were implemented. For IEMOCAP,
tests were performed using 5-fold cross-validation, for Tweeteval and MELD, we used test
records on the dataset.

4.2. Performance Measures

The performance of MM-EMOR was evaluated using the following evaluation metrics:
accuracy, precision, recall, and F1-score. The expression of these metrics is given as follows:

e  Unweighted accuracy is just the proportion of correctly predicted observations to all

. TP+TN
observations. tprEpTNTEN

e  Weighted accuracy takes into account the class-specific accuracy and assigns differ-
ent weights to each class based on their importance or prevalence in the dataset.
L (Wi x acci) /L Wi

e  Recall is a metric for how well a model detects true positives. TPT%N

e  Precision is the ratio of accurately anticipated positive observations to all actual class

. TP
observations. TOEP

Precision x Recall

e  Fl-score is the weighted average of precision and recall, weighted. 25222 2y
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4.3. Performance Evaluation

The training of the models takes a maximum of 30 epochs. The results are reported as
the best mode reached.

4.3.1. IEMOCAP Dataset

Figure 6 and Table 4 show the confusion matrix and the results of (anger, happiness,
neutral, and sadness) classes on the IEMOCAP dataset with our performance metrics.
Each metric for a given modality generates different values for every emotion. The anger
emotion has the best value of precision of 90%. For recall, neutral has the best value of 82%.
Otherwise, in the F1-score anger has the best value of 85%.
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Figure 6. Confusion matrix for IEMOCAP (anger, happiness, neutral, and sadness) on the text and

audio modalities.

Table 4. Classification report results for the IEMOCAP (anger, happiness, neutral, and sadness) on
the text and audio modalities in the function of (precision, recall, and F1-score).

Classes Precision Recall F1-score
Anger 0.90 0.80 0.85
Happiness 0.73 0.66 0.69
Neutral 0.68 0.82 0.74
Sadness 0.81 0.73 0.77

Figure 7 and Table 5 show the confusion matrix and the results of (anger, happiness
merged with excitement, neutral, and sadness) classes on the IEMOCAP dataset. Happiness
and sadness emotions have the same value of precision of 84%. Recall anger has the best
value of 82%. In the F1-score, anger also has the best value of 82%.
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Figure 7. Confusion matrix of [IEMOCAP (anger, happiness merged with excitement, neutral, and
sadness) on the text and audio modalities.

Table 5. Classification report results for the IEMOCAP (anger, happiness merged with excitement, neutral,
and sadness) on the text and audio modalities in the function of (precision, recall, and F1-score).

Classes Precision Recall Fl1-score
Anger 0.81 0.82 0.82
Happiness 0.84 0.76 0.80
Neutral 0.59 0.73 0.66
Sadness 0.84 0.74 0.79

According to Table 6, the model has an accuracy of 77.06% in (happiness, anger,
sadness, and neutral) classes, otherwise it has an accuracy of 76.22% in (happiness merged
with excitement, anger, sadness, and neutral) classes.

Table 6. Accuracy results of the IEMOCAP dataset.

Classes UA WA
Happiness, anger, sadness, and neutral 0.7706 0.7792
Happiness + excitement, anger, sadness, and neutral 0.7622 0.7705

In Figure 8 the training accuracy versus epochs of the IEMOCAP dataset in using
happiness, anger, sadness, and neutral classes is visualized. In Figure 9, the training
accuracy versus epochs is illustrated, but for happiness and excitement, anger, sadness,
and neutral classes. The figures elucidate improving accuracy with the increasing number
of epochs, indicating the potential of the approach to model the data.
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Figure 9. Training and validation accuracy versus epochs in happiness merged with excitement,
anger, sadness, and neutral classes of IEMOCAP.

4.3.2. MELD Dataset

For the MELD dataset, Figure 10 and Table 7 show its confusion matrix and results.
Neutral emotion has the best value of precision of 92%. Recall sadness has the best value of
92%. Otherwise, the Fl-score for neutral has the best value of 74%, and the model has an
accuracy of 63.33%. Figure 11 illustrates the training accuracy versus epochs on the MELD
dataset, where the validation accuracy continues to rise with the training epochs.
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Figure 10. Confusion matrix of the MELD dataset.

Table 7. Classification report results for the MELD on the text and audio modalities in the function of
precision, recall, and F1-score and accuracy of the model.

Classes Precision Recall F1-score Accuracy
Anger 0.37 0.57 0.45
Disgust 0.37 0.83 0.51
Fear 0.46 0.82 0.59
Joy 0.31 0.64 0.42 0.6333
Neutral 0.92 0.62 0.74
Sadness 0.35 0.92 0.51
Surprise 0.46 0.70 0.55
—— accuracy
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Figure 11. Training and validation accuracy versus epochs in MELD.
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4.3.3. Tweeteval Dataset

For the Tweeteval dataset, Figure 12 shows the confusion matrix for each task in
the dataset. (a) Refers to emotion which includes four classes (anger, joy, optimism, and
sadness); (b) hate which includes two classes (non-hate and hate); (c) irony also has
two classes (non-irony and irony); (d) offensive includes two classes (non-offensive and
offensive); (e) sentiment which includes three classes (negative, neutral, and positive);
(f) stance also has three classes (none, against, and favor); and (g) emoji which includes
twenty classes (red heart, smiling face with heart eyes, face with tears of joy, two hearts,
fire, smiling face with smiling eyes, smiling face with sunglasses, sparkles, blue heart,
face blowing kiss, camera, united states, sun, purple heart, winking face, hundred points,
beaming face with smiling eyes, Christmas tree, camera with flash, and winking face
with tongue).
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Figure 12. Confusion matrix for (a) emotion, (b) hate, (c) irony, (d) offensive, (e) sentiment, (f) stance,
and (g) emoji in the Tweeteval dataset.
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Table 8 shows the classification report for each task in the Tweeteval dataset. The
offensive has the best average precision of 68%, 74% for average recall, and 70% for average
F1 score. For accuracy, offensive task also has the best value of 78.26%. All results depend
on text-only modality due to the data available in the Tweeteval dataset.

Table 8. Classification report results for the Tweeteval on the text and audio modalities in the function
of precision, recall, and F1-score and accuracy of the model.

Task Average Precision Average Recall Average F1 Score Accuracy
Emotion 0.59 0.69 0.61 0.6806
Hate 0.54 0.59 0.44 0.4835
Irony 0.64 0.64 0.64 0.6543
Offensive 0.68 0.74 0.7 0.7826
Sentiment 0.51 0.56 0.51 0.5539
Stance 0.5 0.5 0.5 0.5677
Emoji 0.22 0.27 0.21 0.3701

In Figure 13, we visualize the training accuracy versus epochs of the Tweeteval dataset
in each task. (a) Refers to emotion, (b) to hate, (c) to irony, (d) to offensive, (e) to sentiment,
(f) to stance, and (g) to emoji.
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Figure 13. Training and validation accuracy versus epochs in (a) emotion, (b) hate, (c) irony,
(d) offensive, (e) sentiment, (f) stance, and (g) emoji tasks in the Tweeteval dataset.
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4.4. Comparison with State-of-the-Art Methods

We conducted an insightful investigation into the effectiveness of different feature
representations within our model. We encountered a challenge in this regard due to the
necessity of converting audio data into an image format suitable for training with the
MobileNet model. This conversion was essential to align with the model architecture’s
requirements. As a result, we were unable to freeze the entire feature extraction process as
it was integral to this conversion. As such, we examined the Mel spectrogram feature in
isolation and compared it to the chromagram feature, both of which are commonly used
representations for audio analysis. And presented in state-of-the-art comparison tables as
Ours (Mel spectrogram) and Ours (chromagram). Our experimentation unveiled interest-
ing findings. While both representations yielded promising results, the Mel spectrogram
exhibited a slight advantage in terms of performance, signifying its greater discrimina-
tory power in capturing essential acoustic characteristics. Intriguingly, when we merged
these two features within our model, the outcomes were notably enhanced. This merg-
ing harnessed the complementary strengths of the Mel spectrogram and chromagram,
resulting in a richer and more detailed feature set for training. Our findings highlight the
significance of feature selection in optimizing model performance for audio-based tasks,
emphasizing the benefits of leveraging a combination of feature representations to enhance
the discriminative capacity of our model.

To further verify the competitiveness of MM-EMOR, it was compared to state-of-
the-art methods. Our approach achieved higher accuracy, as shown in Table 9, for anger,
happiness, neutral, and sadness classes in the IEMOCAP dataset. The increase in accuracy
was up to 7%. Table 10 also shows that our approach achieved higher accuracy, up to 7%,
for anger, happiness merged with excitement, neutral, and sadness classes. The consistent
performance of MM-EMOR across different scenarios proves the strength and robustness
of our multimodal emotion recognition system.

Table 9. Comparison of our proposed approach with state-of-the-art (anger, happiness, neutral, and
sadness) classes on the IEMOCAP dataset.

Methods UA WA
H.Xu et al. [12] 0.709 0.725
Guo et al. [10] 0.725 0.719
Zaidi et al. [20] 0.756 -
Ours (Chromagram) 0.761 0.769
Ours (Mel spectrogram) 0.766 0.775
Huddar et al. [14] 0.766 -
Wang et al. [37] 0.77 0.765
Ours 0.771 0.779

Table 10. Comparison of our proposed approach with state-of-the-art (anger, happiness merged with
excitement, neutral, and sadness) classes on the [IEMOCAP dataset.

Methods UA WA

S. Sahoo et al. [38] 0.687 -
H. Feng et al. [39] 0.697 0.686

S. Tripathi et al. [13] 0.697 -
Ours (Chromagram) 0.744 0.753
Kumar et al. [17] 0.750 0.717
Ours (Mel spectrogram) 0.759 0.767
Setyono et al. [40] 0.76 0.76
Ours 0.762 0.771

We also compared our proposed approach with other state-of-the-art methods for the
MELD dataset in Table 11. MM-EMOR offered higher accuracy with a difference ranging
from 0.1% to 8.5%.
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Table 11. Comparison of our proposed approach with state-of-the-art MELD dataset.

Methods Accuracy
Wang et al. [19] 0.481
Guo et al. [10] 0.548
Wang et al. [41] 0.558
Ours (Chromagram) 0.588
Ours (Mel spectrogram) 0.592
Lian et al. [42] 0.62
Ho et al. [43] 0.632
Ours 0.633

For the Tweeteval dataset, we compared our model with other state-of-the-art methods.
The results in Table 12 show that our approach achieved higher accuracy in emotion, emoji,
and offensive tasks. The best UA improvement was obtained with the emoji task with an
outstanding increase of 17.94%, followed by the offensive task scoring a 4.5% improvement.
A similar performance was attained for the irony task. However, a performance gap exists
for the hate, sentiment, and stance tasks. To this end, further tuning needs to be applied to
enhance the performance.

Table 12. Comparison of our proposed approach with state-of-the-art Tweeteval dataset.

Methods Emotion Hate Irony Offensive Sentiment Stance Emoji
Lietal. [1] 0.6770 0.5950 0.6667 0.7371 0.6143 0.6756 0.1907
Ours 0.6806 0.4835 0.6543 0.7826 0.5539 0.5677 0.3701

The state-of-the-art comparison shows that the IEMOCAP dataset achieves great
results compared to other models, and Tweeteval too. The MELD dataset also achieved
great performance compared to others but, in general, it achieved low accuracy because
of the data collected from TV-shows which includes audience laughing and cinematic
processing, so the data is not clear. In the case of Tweeteval, the observed accuracy is
slightly lower, which can be attributed to the nature of social media data, known for its
prevalence of human errors and incorrect text. This observation can be attributed to the
inherent characteristics of the dataset at hand, which is exclusively comprised of text data
and thus qualifies as an unimodal dataset. Unimodal datasets inherently possess a certain
degree of simplicity in comparison to their multimodal counterparts, where the fusion of
diverse data modalities can introduce added complexity.

A noteworthy finding concerns the length of the training process across the datasets.
The training and feature extraction duration on the IEMOCAP dataset was 242 min, indi-
cating the comprehensive nature of the model’s learning process. On the MELD dataset, a
similar pattern emerged, with the training phase lasting 325 min. Notably, the Tweeteval
dataset deviated from this pattern, necessitating a 49-min training time. Furthermore, the
execution time required to process a single instance is an important metric of efficiency.
This metric was low at 19.9, 16.9, and 0.51 milliseconds for IEMOCAP, MELD, and Tweet-
eval, respectively, thus highlighting the computational efficiency that characterizes the
MM-EMOR system’s real-time functionality. To train our model, we used the capabilities
of cloud computing infrastructure. The hardware requirements used in this cloud-based
environment were Nvidia V100 GPU, which is well-known for its performance in deep
learning applications, to expedite model training, and 52 gigabytes of RAM, which pro-
vided adequate memory resources to meet the complex needs of our training datasets. We
used an 8-core CPU to support these computational operations.

5. Conclusions

In conclusion, the MM-EMOR system emerges as a promising forerunner of advanced
emotion recognition capabilities in the context of multimodal data processing. The inge-

117



Big Data Cogn. Comput. 2023, 7, 164

nious concatenation of preprocessed audio data, harnessed via the Mobilenet Convolutional
Neural Network, with textual insights gleaned from the Roberta model is a key component
of this system. This approach has been thoroughly examined and validated across three
distinct benchmark datasets, each representing a distinct aspect of the emotion recognition
landscape. The interactive emotional dyadic motion capture (IEMOCAP) dataset, the multi-
modal emotion lines dataset (MELD), and the Tweeteval dataset are among these. Notably,
the last dataset only contains textual modality but includes seven experimental scenarios,
showing the MM-EMOR system’s versatility. MM-EMOR consistently outperformed its
state-of-the-art counterparts by a significant margin across this broad spectrum of eval-
uation. In the case of the IEMOCAP dataset, MM-EMOR achieves improved accuracy,
with gains ranging from 0.1% to an impressive 7%. Similarly, the MELD dataset sees an
increase in accuracy ranging from 0.1% to 8.5%. The most impressive progress is seen in
the Tweeteval dataset, where MM-EMOR achieves an astonishing 18% increase in accuracy.
These findings highlight the approach’s profound potential in the domain of social media
analysis, implying that it should be expanded to include facial gesture recognition within
videos, a path that promises to usher in a more comprehensive understanding of human
emotions.
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Abstract: This research underscores the profound implications of Social Intelligence Mining, notably
employing open access data and Google Search engine data for trend discernment. Utilizing ad-
vanced analytical methodologies, including wavelet coherence analysis and phase difference, hidden
relationships and patterns within social data were revealed. These techniques furnish an enriched
comprehension of social phenomena dynamics, bolstering decision-making processes. The study’s
versatility extends across myriad domains, offering insights into public sentiment and the foresight
for strategic approaches. The findings suggest immense potential in Social Intelligence Mining to
influence strategies, foster innovation, and add value across diverse sectors.
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1. Introduction

The importance of social trend mining lies in its ability to provide stakeholders with
a deep understanding of user behavior, preferences, and sentiments. By leveraging the
vast amount of data available from the internet including search engines, businesses gain
real-time insights into market dynamics, consumer trends, and competitive intelligence.
These data also have a high potential to inform research in the public interest.

Big Data Analytics using available information provided by various search engines
(for instance, Google) has opened a new golden opportunity [1,2]. In addition, such an
approach can also be used to measure people’s engagement, priority, and sentiment over
time. For example, Google Trends [3] allows users to analyze the popularity of keywords
and phrases on Google over time. It can be used for a variety of purposes, including
analyzing public opinion, tracking the spread of information and news, and identifying
trends in consumer behavior. Here are a few examples of studies that have used Google
Trends data. For instance, Google Trends data has been used to predict the GDP growth
in the United States [4]; Google Trends data was utilized to analyze tourism demand in
various countries [5]; ref. [6] used Google Trends data to predict stock market returns in
China; and [7] used Google Trends data to predict the spread of infectious diseases. These
are just a few examples; there are many more studies and articles that have used Google
Trends data in various ways (see, for example, [8-17]).

The landscape of online networks and interaction mediums has been significantly
transformed by the advent of social media platforms. Unlike their predecessors, social me-
dia platforms exhibit distinctive characteristics such as openness, participatory dynamics,
flexibility, robustness, and creativity. These platforms, akin to real-life social networks, es-
tablish virtual connections between individuals, giving rise to the small-world phenomena
that characterize them (see, for instance, [18-25]. Recent statistics reveal that the average
social media user maintains 8.4 active accounts and dedicates around 145 min daily to
engaging across various social media platforms. Amidst this vibrant virtual environment,
numerous challenges have emerged concerning the extraction and analysis of content
generation, modification, and dissemination across diverse topics on social media. This
paper draws on a recent review [26] and various other sources [27-33] to delve into the
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multifaceted challenges inherent in social media mining and analysis, shedding light on
the complexities of understanding and navigating this dynamic landscape.

The novelty of this paper lies in its innovative approach to social trend mining, which
leverages open access data and Google Search engine data to provide comprehensive
insights into user behavior, and trend identification. By integrating time series analysis
and advanced analytical methods, this paper offers a fresh perspective on understanding
and harnessing social data for decision making. Furthermore, this paper introduces the
novel application of wavelet coherence analysis and phase difference to uncover hidden
relationships and patterns within social data, enhancing our ability to identify leading and
lagging trends. This unique combination of methodologies and its adaptability to various
domains make the paper a pioneering contribution to the field of social trend mining.

The ability to identify leading and lagging trends, perform trend analysis, and dif-
ferentiate noise from meaningful events provides organizations with a powerful tool for
informed decision making, proactive strategy formulation, and effective risk management.

The next section presents the methodology, which consists of two subsections: trend
extraction based on indexed time series and coherence analysis between two time series.
These methodologies are employed to explore the applicability of the proposed approach
using real data extracted from Google Search.

The first subsection focuses on trend extraction based on indexed time series. By
utilizing indexed time series data, trends can be identified and analyzed. This approach
allows for the examination of temporal patterns and variations in search interest over
time. The indexed time series data, obtained from Google Search data, serve as a valuable
resource for trend analysis and provide insights into societal interests and preferences.

The second subsection delves into coherence analysis between two time series. This
analysis explores the association between two time series, considering both time and
frequencies. By examining the coherence between the two series, it becomes possible to
understand the degree of similarity and correlation between them. This analysis provides
valuable information about the interconnectedness and potential causal relationships
between different social phenomena.

To evaluate the proposed approach, real data extracted from Google searches are
utilized. These data represent actual search queries made by individuals, reflecting their
interests and concerns. By employing this real-world data, the applicability and effec-
tiveness of the methodology can be assessed, providing valuable insights into social
intelligence mining.

2. Methodology and Methods

The methodology section of this paper briefly describes a trend extraction approach
based on indexed time series and an approach to coherence analysis between two time series.
By utilizing real data from Google Search, the proposed approach can be evaluated and its
effectiveness in uncovering trends and associations can be assessed. These methodologies
serve as powerful tools for exploring and analyzing social phenomena, offering valuable
insights into the dynamics of our ever-evolving society.

2.1. Trend Analysis

Search engine trend analysis has emerged as a valuable technique for gaining insights
into user behavior, sentiment analysis, and trend identification. Among various search
engines, Google Trends stands out as a prominent platform that provides a vast amount of
data, which can be utilized for time series analysis and opinion mining of individuals.

By monitoring the frequency of searches related to specific keywords over time,
researchers can obtain valuable insights into the popularity and dynamics of various topics.
This data can be leveraged for time series analysis techniques, such as trend identification,
seasonality detection, and forecasting. The data extracted from Google Trends data provides
not only quantitative information but also a glimpse into public sentiment and opinions.
By analyzing the content of search queries and associated search results, researchers can
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gain insights into the preferences, concerns, and sentiments of individuals. Opinion mining
techniques, such as sentiment analysis and topic modeling, can be applied to extract
meaningful insights from this data, enabling a deeper understanding of public opinion on
specific subjects.

To facilitate trend analysis and comparison across different topics, the concept of
creating indices based on selected keywords can be used. These indices capture the
relative popularity or interest in specific topics over time. The formula for creating indices
can be adjusted based on the desired characteristics and data normalization techniques.
Two common types of indices are:

(a) Univariate Google Trend Index: This index represents the search interest for a
single keyword or topic. It is calculated by normalizing the search volume or frequency
for the chosen keyword over a specific time period. Normalization techniques, such as
dividing by the maximum search volume or using z-scores, can be employed to standardize
the data and make it comparable.

(b) Multivariate Google Trend Index: This index captures the comparative popularity
of multiple keywords or topics. It involves selecting a set of keywords of interest and
calculating the search volume or frequency for each keyword.

By utilizing these indices, researchers and practitioners can gain a comprehensive
view of the relative popularity and trends associated with different keywords or topics over
time. This enables them to identify emerging trends, track public sentiment, and compare
the performance of various keywords or topics within their respective domains.

2.2. Lead and Lag Analysis

A wavelet transform is used to transform time series with complex periodic behavior
to simplified signals, each of which has simple periodic behavior (with a single period).
From a mathematical point of view, a wavelet transform is a generalization of Fourier
transform. A Continuous Wavelet Transform, CWT, uses a mother wavelet function ¢(-) to
transform a discrete-time time series {y; }} to wavelet coefficients Wy {y}(7,s), for the time
localizing parameter T and the scale parameter s.

2.2.1. Univariate Case

The wavelet coefficients Wy {y} (7, s) are defined as a convolution of time series {y; }{
with the localized mother wavelet ¢(-) (named child wavelet), localized in time and
frequency space by T and s [34]:

Wyl ms) = E 2 9(50).

where 9 (+) is the complex conjugate of the mother wavelet (-). The localization parameter
T exhibits periodic behavior over time, while the scale parameter s localizes the periodic
behavior in the frequency domain. When the scale parameter s has larger values, this
indicates long-term periodic behavior with low frequency. On the other hand, smaller
values of the scale parameter s reveal details in short-term periodic patterns with higher
frequencies. One commonly used choice for the mother wavelet is the Morlet wavelet [33],
which is formulated as follows:

2 /.
P(t) = com exp{—z} (em - Kw)/
where w is the angular frequency, and «, and ¢, are constants defined as:

1.2
L, W
LK = e 29,

NI

Cw = (1 + e Ze*%‘”z) -

The w = 6 is a proper choice for the angular frequency since it makes the Morlet
wavelet approximately analytic. Large absolute values of Wy {y}(7,s) indicate powerful
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periodic patterns in time T and period s. The wavelet coefficients can be used to construct
the wavelet power spectrum of time series {yt}?:

Powery{y}(t,s) = %|W¢{y}(r,s) ‘2

The wavelet power spectrum, denoted as Powery{y}, is a valuable tool for mapping pe-
riodic patterns in a given time series over time. To assess the significance of the wavelet
power spectrum, it can be compared against the white noise spectrum using either the
asymptotic chi-square statistic [34] or Monte Carlo simulation [35]. The Monte Carlo simu-
lation approach is employed for evaluating the significance of the wavelet power spectrum.

2.2.2. Bivariate Case

Let us now consider the time series {x;}| and {y;}{ as the bivariate case. A cross-
wavelet transform can be used to investigate the relationship between {x;}} and {y;}] [34]:

Wolxy}(1,) = Wy (x}(z,5) Wy{y} (x,5),

where W denotes a complex conjugate and Wy {x}(7,s) and Wy{y}(7,s) are the wavelet
coefficients in CWT of {x}] and {y;}}, respectively. The wavelet cross power spectrum,
as modulus of wavelet coefficients, can be used to map the similarities between two time
series’ periodic behavior:

Powery{xy} (,s) = |[Wy{xy}(r,5)).

The Powery{xy}(7,s), like covariance, depends on the underlying time series’ unit of
measurement and may not properly interpret the degree of association between two series.
Wavelet coherence between two time series {x;}| and {y;}] is defined as the local cross-
correlation between the series, localized at time T and scale s:

‘sz{xy}(T,s)|2
sPowery{x}(t,s).sPowery{y}(7,s)’

Wy {xy}(t,s) =

where prefix s behind Wy, and Power, indicates smoothing is required. Similar to the power
spectrum, the wavelet coherence between two series can also be examined using Monte
Carlo simulation [36-39]. Monte Carlo simulation provides a robust approach for testing
the significance of wavelet coherence and assessing the presence of coherent relationships
between the two series under investigation.

The Continuous Wavelet Transform (CWT) reveals localized periodic patterns in a
given time series {y;}. The wavelet phase indicates the local displacement of the periodic
behavior relative to the localization parameter T, which is shifted across the time domain
when T is set as the origin. The wavelet phase is typically represented as an angle within
the interval [—7r, 7.

Im(wu/{y}(r,s)))
Re(Wy{y}(t,s)) )’

where Im(.) and Re(.) are imaginary and real parts of the wavelet coefficient Wy {y}(7,s).
Using the cross-wavelet coefficients, one can calculate the difference between wavelet
phases from two time series (which is actually the difference between two phases):

Phasey{y}(t,s) = tan ! (

Im(Wy{xy}(t,s))
Re(Wy{xy}(t,s))

Angley{xy}(t,s) = tan"! ( > = Phasey{x}(t,s) — Phasey{y}(7,s),
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where Angley{xy}(7,s) represents the phase difference between two time series {x;}} and
{y:}i. Angley{xy}(t,s) can be used to determine which time series starts the periodic
pattern first and which one is following, for a given time and frequency interval. Figure 1
shows the simplified interpretation of the phase difference between time series {x;}]

and {y:}7.
x, y out of phase x, y in phase
+m/2
leading: y (—), lagging: = (—)ﬁ !leading: z (—), lagging: y (—)
leading: z (—), lagging: ¥ (—) leading: y (—), lagging: = (—)

“wi2 AP
Figure 1. Interpretation of phase difference between signals x and y [32].

Various social phenomena can exhibit cyclical patterns [33]. By applying wavelet
analysis to the social data, we can uncover the underlying periodic patterns in these
phenomena. For example, analyzing people’s interest in a subject through chat discussions
or online searches can reveal if there are cycles where this subject becomes popular in
society. Similarly, examining the number of participants in a social activity can expose the
cycles of outbursts in that particular activity.

Furthermore, by utilizing a wavelet coherence analysis and phase difference, we can
examine the correlation between two social phenomena, even if it was only for a brief
period. This analysis can help determine which phenomenon had a leading role if such a
relationship existed. The presence of coherency and phase difference between two social
phenomena could indicate a causal relationship, where events from the leading series
influence events in the lagging series. Alternatively, it could suggest that both series are
influenced by another common social phenomenon. These findings serve as powerful tools
for generating hypotheses about social events, trends, and their interrelations.

3. Applied Methodology: Real Data Implementation and Analysis

In this section, we focus on the application of social trend mining to several dimensions
of human security including food, water, and energy security. These three dimensions of
human security correspond to three UN Sustainable Development Goals (SDGs)—SDG 2,
SDG 6, and SDG 7, respectively. Let us now provide a brief overview of three SDGs utilized
in this paper.

Sustainable Development Goal 2 is about creating a world free of hunger by 2030. In
2020, between 720 million and 811 million persons worldwide were suffering from hunger,
roughly 161 million more than in 2019. Also in 2020, a staggering 2.4 billion people, or
above 30 percent of the world’s population, were moderately or severely food insecure,
lacking regular access to adequate food. The figure increased by nearly 320 million people
in just one year. Globally, 149.2 million children under 5 years of age, or 22.0 percent, were
suffering from stunting (low height for their age) in 2020, a decrease from 24.4 percent
in 2015.

SDG 6 is about ensuring access to water and sanitization for all. Access to safe water,
sanitation, and hygiene is the most basic human need for health and well-being. Billions of
people will lack access to these basic services in 2030 unless progress quadruples. Demand

125



Big Data Cogn. Comput. 2023, 7,171

for water is rising owing to rapid population growth, urbanization, and increasing water
needs from the agriculture, industry, and energy sectors.

To reach universal access to drinking water, sanitation, and hygiene by 2030, the
current rates of progress would need to increase fourfold. Achieving these targets would
save 829,000 people annually, who die from diseases directly attributable to unsafe water,
inadequate sanitation, and poor hygiene practices.

SDG 7 is about ensuring access to clean and affordable energy, which is key to the
development of agriculture, business, communications, education, healthcare, and trans-
portation. The lack of access to energy hinders economic and human development.

The latest data suggest that the world continues to advance towards sustainable energy
targets. Nevertheless, the current pace of progress is insufficient to achieve Goal 7 by 2030.
Huge disparities in access to modern sustainable energy persist.

It should be mentioned that significant challenges remain at the global level in terms of
achieving these SDGs. This assessment is true for most of the world’s major regions, while
recent trends are mainly stagnating (in lower-income countries) or moderately increasing
(in higher-income countries).

The actual or perceived lack of food, water, or energy security could be a source of
social instability. In addition to the indicators describing the actual availability, accessibility,
and affordability of food, water, and energy, such as prices and use, indicators describing
people’s perceptions provide important input for policy makers. Google Search data can
inform such indicators which could be made available to policy makers almost in real time.

Figure 2, as an example, depicts the Google Search hits for the keywords “Food
Security”, “Energy Security”, and “Water Security” over the past five years. These three
concepts—food, energy, and water security—are important dimensions of human security.
However, when comparing the search hits for the three subsets, it is evident that the search
interest in food security is significantly higher than that for water security and energy
security. The search interest in energy security is lower than the other two dimensions
although only slightly lower than the search interest in water security.

Interest over time

100 legend
~——— Energy Security (world)
—— Food Security (world)

75 —— Water Security (world)

25
)
AW W /‘/\A/HM_,\/‘MJV\/”WV\,\,MN‘/\'\'\ J/\/\/ W\MNVW

2019 2020 2021 2022 2023
Date

Search hits

Figure 2. The Google Search hits for the keywords “Food Security”, “Energy Security”, and “Water
Security” over the last 5 years.

Let us now explore the periodic behavior in the search interests for “Food Security”
and “Water Security”. Figure 3 displays the wavelet power spectrum for both series.
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Food Security's Interest Wavelet Power Spectrum
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Figure 3. Wavelet power spectrum for “Food Security”, “Water Security”, and “Energy Security
Google Trends. White contours show significant powers at « = 0.1 significance level.

As depicted in Figure 3 (top panel), the interest in “Food Security” has exhibited
significant low and mid-frequency behaviors over the past five years. Note that low-
frequency cycles are cycles with long periods, for example, longer than 32 weeks period in
this data.

Mid-frequency cycles are cycles with mid-range periods, for example, around a
16-week period in this data. The significance test, conducted using Monte Carlo sim-
ulation with 5000 sample paths, confirms this observation. However, in recent years
(i.e., after 19-Apr-2020), the power spectrum has shown an increase, with a focus on mid-
range periods (around 16 and 32 weeks) and long-range periods (above 32 weeks). This
indicates that the search frequency for the keyword “Food Security” has become more
frequent over time.

In the middle panel of Figure 3, the power spectrum for “Water Security” displays
significant patterns mostly concentrated on the right side of the timeline (approximately
after 15-Nov-2020). The most powerful periodic patterns occur within the 16 to 32-week
period range. In other words, approximately after 15-Nov-2020, there has been a periodic
pattern in people’s interest in the “Water Security” keyword. The length of each periodic
pattern (the beginning of one surge of interest to the beginning of the next one) mostly
includes periods below 16 to periods above 32 weeks.

As shown in the bottom panel, the significant “Energy Security” power spectrum also
is mostly concentrated on low and mid frequencies (i.e., long periods in which the time
from one surge of interest in “Energy Security” is between 32 to 64 weeks and mid-ranged
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periods which the time from one surge of interest in “Energy Security” is between 16 to
32 weeks). Periodic behavior of interest in the “Energy Security” keyword has become
more powerful after 13-Jun-2021. Furthermore, the periodic behavior of interest in “Energy
Security” includes shorter periods (higher frequency) as well. In other words, the power
spectrum of interest in “Energy Security” shows that the interest in “Energy Security” has
increased and the search for “Energy Security” has become more frequent.

These findings suggest that the interest in “Food Security”, “Water Security”, and
“Energy Security” has increased in the last three years (after 14-Apr-2020), and searching
for these keywords has become more frequent. Furthermore, it can be seen the increased
interest in these keywords started with “Food Security” and, as the top panel shows an
increased power spectrum at higher frequencies sooner. In other words, after 14-Apr-2020,
the search for “Food Security” became more frequent, then the search for “Water Security”,
and, finally, “Energy Security”.

Additionally, in recent years (especially after 13-Jun-2021) the periodic behavior of
interest in these keywords demonstrates mid-range periodic patterns (with period lengths
between 16 and 32 weeks.), which suggests that it takes 16 to 32 weeks (almost 4 to
8 months) form one surge of interest in these keywords to the next one.

In order to examine the relationship between interest in “Food Security” and “Water
Security”, the wavelet coherence analysis is applied to two series. The results are given in
Figure 4.

Wavelet Coherence and Phase Difference for Food and Water Security's Interests
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Figure 4. Wavelet coherence and phase difference angles (arrows) for “Food Security”, “Water Secu-
rity”, and “Energy Security” interests. White contours show significant powers at & = 0.1 significance
level (90% confidence level). Phase difference angles are only presented for locations with
significant coherence.
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As previously mentioned, wavelet coherence and phase difference analysis are valu-
able tools for examining the relationship between two time series signals, such as food
security and water security, in both the time and frequency domains. These techniques pro-
vide insights into the similarity, coherence, and phase relationship between the two signals
at different scales or frequencies, over time.

Wavelet coherence quantifies the correlation between the two signals as a function
of both time and frequency. It reveals the level of similarity or shared variability be-
tween the two time series across different frequency components. Higher coherence
values indicate a stronger relationship, while lower coherence values suggest a weaker or
non-existent relationship.

On the other hand, phase difference captures the phase lag or lead between the two
signals. It indicates the relative timing or synchronization between the peaks and troughs
of the two time series. A phase difference of zero denotes perfect synchronization, implying
that the peaks and troughs of the two signals align precisely. Non-zero phase difference
values indicate a lag or lead between the two signals, with the peaks and troughs occurring
at different times.

By employing wavelet coherence and phase difference analysis, we can gain a deeper
understanding of the relationship between food security and water security, uncovering
their coherence and phase synchronization characteristics across different frequencies and
over time.

In order to analyze the coherence between each two of these three time series, only
the time intervals and periods in which the coherence of the two series is significant, and
their power spectrum will be considered. Furthermore, in order to avoid overestimating
the number of cyclical patterns, the results are presented for time intervals and periods
whose length is not shorter than half of their period and at least 5 weeks apart.

The coherence analysis between “Food Security” and “Water Security” (top panel
in Figure 4) reveals that the two series exhibit significant coherence mostly in mid-range
periods, i.e., 15.45-week and 25.11-week periods, and long periods, i.e., 32-week, 38.1-week,
43.71-week, and 64-week periods (see Table Al in Appendix A for more details). In other
words, significant cyclical patterns are evident in both series and demonstrate a significant
coherence between them, suggesting that they behave similarly, possibly with a time delay.
It also can be seen that during the time, the frequencies in which two series have become
coherent are increased (the length of periods is decreased). For instance, before the end
of 2020, coherence between two series existed mostly at 43.71-week and 64-week periods
(z357 = 0.02287806 and & = 0.015625 frequencies, respectively) while after June 2022,
the coherence between the two series has occurred mostly in 25.11-week and 15.45-week
periods (ﬁ = 0.06472492 and ﬁ = 0.03982477 frequencies, respectively).

The middle panel in Figure 4 shows significant coherency between “Food Security”
and “Energy Security”. Coupling these results with the power spectrum results (Figure 3)
reveals that the two series exhibit significant coherence mostly in mid-range periods,
i.e., 18.38-week and 25.11-week periods, and longer periods, i.e., 34.3-week and 39.4-week
periods (see Table A2 for more details). This means there are significant cyclical patterns in
both series with these periods in which they behave similarly in a time interval, possibly
with a time delay. For instance, between 13-Feb-2022 and 3-Jul-2022, both series demon-
strate a significant cyclical pattern in which it would take 25.11 weeks from one surge of
interest in keywords to the next one, and two series have almost the same behavior possibly
with a time delay.

Significant coherence between “Water Security” and “Energy Security” is presented
in the bottom panel of Figure 4. Overlapping significant coherence areas (inside white
contours) with “Water Security” and “Energy Security” power spectrums (Figure 3) shows
that two series have significant coherence, mostly in mid-range periods (i.e., 17.15-week and
25.11-week periods) and very long period, i.e., 84.45-week period (see Table A3 for details).
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The arrows displayed in above mentioned periods indicate the angular phase differ-
ence between the two series during each period. To convert these angular phase differences
into a time unit (weeks), the following formulation can be utilized.

l
Phase.dif fy{xy}(7,s) = ﬁAnglelp{xy}(T,s),

where Phase.dif fy{xy}(7,s) is the phase difference between two series, measured by time
unit (which is “week” in our data), I, is the period length and Angle,{xy}(7,s) is angular
phase difference measured in radians. For instance, in weekly data, the angular phase
difference between two series for a 25.11-week period converts to phase difference in
weeks as:

Phase.dif fy{xy}(tT,s) = %Anglew{xy}(r,s)

Tables A1-A3 in Appendix A illustrate the phase difference and leading time series
in each of the time intervals and periods discussed above. According to Tables A1-A3, all
three time series have significant cyclical behavior with a 25.11-week period at some point
over the time and each time series has significant coherence with another one. For instance,
between 15-Apr-2022 and 3-Jul-2022, there is significant coherence between all pairs of time
series, i.e., in the “Food Security”—"Water Security” pair, in the “Food Security”—"Energy
Security” pair, and in “Water Security—Energy Security”. In other words, in this short
time interval, all three time series have a cyclical pattern in which the surge of interest in
any one keyword to the next surge of interest in that keyword takes almost 25.11 weeks.
Furthermore, the cyclical pattern is similar in all three time series, except for possible time
delay. However, the cyclical pattern and coherence for each pair of time series may exceed
this time interval differently. Phase difference analysis shows that between 15-Apr-2022
and 3-Jul-2022, in a cyclical pattern with a 25.11-week period, interest in “Food Security”
leads both “Water Security” and “Energy Security” (with different phase difference values)
and interest in “Energy Security” leads interest in “Water Security”. These results imply
that there is a cyclical pattern with a 25.11-week period length, between 15-Apr-2022 and
3-Jul-2022, in which the surge of interest in keywords first comes to “Food Security” and
then “Energy Security” and, finally, “Water Security”.

4. Search Engine: Comparative Analysis

Table 1 presents a comparative analysis of the trend extraction features offered by
three prominent search engines: Google, Bing, and Yahoo. It serves as a valuable reference
for users and decision makers seeking to understand the capabilities of these search engines
in extracting and analyzing trending data.

In the table, various key features are assessed, including data accessibility, trend
analysis tools, real-time data availability, geographic specificity, data visualization options,
API support, and customization capabilities.

Google stands out with its extensive data accessibility, strong trend analysis tools, and
real-time data availability, making it a robust choice for users interested in tracking and
analyzing trends. Bing offers decent trend analysis capabilities and some customization
options, making it a suitable alternative. Yahoo, on the other hand, offers limited data
accessibility and trend analysis tools, making it less suited for in-depth trend extraction
and analysis tasks.

Opverall, this comparative analysis provides insights into the strengths and weaknesses
of these search engines concerning trend extraction, enabling users to make informed
choices based on their specific data analysis needs and preferences.
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Table 1. Comparison of trend extraction features in popular search engines.

Feature Google Bing Yahoo
aoats Extensive data Good data Limited data
Data Accessibility - o -
availability accessibility accessibility
Trend Analysis Strong trend analysis Decent trend analysis Limited tl.‘end
tools analysis

Real-time Data

Provides real-time

Offers real-time data

Limited real-time

data data
Geogfa.p h ¢ Offer§ precise . Provides Limited location data
Specificity location data location-based results
. .. Offers data Basic data Limited data
Data Visualization . .. . L. . ..
visualization tools visualization visualization
API Support Robusta?(ilsior data API support available ~ Limited API support
.. Customizable search Some customization Limited
Customization . .
parameters options customization

5. Discussion

This paper delves into the concept of Social Intelligence Mining, highlighting the
importance of leveraging open access data and Google Search engine data for trend analysis.
This approach offers several notable advantages for both researchers and practitioners.

Firstly, the analysis of Google Search data as a time series provides a powerful tool
for trend identification. By examining search queries over time, researchers can pinpoint
emerging trends, recognize seasonality patterns, and even make predictions about fu-
ture developments. This temporal perspective is invaluable for staying ahead in rapidly
evolving fields and industries.

Furthermore, the application of opinion mining techniques to search queries offers a
more profound understanding of public sentiment and preferences. This sentiment analysis
adds a layer of nuance to the data, enabling decision makers to make informed choices
regarding strategy formulation and risk management. In sum, Social Intelligence Mining,
driven by open access data and Google Search engine data, equips organizations with
comprehensive insights into user behavior, sentiment analysis, and trend identification.

This approach facilitates competitive advantages, informed decision making, and
meaningful engagement with target audiences. As technology and data continue to evolve,
the potential of Social Intelligence Mining for shaping strategies, driving innovation, and
creating value across diverse domains remains substantial.

Additionally, the paper highlights the utility of wavelet coherence analysis and phase
difference in uncovering hidden relationships and patterns within social data. These
techniques offer a more profound understanding of the dynamics between social phenom-
ena. By identifying leading and lagging trends, researchers and practitioners can make
well-informed decisions based on a more comprehensive view of the data.

The specific case study presented in the paper on “Food Security”, “Energy Security”,
and “Water Security” serves as an illustrative example. However, the methodology outlined
can be applied to a wide range of domains and topics. Open access data sources like
Google Trends offer valuable insights into public sentiment, emerging trends, and proactive
strategy development.

Looking ahead, further research in this field should consider expanding the analysis
to encompass additional relevant social phenomena. This expansion will allow for the
exploration of more complex relationships and patterns. Additionally, incorporating data
from social media and news sources can provide a more comprehensive understanding of
social dynamics.

Addressing the challenges associated with data quality, privacy, and bias is also crucial
for ensuring the reliability and validity of results in Social Intelligence Mining. As this field

131



Big Data Cogn. Comput. 2023, 7,171

continues to evolve, these challenges must be carefully addressed to maintain the integrity
of the research and its practical applications.

6. Conclusions

In conclusion, this paper underscores the pivotal role of Social Intelligence Mining,
accentuating the utility of open access data and Google Search engine data for in-depth
trend analysis. Harnessing these resources, coupled with sophisticated analytical methods,
empowers organizations to secure a competitive advantage, make evidence-based decisions,
and more effectively engage their target demographics.

Our findings spotlight the efficacy of wavelet coherence analysis and phase difference
in elucidating concealed relationships and patterns within social datasets. Such techniques
facilitate a more profound grasp of social phenomena dynamics, subsequently refining
decision-making protocols.

However, this research is not without its limitations. The focus on a singular case
study, albeit comprehensive, may not capture the entire spectrum of possibilities within
Social Intelligence Mining. Looking forward, the versatility of the presented methodology
suggests its applicability across diverse domains and subjects. Still, future research should
venture into investigating intricate relationships and broaden its analytical scope to encap-
sulate various social phenomena. Integrating data from diverse platforms, such as social
media and news outlets, will enrich the analysis. Addressing pressing concerns of data
integrity, privacy, and potential biases will be paramount to buttress the dependability of
subsequent Social Intelligence Mining endeavors.

To encapsulate, Social Intelligence Mining stands poised to redefine strategy formula-
tion, spur innovation, and offer unparalleled value across sectors. Its sustained evolution
augurs well for refining both decision-making paradigms and the comprehension of intri-
cate social dynamics.
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Appendix A
Table Al. The phase difference and leading time series for “Food Security”~" Water Security” pair.
Phase Diff. Phase Diff. Leading Phase Diff.  Phase Diff. Leading
Date Coherence (Angular) (Temporal) Series Date Coherence (Angular)  (Temporal) Series
15.45-week period
Food Food
23-Jan-22 0.9958 0.0343 0.0844 S - 17-Apr-22 0.9966 0.2759 0.6786 -
ecurity Security
30-Jan-22 0.9963 0.0468 0.1151 Food 24-Apr22 09966 0.3023 0.7436 Food
Security Security
6-Feb-22 0.9966 0.0607 0.1493 5 Food 1-May-22 0.9966 0.3285 0.808 Food
ecurity Security
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Table A1. Cont.

Date Coherence Phase Diff. Phase Diff. Leading Date Coherence Phase Diff. Phase Diff. Leading
(Angular) (Temporal) Series (Angular) (Temporal) Series
13-Feb-22 0.9969 0.0761 0.1872 Food 8-May-22 0.9967 0.3543 0.8715 Food
Security Security
20-Feb-22 0.997 0.093 0.2288 Food 15-May-22  0.9968 0.3793 0.933 Food
Security Security
27-Feb-22 0.9971 0.1115 0.2743 Food 22-May-22 0.9969 0.4032 0.9918 Food
Security Security
6-Mar-22 0.9971 0.1314 03232 Food 29-May-22 0.9971 0.4255 1.0466 Food
Security Security
Food Food
13-Mar-22 0.997 0.1528 0.3758 ; 5-Jun-22 0.9973 0.4458 1.0966 ;
Security Security
Food Food
20-Mar-22 0.997 0.1755 04317 ; 12-Jun-22 0.9974 0.4639 1.1411 ;
Security Security
Food Food
27-Mar-22 0.9969 0.199%4 0.4905 ; 19-Jun-22 0.9975 0.4793 1.179 ;
Security Security
3-Apr-22 0.9968 0.2242 0.5515 Food 26-Jun-22 0.9975 0.4916 1.2092 Food
Security Security
10-Apr-22 0.9967 0.2498 0.6144 5 Food 3-Jul-22 0.9974 0.5004 1.2309 Food
ecurity Security
25.11-week period
Food Food
15-May-22 0.9966 —1.6031 —6.4058 ; 26-Jun-22 0.9993 —1.6985 —6.787 ;
Security Security
22-May-22 09971 ~1.6216 —6.4797 Food 3-Jul-22 0.9994 —1.7098 —6.8321 Food
Security Security
Food Food
29-May-22 0.9977 ~1.6392 —6.55 Soons 10-Jul-22 0.9993 ~1.7194 —6.8705 ;
ecurity Security
Food Food
5-Jun-22 0.9981 —1.6558 —6.6163 ; 17-Jul-22 0.999 ~1.7269 —6.9004 ;
Security Security
Food Food
12-Jun-22 0.9986 ~1.6713 —6.6783 ; 24-Jul-22 0.9983 ~1.7322 —6.9216 ;
Security Security
Food Food
19-Jun-22 0.999 —1.6856 —6.7354 ; 31-Jul-22 0.9972 —1.7347 —6.9316 ;
Security Security
32-week period
24-Oct-21 0.9963 —1.0047 —5.1169 Water 19-Dec-21 0.9974 —1.0521 —5.3583 Water
Security Security
31-Oct-21 0.9966 ~1.0097 —5.1424 Water - p6-Dec21  0.9973 ~1.059 ~5.3934 Water
Security Security
7-Nov-21 0.9968 ~1.015 ~5.1694 Water 2-Jan-22 0.9973 ~1.0661 ~5.4296 Water
Security Security
14-Nov21 09971 ~1.0206 51979 Water g pn22 09972 10733 —5.4663 Water
Security Security
21-Nov-21 09972 ~1.0265 ~5.2279 Water 6 jan-22 0.997 ~10806  —55035 Water
Security Security
28-Nov-21  0.9973 ~1.0326 ~5.259 Water 23-Jan-22 0.9968 ~1.0881 ~5.5416 Water
Security Security
5-Dec-21 0.9974 —1.0389 —5.2911 Water 30-Jan-22 0.9966 —1.0957 —5.5804 Water
Security Security
12-Dec21 09974 ~1.0454 ~5.3242 Water 6-Feb-22 0.9964 ~1.1034 ~5.6196 Water
Security Security
38.1-week period
11-Apr-21 0.9963 —1.2271 —7.432 Water 17-Oct-21 0.9979 —1.0351 —6.2692 Water
Security Security
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Table A1. Cont.

Date Coherence Phase Diff. Phase Diff. Leading Date Coherence Phase Diff. Phase Diff. Leading
(Angular) (Temporal) Series (Angular)  (Temporal) Series
38.1-week period
18-Apr21  0.9965 ~1.2208 ~7.3939 Water 24-Oct-21 0.9979 ~1.0271 ~6.2207 Water
Security Security
25-Apr-21  0.9966 ~1.2145 ~7.3557 Water 31-Oct-21 0.9979 ~1.0191 ~6.1723 Water
Security Security
2-May-21 0.9967 —1.2081 ~7.317 Water 7-Nov-21 0.9979 ~1.0109 —6.1226 Water
Security Security
9-May-21 0.9969 ~1.2017 ~7.2782 Water 14-Nov-21  0.9979 ~1.0027 —6.0729 Water
Security Security
16-May-21 0.997 ~1.1952 —7.2388 Water 21-Nov-21 0.9978 —0.9945 —6.0233 Water
Security Security
23-May-21  0.9971 ~1.1886 ~7.1989 Swate.r 28-Nov-21  0.9978 ~0.9862 5973 Water
ecurity Security
30-May-21 0.9972 ~1.182 —7.1589 Water 5-Dec-21 0.9978 —0.9778 —5.9221 Water
Security Security
6-Jun-21 0.9972 ~1.1753 ~7.1183 Water 12-Dec-21 0.9978 —0.9693 —5.8706 Water
Security Security
13-Jun-21 0.9973 —1.1685 ~7.0771 Water 19 pec21  0.9977 —0.9608 ~5.8192 Water
Security Security
20-Jun-21 0.9974 ~1.1617 ~7.0359 Water 26-Dec-21 0.9977 —0.9521 —5.7665 Water
Security Security
27-Jun-21 0.9975 ~1.1547 ~6.9935 Water 2-Jan-22 0.9976 —0.9435 —5.7144 Water
Security Security
4-Jul-21 0.9975 —1.1477 —6.9511 Water 9-Jan-22 0.9976 —0.9347 —5.6611 Water
Security Security
11-Jul-21 0.9976 ~1.1407 ~6.9087 Water g jan2 09975 ~0.9259 ~5.6078 Water
Security Security
18-Jul-21 0.9976 ~1.1336 —6.8657 Water 23-Jan-22 0.9975 —0917 —5.5539 Water
Security Security
25-Jul-21 0.9977 —1.1264 —6.8221 Water 30-Jan-22 0.9974 ~0.908 —5.4994 Water
Security Security
1-Aug-21 0.9977 ~1.1191 —6.7779 Water 6-Feb-22 0.9973 —0.8989 —5.4443 Water
Security Security
8-Aug-21 0.9978 ~1.1118 —6.7337 Water 13-Feb-22 0.9973 —0.8897 53885 Water
Security Security
15-Aug-21 09978 ~1.1044 —6.6889 Swat‘fr 20-Feb-22 0.9972 —0.8805 ~5.3328 Water
ecurity Security
22-Aug-21 0.9978 -1.097 —6.6441 Water 27-Feb-22 0.9971 —0.8712 —5.2765 Water
Security Security
29-Aug-21  0.9978 ~1.0895 ~6.5986 Water 6-Mar-22 0.9971 ~0.8618 ~5.219 Water
Security Security
5-Sep-21 0.9979 —1.0819 —6.5526 Water 13-Mar-22 0.997 —0.8523 —5.162 Water
Security Security
12-Sep-21 0.9979 —1.0742 —6.506 Water 20-Mar-22 09969 —0.8427 —5.1039 Water
Security Security
19-Sep-21 0.9979 —1.0665 —6.4593 Water 27-Mar-22 0.9968 —0.833 —5.0451 Water
Security Security
26-Sep-21 0.9979 —1.0588 —6.4127 Swate.r 3-Apr-22 0.9967 —0.8232 —4.9858 Water
ecurity Security
3-0ct21  0.9979 ~1.051 63655 o 10Apr22 0997 08134 49264 Water
ecurity Security
10-Oct-21 0.9979 —1.0431 —6.3176 Water
Security
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Table A1. Cont.

Date Coherence Phase Diff. Phase Diff. Leading Date Coherence Phase Diff. Phase Diff. Leading

(Angular) (Temporal) Series (Angular)  (Temporal) Series

43.71-week period

4-Oct-20 0.996 —0.8364 ~5.819 Water o3 May-21 09998 —0.9986 —6.9474 Water
Security Security

11-Oct-20 0.9961 —0.8437 —5.8698 Water 30 May-21  0.9998 —0.9982 —6.9447 Water
Security Security

18-Oct-20 0.9962 ~0.8512 ~5.922 Water 6-Jun-21 0.9997 ~0.9975 —6.9398 Water
Security Security

25-Oct-20 0.9963 —0.8587 —5.9741 Water 13-Jun-21 0.9997 —0.9964 —6.9321 Water
Security Security

1-Nov-20 0.9964 —0.8662 ~6.0263 Water 20-Jun-21 0.9996 ~0.995 —6.9224 Water
Security Security

8-Nov-20 0.9965 —0.8738 —6.0792 Water 27-Jun-21 0.9996 —0.9932 —6.9099 Water
Security Security

15-Nov20  0.9967 ~0.8813 —6.1314 Water 4-Jul-21 0.9995 ~0.9911 —6.8953 Water
Security Security

22-Nov-20  0.9969 —0.8887 —6.1829 Water 11-Jul-21 0.9994 —0.9885 —6.8772 Water
Security Security

29-Nov-20 0.997 ~0.8961 ~6.2343 Water 18Jul-21 0.9993 —0.9857 —6.8577 Water
Security Security

6-Dec-20 0.9972 —0.9033 —6.2844 Water 25-Jul-21 0.9993 —0.9825 —6.8354 Water
Security Security

13-Dec-20 0.9974 —0.9104 —6.3338 Water 1-Aug-21 0.9992 —0.9789 —6.8104 Water
Security Security

20-Dec-20 0.9976 —0.9174 —6.3825 Water 8-Aug-21 0.9991 —0.975 —6.7833 Water
Security Security

27-Dec-20 0.9978 —0.9241 —6.4291 Water 15-Aug-21  0.9989 ~0.9708 —6.754 Water
Security Security

3-Jan-21 0.9979 ~0.9307 ~6.4751 Water 5y Aug21 09988 ~0.9662 ~6.722 Water
Security Security

10-Jan-21 0.9981 —0.937 ~6.5189 Water 99 Aug21  0.9987 ~0.9613 —6.6879 Water
Security Security

17-Jan-21 0.9983 —0.9431 ~6.5613 Water 5-Sep-21 0.9986 ~0.9561 —6.6518 Water
Security Security

24-Jan-21 0.9985 ~0.949 —6.6024 Water 12-Sep-21 0.9985 ~0.9506 —6.6135 Water
Security Security

31-Jan-21 0.9986 —0.9545 —6.6406 Swat‘?r 19-Sep-21 0.9983 —0.9448 —6.5731 Water
ecurity Security

7-Feb-21 0.9988 —0.9598 —6.6775 Swate.r 26-Sep-21 0.9982 —0.9386 —6.53 Water
ecurity Security

14-Feb-21 0.9989 —0.9648 —6.7123 Water 3-Oct-21 0.9981 —0.9322 —6.4855 Water
Security Security

21-Feb-21 0.9991 ~0.9695 —6.745 Water 10-Oct-21 0.9979 ~0.9255 —6.4389 Water
Security Security

28-Feb-21 0.9992 ~0.9738 —6.7749 Water 17-Oct-21 0.9978 ~0.9185 ~6.3902 Water
Security Security

7-Mar-21 0.9993 —0.9778 —6.8027 Water 24-Oct-21 0.9976 —09113 —6.3401 Water
Security Security

14-Mar-21 0.9994 —0.9815 —6.8285 Water 31-Oct-21 0.9975 —0.9038 —6.2879 Water
Security Security

21-Mar21 09995 —0.9849 ~6.8521 Water 7-Nov-21 0.9974 ~0.896 ~6.2336 Water
Security Security

28-Mar21 0999 ~0.9879 —6.873 Water ) Nov-21 09972 ~0.8879 —6.1773 Water
Security Security
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Table A1. Cont.

Date Coherence Phase Diff. Phase Diff. Leading Date Coherence Phase Diff. Phase Diff. Leading
(Angular) (Temporal) Series (Angular) (Temporal) Series
43.71-week period
4-Apr-21 0.9997 ~0.9905 —6.8911 Water 21-Nov-21 0.9971 —0.8796 —6.1195 Water
Security Security
11-Apr-21 0.9997 ~0.9927 —6.9064 Water 28-Nov-21 0.9969 —0.8711 —6.0604 Water
Security Security
18-Apr-21 0.9998 ~0.9946 ~6.9196 Water 5-Dec-21 0.9968 —0.8624 ~5.9999 Water
Security Security
25-Apr-21 0.9998 ~0.9962 —6.9307 Water 12-Dec-21 0.9966 —0.8534 —5.9373 Water
Security Security
2-May-21 0.9998 ~0.9973 —6.9384 Water 19-Dec-21 0.9965 —0.8442 —5.8733 Water
Security Security
9-May-21 0.9998 —0.9981 —6.944 Swate.r 26-Dec2l  0.9963 ~0.8348 ~5.8079 Water
ecurity Security
16-May-21 0.9998 —0.9985 —6.9468 Water 2-Jan-22 0.9962 —0.8253 —5.7418 Water
Security Security
64-week period
16-Dec-18 0.9983 2.6076 26.5608 Water 2-Jun-19 0.998 2.5975 26.4579 Water
Security Security
23-Dec-18 0.9983 2.607 26.5547 Swate.r 9Jun-19 0.998 25975 26.4579 Water
ecurity Security
30-Dec-18 0.9983 2.6065 26.5496 Water 16-Jun-19 0.998 2.5975 26.4579 Water
Security Security
6-Jan-19 0.9983 2.6059 26.5435 Water 23-Jun-19 0.998 2.5976 26.4589 Water
Security Security
13-Jan-19 0.9983 2.6054 26.5384 Water 30-Jun-19 0.9979 2.5978 26.461 Water
Security Security
20-Jan-19 0.9982 2.6048 26.5323 Water 7-Jul-19 0.9979 2.598 26.463 Water
Security Security
27-Jan-19 0.9982 2.6043 26.5272 Water 14-Jul-19 0.9979 2.5983 26.4661 Water
Security Security
3-Feb-19 0.9982 2.6037 26.5211 Swate.r 21-Jul-19 0.9979 2.5987 26.4701 Water
ecurity Security
10-Feb-19 0.9982 2.6032 26.516 Water 28-Jul-19 0.9979 25992 26.4752 Water
Security Security
17-Feb-19 0.9982 2.6027 26.5109 Water 4-Aug-19 0.9978 25997 26.4803 Water
Security Security
24-Feb-19 0.9982 2.6022 26.5058 Water 11-Aug-19 09978 2.6004 26.4875 Water
Security Security
3-Mar-19 0.9982 2.6017 26.5007 Water 18-Aug-19 09978 2.6011 26.4946 Water
Security Security
10-Mar-19 0.9982 2.6012 26.4956 Water 25-Aug-19  0.9977 2.602 26.5038 Water
Security Security
17-Mar-19 09981 2.6007 26.4905 Water 1-Sep-19 0.9977 2.6029 265129 Water
Security Security
24-Mar-19 0.9981 2.6003 26.4864 Water 8-Sep-19 0.9977 2.604 26.5241 Water
Security Security
31-Mar-19 0.9981 25998 26.4813 Water 15-Sep-19 0.9976 2.6052 26.5363 Water
Security Security
7-Apr-19 0.9981 25994 26.4773 Water 22-Sep-19 0.9976 2.6065 26.5496 Water
Security Security
14-Apr-19 0.9981 25991 26.4742 Water 29-Sep-19 0.9975 2.6079 26.5639 Water
Security Security
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Table A1. Cont.

Date Coherence Phase Diff. Phase Diff. Leading Date Coherence Phase Diff.  Phase Diff. Leading
(Angular) (Temporal) Series (Angular)  (Temporal) Series
64-week period
21-Apr-19 09981 2.5987 26.4701 Water 6-Oct-19 0.9975 2.6094 265791 Water
Security Security
28-Apr-19 09981 2.5984 26.4671 Water 13-Oct-19  0.9974 2.6111 26.5964 Water
Security Security
5-May-19 0.9981 2.5981 26.464 Water 20-Oct-19 0.9973 2.6129 26.6148 Water
Security Security
12-May-19 0.998 2.5979 26.462 Water 27-Oct-19 0.9972 2.6149 26.6352 Water
Security Security
19-May-19 0.998 2.5977 26.46 Water 3-Nov-19 0.9972 2.617 26.6565 Water
Security Security
26-May-19 0.998 2.5976 26.4589 Swate.r
ecurity
Table A2. The phase difference and leading time series for “Food Security”—"Energy Security” pair.
Phase Diff.  Phase Diff. Leading Phase Diff.  Phase Diff. Leading
Date Coherence (Angular)  (Temporal) Series Date Coherence (Angular)  (Temporal) Series
18.38-week period
Food Food
9-Oct-22 0.9969 0.4942 1.4456 . 20-Nov-22 0.9993 0.5193 1.519 -
Security Security
Food Food
16-Oct-22 0.998 0.4976 1.4555 . 27-Nov-22 0.999 0.5243 1.5336 -
Security Security
Food Food
23-Oct-22 0.9988 0.5014 1.4667 . 4-Dec-22 0.9986 0.5296 1.5492 .
Security Security
30-Oct-22 0.9992 0.5055 1.4787 Food 11-Dec-22 0.9981 0.5351 1.5652 Food
Security Security
Food Food
6-Nov-22 0.9994 0.5099 1.4915 . 18-Dec-22 0.9976 0.5407 1.5816 .
Security Security
Food Food
13-Nov-22 0.9994 0.5145 1.505 . 25-Dec-22 0.9971 0.5466 1.5989 .
Security Security
25.11-week period
13-Feb-22 0.9966 0.3524 1.4081 S Food 1-May-22 0.9996 0.1925 0.7692 Food
ecurity Security
Food Food
20-Feb-22 0.9971 0.3329 1.3302 . 8-May-22 0.9997 0.1838 0.7344 .
Security Security
Food Food
27-Feb-22 0.9976 0.3144 1.2563 . 15-May-22 0.9997 0.1763 0.7045 .
Security Security
Food Food
6-Mar-22 0.9979 0.297 1.1868 . 22-May-22 0.9996 0.1698 0.6785 .
Security Security
Food Food
13-Mar-22 0.9983 0.2806 1.1212 . 29-May-22 0.9994 0.1645 0.6573 .
Security Security
Food Food
20-Mar-22 0.9986 0.2652 1.0597 . 5-Jun-22 0.9992 0.1605 0.6413 .
Security Security
27-Mar-22 0.9988 0.2507 1.0018 Food 12-Jun-22 0.9989 0.1579 0.6309 Food
Security Security
Food Food
3-Apr-22 0.9991 0.2371 0.9474 . 19-Jun-22 0.9985 0.1567 0.6262 .
Security Security
10-Apr-22 0.9993 0.2245 0.8971 Foot.i 26-Jun-22 0.9979 0.1572 0.6281 FOO(.i
Security Security
Food Food
17-Apr-22 0.9994 0.2129 0.8507 . 3-Jul-22 0.9971 0.1594 0.6369 .
Security Security
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Table A2. Cont.

Date Coherence Phase Diff.  Phase Diff. Leading Date Coherence Phase Diff.  Phase Diff. Leading
(Angular)  (Temporal) Series (Angular)  (Temporal) Series
25.11-week period
24-Apr-22 0.9995 0.2022 0.808 FOO(.i
Security
34.3-week period
Food Food
19-May-19 0.9962 1.2155 6.6348 3 . 1-Sep-19 0.9994 1.2373 6.7538 .
ecurity Security
Food Food
26-May-19 0.9966 1.214 6.6266 3 . 8-Sep-19 0.9994 1.2425 6.7822 -
ecurity Security
Food Food
2-Jun-19 0.9969 1.2129 6.6206 - 15-Sep-19 0.9994 1.2482 6.8133 .
Security Security
Food Food
9-Jun-19 0.9972 1.2121 6.6162 - 22-Sep-19 0.9994 1.2545 6.8477 .
Security Security
Food Food
16-Jun-19 0.9975 1.2118 6.6146 . 29-Sep-19 0.9994 1.2614 6.8853 .
Security Security
Food Food
23-Jun-19 0.9978 1.2118 6.6146 . 6-Oct-19 0.9993 1.2687 6.9252 .
Security Security
Food Food
30-Jun-19 0.9981 1.2123 6.6173 . 13-Oct-19 0.9991 1.2767 6.9689 .
Security Security
Food Food
7-Jul-19 0.9983 1.2132 6.6222 3 . 20-Oct-19 0.9989 1.2852 7.0153 .
ecurity Security
Food Food
14-Jul-19 0.9985 1.2146 6.6299 - 27-Oct-19 0.9987 1.2943 7.0649 .
Security Security
Food Food
21-Jul-19 0.9987 1.2164 6.6397 - 3-Nov-19 0.9985 1.304 7.1179 .
Security Security
Food Food
28-Jul-19 0.9989 1.2187 6.6523 . 10-Nov-19 0.9982 1.3143 7.1741 .
Security Security
Food Food
4-Aug-19 0.999 1.2214 6.667 . 17-Nov-19 0.9978 1.3252 7.2336 .
Security Security
11-Aug-19 0.9992 1.2246 6.6845 Food 24-Nov-19 0.9974 1.3367 7.2964 Food
Security Security
Food Food
18-Aug-19 0.9993 1.2283 6.7047 3 . 1-Dec-19 0.9969 1.3488 7.3624 .
ecurity Security
25-Aug-19 0.9994 1.2325 6.7276 FOO(.i 8-Dec-19 0.9964 1.3615 7.4317 FOO(.i
Security Security
39.4-week period
6-Feb-22 0.9967 —0.2142 ~1.3431 Energy 24-Apr-22 0.9997 —0.1654 ~1.0371 Energy
Security Security
13-Feb-22 0.9972 —0.2095 ~1.3136 Energy 1-May-22 0.9997 —0.1615 ~1.0126 Energy
Security Security
20-Feb-22 0.9978 —0.2049 ~1.2848 Energy g May-22 0.9996 ~0.1577 —0.9888 Energy
Security Security
27-Feb-22 0.9982 ~0.2002 ~1.2553 Energy  15May22 09995 —0.1541 ~0.9662 Energy
Security Security
6-Mar-22 0.9986 ~0.1956 ~1.2264 Energy 25 May-22 0.9993 ~0.1506 ~0.9443 Energy
Security Security
13-Mar-22 0.9989 ~0.1911 ~1.1982 Energy 29 May-22 0.9991 —0.1473 —0.9236 Energy
Security Security
20-Mar-22 0.9992 —0.1866 ~1.17 Energy 5-Jun-22 0.9988 —0.1442 —0.9042 Energy
Security Security
27-Mar-22 0.9994 ~0.1822 ~1.1424 Energy 12 jun-22 0.9985 ~0.1413 ~0.886 Energy
Security Security
3-Apr-22 0.9995 ~0.1778 ~1.1148 Energy 19-Jun-22 0.9982 ~0.1386 ~0.869 Energy
Security Security
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Table A2. Cont.

Date Coherence Phase Diff. Phase Diff. Leading Date Coherence Phase Diff. Phase Diff. Leading
(Angular) (Temporal) Series (Angular) (Temporal) Series
39.4-week period
10-Apr-22 0.9997 ~0.1736 ~1.0885 Energy 26-Jun-22 0.9978 ~0.1361 ~0.8534 Energy
Security Security
17-Apr-22 0.9997 ~0.1694 ~1.0622 Energy 3Jul-22 0.9974 ~0.1339 ~0.8396 Energy
Security Security
Table A3. The phase difference and leading time series for “Water Security”-"Energy Security” pair.
Phase Diff.  Phase Diff. Leading Phase Diff.  Phase Diff. Leading
Date Coherence (Angular)  (Temporal) Series Date Coherence (Angular)  (Temporal) Series
17.14-week period
30-Oct-22 0.9968 0.641 1.7494 Water 18-Dec-22 0.9995 0.714 1.9487 Water
Security Security
6-Nov-22 0.998 0.6543 1.7857 Water 25-Dec-22 0.9992 0.7201 1.9653 Water
Security Security
13-Nov-22 0.9988 0.6669 1.8201 Water 1-Jan-23 0.9988 0.7252 1.9793 Water
Security Security
20-Nov-22 0.9994 0.6786 1.8521 Water 8-Jan-23 0.9983 0.7295 1.991 Water
Security Security
27-Nov-22 0.9997 0.6891 1.8807 Water 15-Jan-23 0.9979 0.7329 2.0003 Water
Security Security
4-Dec-22 0.9998 0.6986 1.9067 Water 22-Jan-23 0.9975 0.7357 2.0079 Water
Security Security
11-Dec-22 0.9997 0.7068 1.929 Water
Security
25.11-week period
8-Aug-21 0.9967 1.4767 5.9007 Water 27-Mar-22 0.9974 1.7032 6.8057 Energy
Security Security
15-Aug2l 09972 1.4849 5.9334 Water 3-Apr-22 0.9972 17131 6.8453 Energy
Security Security
22-Aug-21 0.9976 1.4928 5.965 Water 10-Apr-22 0.9971 1.7234 6.8865 Energy
Security Security
29-Aug-21 0.998 1.5003 5.995 Swate:r 17-Apr-22 0.997 1.734 6.9288 Energy
ecurity Security
5-Sep-21 0.9983 15075 6.0237 Water o Apr22 0.9968 1.7448 6.972 Energy
Security Security
12-Sep-21 0.9985 1.5143 6.0509 Water 1-May-22 0.9967 1.756 7.0167 Energy
Security Security
19-Sep-21 0.9987 1.5209 6.0773 Water 8-May-22 0.9966 1.7675 7.0627 Energy
Security Security
26-Sep-21 0.9989 1.5272 6.1025 Water 15-May-22 0.9966 1.7793 7.1098 Energy
Security Security
3-Oct-21 0.999 1.5334 6.1272 Water 22-May-22 0.9965 1.7914 7.1582 Energy
Security Security
10-Oct-21 0.9991 1.5393 6.1508 Water 29-May-22 0.9965 1.8037 7.2073 Energy
Security Security
17-Oct-21 0.9992 1.545 6.1736 Water 5-Jun-22 0.9965 1.8163 7.2577 Energy
Security Security
24-Oct-21 0.9992 1.5507 6.1964 Water 12-Jun-22 0.9966 1.8292 7.3092 Energy
Security Security
31-Oct-21 0.9992 1.5563 6.2187 Water 19-Jun-22 0.9967 1.8423 7.3616 Energy
Security Security
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Table A3. Cont.

Date Coherence Phase Diff. Phase Diff. Leading Date Coherence Phase Diff. Phase Diff. Leading
(Angular) (Temporal) Series (Angular) (Temporal) Series

25.11-week period
7-Nov-21 0.9993 15618 6.2407 Water 26-Jun-22 0.9968 1.8557 7.4151 Energy
Security Security
14-Nov-21 0.9993 1.5673 6.2627 Water 3Jul-22 0.9969 1.8692 7.469 Energy
Security Security
21-Nov-21 0.9992 1.5728 6.2847 Energy 10-Jul-22 0.9971 1.883 7.5242 Energy
Security Security
28-Nov-21 0.9992 1.5783 6.3067 Energy 17-Jul-22 0.9973 1.897 75801 Energy
Security Security
5-Dec-21 0.9992 1.584 6.3294 Energy 24-Jul-22 0.9975 19111 7.6365 Energy
Security Security
12-Dec-21 0.9991 1.5897 6.3522 Energy 31-Jul-22 0.9977 1.9253 7.6932 Energy
Security Security
19-Dec-21 0.9991 1.5956 6.3758 Energy 7-Aug-22 0.998 1.9397 7.7508 Energy
Security Security
26-Dec-21 0.999 1.6016 6.3998 Energy 14-Aug-22 0.9982 1.9542 7.8087 Energy
Security Security
2-Jan-22 0.9989 1.6079 6.4249 Energy 21-Aug-22 0.9985 1.9687 7.8666 Energy
Security Security
9-Jan-22 0.9988 1.6143 6.4505 Energy 28-Aug-22 0.9987 1.9832 7.9246 Energy
Security Security
16-Jan-22 0.9987 1.621 6.4773 Energy 4-Sep-22 0.9988 1.9977 7.9825 Energy
Security Security
23-Jan-22 0.9986 1.6279 6.5049 SE“ergy 11-Sep-22 0.999 2.0121 8.0401 Energy
ecurity Security
30-Jan-22 0.9985 1.6351 6.5336 SE“ergy 18-Sep-22 0.999 2.0264 8.0972 Energy
ecurity Security
6-Feb-22 0.9984 1.6425 6.5632 Energy 25-Sep-22 0.999 2.0405 8.1535 Energy
Security Security
13-Feb-22 0.9982 1.6503 6.5944 Energy 2-Oct-22 0.9989 2.0544 8.2091 Energy
Security Security
20-Feb-22 0.9981 1.6583 6.6263 Energy 9-Oct-22 0.9988 2.068 8.2634 Energy
Security Security
27-Feb-22 0.998 1.6666 6.6595 Energy 16-Oct-22 0.9985 2.0813 8.3166 Energy
Security Security
6-Mar-22 0.9978 1.6753 6.6943 Energy 23-Oct-22 0.9982 2.0941 8.3677 Energy
Security Security
13-Mar-22 0.9977 1.6843 6.7302 Energy 30-Oct-22 0.9978 2.1065 8.4173 Energy
Security Security
20-Mar-22 0.9975 1.6936 6.7674 Energy 6-Nov-22 0.9973 2.1184 8.4648 Energy
Security Security
12-Apr-20 0.9987 —0.0654 ~0.879 Energy 11-Apr-21 0.9997 —0.0594 —0.7984 Energy
Security Security
19-Apr-20 0.9989 —0.0616 —0.8279 Energy 18-Apr-21 0.9997 ~0.0616 —0.8279 Energy
Security Security
26-Apr-20 0.999 —0.0581 —0.7809 Energy 25-Apr-21 0.9997 —0.0638 —0.8575 Energy
Security Security
3-May-20 0.9991 —0.0548 —0.7365 SE“ergy 2-May-21 0.9996 —0.0661 —0.8884 Energy
ecurity Security
10-May-20 0.9992 ~0.0517 —0.6949 SE“ergy 9-May-21 0.999 —0.0685 ~0.9207 Energy
ecurity Security
17-May-20 0.9992 —0.0488 —0.6559 Energy 16 May-21 0.9996 —0.0708 —0.9516 Energy
Security Security
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Table A3. Cont.

Date Coherence Phase Diff. Phase Diff. Leading Date Coherence Phase Diff. Phase Diff. Leading
(Angular)  (Temporal) Series (Angular)  (Temporal) Series

25.11-week period
24-May-20 0.9993 —0.0461 ~0.6196 Energy 23 May-21 0.9996 ~0.0732 —0.9838 Energy
Security Security
31-May-20 0.9994 —0.0436 ~0.586 Energy 530 May-21 0.9996 ~0.0757 ~1.0174 Energy
Security Security
7-Jun-20 0.9995 —0.0412 —0.5537 Energy 6-Jun-21 0.9996 —0.0782 ~1.051 Energy
Security Security
14-Jun-20 0.9995 ~0.0391 —0.5255 Energy 13-Jun-21 0.9995 _0.0807 _1.0846 Energy
Security Security
21-Jun-20 0.9996 —0.0371 —0.4986 Energy 20-Jun-21 0.9995 —0.0833 ~1.119 Energy
Security Security
28-Jun-20 0.9996 —0.0353 —0.4744 SE“erf?’y 27-Jun-21 0.9995 —0.0859 ~1.1545 Energy
ecurity Security
5-Jul-20 0.9997 —0.0336 ~0.4516 Energy 4-Jul-21 0.9995 ~0.0886 ~1.1908 Energy
Security Security
12-Jul-20 0.9997 —0.0321 —0.4314 Energy 11-Jul-21 0.9995 ~0.0913 —1.2271 Energy
Security Security
19-Jul-20 0.9998 —0.0308 —0.414 Energy 18-Jul-21 0.9995 —0.094 —1.2634 Energy
Security Security
26-Jul-20 0.9998 —0.0296 —0.3978 SE“ergy 25-Jul-21 0.9994 —0.0968 ~1.301 Energy
ecurity Security
2-Aug-20 0.9998 —0.0286 —0.3844 Energy 1-Aug-21 0.9994 0,099 13387 Energy
Security Security
9-Aug-20 0.9999 ~0.0276 ~0371 SE“ergy 8-Aug-21 0.9994 ~0.1024 ~13763 Energy
ecurity Security
16-Aug-20 0.9999 ~0.0269 ~0.3615 Energy  15-Aug-21 0.9994 ~0.1052 ~1.4139 Energy
Security Security
23-Aug-20 0.9999 —0.0262 —0.3521 Energy 5> Aug21 0.9994 —0.1081 —1.4529 Energy
Security Security
30-Aug-20 0.9999 —0.0257 —0.3454 Energy 59 Aug-21 0.9994 —0.111 ~1.4919 Energy
Security Security
6-Sep-20 0.9999 ~0.0253 ~034 Energy 5-Sep-21 0.9993 ~0.114 ~1.5322 Energy
Security Security
13-Sep-20 0.9999 ~0.0251 ~0.3374 Energy 12-Sep-21 0.9993 ~0.117 ~15725 Energy
Security Security
20-Sep-20 1 —0.0249 —0.3347 SE“ergy 19-Sep-21 0.9993 —0.12 ~1.6128 Energy
ecurity Security
27-Sep-20 1 —0.0249 —0.3347 SE“ergy 26-Sep-21 0.9993 ~0.123 ~1.6532 Energy
ecurity Security
4-Oct-20 1 ~0.025 ~0.336 Energy 3-Oct-21 0.9993 —0.1261 —1.6948 Energy
Security Security
11-Oct-20 1 —0.0252 —0.3387 Energy 10-Oct-21 0.9993 —0.1291 ~1.7352 Energy
Security Security
18-Oct-20 1 —0.0255 —0.3427 Energy 17-Oct-21 0.9993 —0.1322 ~1.7768 Energy
Security Security
25-Oct-20 1 ~0.0259 —0.3481 Energy o4 0ct21 0.9992 ~0.1354 ~1.8198 Energy
Security Security
1-Nov-20 1 —0.0264 —0.3548 Energy 31-Oct-21 0.9992 ~0.1385 ~1.8615 Energy
Security Security
8-Nov-20 1 —0.027 —0.3629 Energy 7-Nov-21 0.9992 —0.1417 —1.9045 Energy
Security Security
15-Nov-20 1 —0.0276 ~0.371 Energy 14 Nov-21 0.9992 —0.1449 —1.9475 Energy
Security Security
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Table A3. Cont.

Date Coherence Phase Diff. Phase Diff. Leading Date Coherence Phase Diff. Phase Diff. Leading
(Angular) (Temporal) Series (Angular) (Temporal) Series

84.45-week period
22-Nov-20 1 ~0.0284 —0.3817 Energy 21-Nov-21 0.9992 ~0.1481 ~1.9905 Energy
Security Security
29-Nov-20 0.9999 ~0.0293 ~0.3938 Energy 28-Nov-21 0.9992 ~0.1514 ~2.0349 Energy
Security Security
6-Dec-20 0.9999 ~0.0302 —0.4059 Energy 5-Dec-21 0.9992 ~0.1546 ~2.0779 Energy
Security Security
13-Dec-20 0.9999 ~0.0313 —0.4207 Energy 12-Dec-21 0.9991 ~0.1579 21222 Energy
Security Security
20-Dec-20 0.9999 —0.0324 —0.4355 Energy 19-Dec-21 0.9991 ~0.1612 —2.1666 Energy
Security Security
27-Dec-20 0.9999 —0.0336 —0.4516 Energy 26-Dec-21 0.9991 —0.1645 —2.2109 Energy
Security Security
3-Jan-21 0.9999 —0.0348 —0.4677 Energy 2-Jan-22 0.9991 —0.1679 —2.2566 Energy
Security Security
10-Jan-21 0.9999 —0.0362 —0.4865 Energy 9-Jan-22 0.9991 —0.1712 —2.301 Energy
Security Security
17-Jan-21 0.9999 —0.0376 —0.5054 Energy 16-Jan-22 0.9991 —0.1746 —2.3467 Energy
Security Security
24-Jan-21 0.9999 ~0.039 —0.5242 Energy 23-Jan-22 0.9991 ~0.178 ~2.3924 Energy
Security Security
31-Jan-21 0.9998 —0.0406 —0.5457 Energy 30-Jan-22 0.9991 ~0.1814 —2.4381 Energy
Security Security
7-Feb-21 0.9998 —0.0422 —0.5672 Energy 6-Feb-22 0.999 —0.1848 —2.4838 Energy
Security Security
14-Feb-21 0.9998 —0.0439 —0.59 Energy 13-Feb-22 0.999 —0.1882 —2.5295 Energy
Security Security
21-Feb-21 0.9998 —0.0456 ~0.6129 Energy 20-Feb-22 0.999 ~0.1917 25765 Energy
Security Security
28-Feb-21 0.9998 —0.0474 —0.6371 Energy 27-Feb-22 0.999 ~0.1951 ~2.6222 Energy
Security Security
7-Mar-21 0.9998 —0.0493 —0.6626 Energy 6-Mar-22 0.999 —0.1986 —2.6693 Energy
Security Security
14-Mar-21 0.9998 ~0.0512 —0.6881 Energy 13-Mar-22 0.999 ~0.2021 —2.7163 Energy
Security Security
21-Mar-21 0.9997 —0.0532 ~0.715 SE“ergy 20-Mar-22 0.999 ~0.2056 —2.7633 Energy
ecurity Security
28-Mar-21 0.9997 —0.0552 —0.7419 Energy 27-Mar-22 0.999 —0.2091 —2.8104 Energy
Security Security
4-Apr-21 0.9997 —0.0573 —0.7701 Energy 3-Apr-22 0.999 ~0.2126 —2.8574 Energy
Security Security
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Abstract: This study explores the impact of digital transformation on Korean society by analyzing
Korean social media data, focusing on the societal and economic effects triggered by advancements
in digital technology. Utilizing text mining techniques and semantic network analysis, we extracted
key terms and their relationships from online news and blogs, identifying major themes related
to digital transformation. Our analysis, based on data collected from major Korean portals using
various related search terms, provides deep insights into how digital evolution influences individuals,
businesses, and government sectors. The findings offer a comprehensive view of the technological and
social trends emerging from digital transformation, including its policy, economic, and educational
implications. This research not only sheds light on the understanding and strategic approaches to
digital transformation in Korea but also demonstrates the potential of social media data in analyzing
the societal impact of technological advancements, offering valuable resources for future research in
effectively navigating the era of digital change.

Keywords: digital transformation; online news; blog; big data; text mining; semantic network
analysis; CONCOR analysis

1. Introduction

The digital era’s boom has ushered in a paradigm shift known as the “digital transfor-
mation”, which significantly impacts various societal sectors, including business, education,
and governance [1,2]. This shift transcends mere technological upgrades, signifying a com-
prehensive overhaul of organizations, culture, and operations [1]. As our society becomes
increasingly digitalized, with a rise in public and private services based on such technolo-
gies, the ability to adapt to variable situations has become crucial [2].

In the face of inevitable digital transformation across most industries, companies
facing a challenging internal and external business environment, especially those with
limited resources, have been compelled to seek breakthroughs via open innovation in
corporate and business models [3,4]. Accelerated by pandemics or radical technological
innovations, businesses have had to continuously evolve and adjust their innovation
strategies to maintain their operations [5].

Additionally, digital transformation in business dismantles barriers among people,
businesses, and objects, enabling the creation of new products and services and the genesis
of new ventures [6]. It emphasizes the construction of new business models, processes, and
software and systems that lead to increased revenue, competitive advantage, and higher
efficiency [6].

In this context, social media becomes a vital tool for capturing public sentiment and
social trends. Especially regarding the digital transformation, the role of these platforms
in shaping public discourse is crucial. Considering Korea’s high social media penetration
rate in harmony with traditional values and technological advancements, it presents an
opportunity to gauge the social and individual impacts of the digital transformation.
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Within the context of social media, semantic network analysis holds particular im-
portance. It enables mapping how ideas, trends, and sentiments interconnect and evolve
over time within digital conversations. Researchers can gain insights into public opinion,
emerging trends, and the cultural zeitgeist of specific communities or societies by exam-
ining these networks [6,7]. This approach not only enhances our understanding of the
dynamics of digital communication but also offers practical applications across various
domains, from marketing to political science, providing a lens through which to view the
complex tapestry of human thought and expression in the digital realm [7-9].

This study applies semantic network analysis techniques to social media data from
Korea, focusing on the keyword “digital transformation” to analyze the relationships
between keywords and phrases within social media posts. This method reflects systematic
and meta-analytical techniques previously employed, with an emphasis on distilling core
ideas from extensive data. Moreover, the research integrates perspectives based on social
media, particularly within the non-Western context of Korea, to provide insights into the
concept of digital transformation.

2. Related Studies
2.1. Digital Transformation

Digital transformation involves using new digital technologies such as social media,
mobile technologies, analytics, or embedded devices to enable key business improve-
ments, including enhanced customer experience, streamlined operations, or new business
models [10]. It represents the use of technology to fundamentally improve a company’s per-
formance or reach, encompassing changes related to the application of digital technologies
in all aspects of human society [11,12].

Digital technologies can be seen as key assets for leveraging organizational innovation,
considering their disruptive nature and inter-organizational and systemic effects [13]. To
achieve successful digital transformation, changes must occur at various levels within
an organization, including the exchange of resources and capabilities, adaptation of core
businesses, restructuring of processes and structures, and practical implementation of a
digital culture [14-17].

It is argued that digital transformation needs to capture both technology-centric and
actor-centric perspectives [18]. For leveraging the technology-centric view, the literature
on technological disruptions was included and merged with research on digital transfor-
mation [18]. Regarding the actor-centric perspective, intrinsic implications were derived
from the field of entrepreneurship, which is seen as capable of adding valuable insights
into action-driven innovation and renewal processes within the framework [18].

The rapid development of various digital technologies enables the transformation into
digital service, thereby facilitating the accelerated growth of the service industry through
digital transformation [19,20]. Considered foundational technologies for digitalization,
IoT (Internet of Things), cloud computing, and Big Data analytics provide service firms
with the capacity to develop customer-oriented business models [21,22]. Manufacturing
companies are also shifting their primary focus to ecosystems that integrate products with
services to maximize customer value [20].

The recent trend is evolving the world into a single competitive market through
one platform [23]. Consequently, suppliers and buyers strive to secure a competitive
advantage by offering more choices in an increasingly fierce market [23]. As a result,
digital transformation becomes a key strategic force that can enable innovation for creating
customer value [23].

2.2. Big Data and Semantic Network Analysis

The term “Big Data” has attracted considerable attention since the early 21st century,
with various researchers attempting to establish a widely accepted definition. One of the
most common definitions introduced the challenge of Big Data through the 3Vs: volume
(large amounts of data), velocity (rapid data streams), and variety (heterogeneous con-
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tent) [24]. Big Data has been defined as large volumes of structured or unstructured data,
indicating that traditional data processing technologies struggle to manage and process it
due to the data’s complexity and volume [25].

From a corporate perspective, the same information is required across various as-
pects such as customers, their needs, competition, products, distribution channels, service
providers, and laws, making Big Data analytics necessary for making informed deci-
sions [26]. Mobile marketing and social media platforms can extend knowledge by incor-
porating detailed personal information such as geographical location, time, interests, and
gender [26].

Data exist almost everywhere in business and everyday life, and their volume is
continuously increasing [26]. With the growing amount of data, scalability issues have
become apparent, leading to increased processing times [27,28]. However, combining
traditional algorithms with Big Data technologies has played a role in mitigating these
scalability issues [27,29].

Among various Big Data analytics techniques, semantic network analysis is a method
that models semantic relationships represented by graphs with nodes and edges [30].
Semantic networks can be automatically extracted from unstructured text data and used
as a medium for visual text analysis, incorporating information retrieval and text mining
techniques to extract relationships within the text [31-33].

Compared to traditional methods of text data analysis, semantic network analysis
allows for the objective and accurate understanding of the structural relationships between
individual words and the overall context, with relatively less reflection of the researcher’s
subjective thoughts [34,35]. In a semantic network model, nodes represent semantic or
lexical units, while edges denote the associations and similarities, co-occurrences, or inten-
sity between them [36,37]. Representing relationships with graphs that have labeled nodes
and edges enables the identification of semantic relationships, patterns, and similarities
between words regarding a specific topic, making it easier to discover insights [34,38].
Therefore, semantic network analysis can be actively used to explore the qualitative aspects
or intrinsic meanings of issues by focusing on relationships within online Big Data, such as
news on portal sites or posts on social media.

Data from various social media posts, news, and blogs on internet portal sites have
become major sources supplying the raw materials necessary for Big Data analysis. There-
fore, this paper aims to identify public perceptions related to digital transformation and
discover widely recognized trends using text mining techniques and semantic network
analysis.

3. Method

In this study, we analyzed the key thoughts of Korean users on digital transformation
using text mining techniques and semantic network analysis on Big Data collected from the
internet. Text mining is the process of extracting meaningful information from unstructured
text data, exploring core themes and trends from multiple perspectives. Furthermore, to
understand the relationships between the extracted keywords, semantic network analysis
was utilized. This paper outlines an analytical process to comprehend the semantics
between words related to digital transformation in online news articles and blogs, based
on the degree of their co-occurrence. The overall process is illustrated in Figure 1.

3.1. Data Collection

For the semantic network analysis conducted in this research, a search was performed
on Korea’s two major portals, Naver [38] and Daum [39], using the keyword “digital
transformation” to collect data from online news and blogs. Based on this, 1236 online
news articles from Naver News and 1137 blog posts from both Naver and Daum blogs
were collected as the data for analysis.
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Figure 1. Data collection and analysis process for digital transformation.

Online news article texts were collected exclusively from Naver, as most Korean news
articles can be accessed through it. However, given the occurrence of various news outlets
providing identical articles, duplicates were removed from the collected news articles using
cosine similarity on the texts. Since Naver and Daum blogs rarely contain posts with
identical content on both platforms, no duplicate checks were conducted when collecting
data from these blogs. Although the collection period was not specified, it was confirmed
that over 90% of the data originated from within the last ten years.

During the collection process, it was observed that some websites had anti-crawling
features. To circumvent these, the Selenium library, implemented in Python for automating
web browser interactions, was utilized. The data thus collected were processed using the
BeautifulSoup library and stored in the form of DataFrames using the Pandas library.

3.2. Data Extraction and Preprocessing

The extraction and preprocessing of the data were performed using KoNLPy, a Python
open-source library for natural language processing of the Korean language [40]. Utiliz-
ing KoNLPy, only nouns, verbs, and adjectives were selected as Korean unigrams, and
stopwords, which are commonly used or insignificant words, were excluded to filter the
data. The refined list of words was then used to calculate their TF-IDF (Term Frequency-
Inverse Document Frequency) values, enabling the identification and weighting of the
most relevant words within the dataset.

TF-IDF formally measures how the occurrence of a given word is concentrated in
relatively fewer documents. It is calculated by multiplying two metrics: the word frequency
in a document and the inverse document frequency of the word across a set of documents.
This value is primarily used to gauge similarity within documents, in addition to assessing
the relevance of a document in search queries and the importance of specific words in
search results [41,42]. TF-IDF helps in highlighting words that are distinctive to certain
documents, thereby facilitating more accurate and meaningful analysis of textual data.

After sorting the extracted TF-IDF word list in descending order, the top 50 words
were selected as nodes for the semantic network analysis. During the selection of words,
unrelated terms such as “person” and “society” were excluded, and semantically similar
words were consolidated. For example, the frequency of “core” was combined with the
frequency of “center”, a similar term.

Based on the 50 selected words, a Document-Term Matrix (DTM) was created, rep-
resenting the frequency of each word across various articles and blogs. DTM enables
the quantification of the relationship between words and documents. Subsequently, a
Co-Occurrence Matrix (COM) was constructed to represent the relationships of word co-
occurrences across all documents. Due to the complexity of the analysis with the generated
COM, all values were binarized by changing values higher than the median of all elements
to 1 and those lower to 0, resulting in a binary matrix. This process simplifies dense values
to 1 and 0, creating a looser relationship for network analysis. The semantic network
analysis utilized this binary-structured keyword COM.
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3.3. Semantic Network Analysis and Visualization

To discover the relationships among the top 50 words related to digital transformation,
a semantic network analysis was conducted. This leverages the data mining techniques
for unstructured Big Data analysis, a method distinct from social network analysis, which
identifies the structural characteristics of social phenomena [43]. The co-occurrence relation-
ships among the refined words within social media data were intuitively visualized using
NetDraw 2.175, a network visualization software, with the previously created keyword
COM [44].

To examine the connection structure of words related to digital transformation, the
Python open-source package NetworkX [45] was utilized. Four types of network centrality
metrics [46] were calculated using NetworkX for the keyword COM as follows:

1. Degree centrality, which calculates the number of nodes connected to a specific node,
indicating the node’s activity or popularity within the network;

2. Betweenness centrality, measuring a node’s mediating role within the network, indi-
cating its importance in facilitating information flow between other nodes;

3. Closeness centrality, calculating the inverse of the average distance to all other nodes,
indicating how close a node is to all other nodes in the network, which can suggest its
accessibility or centrality in the network’s communication pathways;

4. Eigenvector centrality, a measure of a node’s influence in the network, indicating not
just how many connections a node has but also how important those connections are.

To identify mutually exclusive subgroups within the semantic network, a CONCOR
(Convergence of Iterated Correlations) analysis was performed. CONCOR is based on
structural equivalence, iteratively dividing nodes into subsets and then analyzing the
Pearson correlation to identify groups with a certain level of similarity before forming
clusters that include these groups [47]. This method is commonly used to find clusters of
similar keywords and to identify the co-occurrence relationships between words across all
possible terms [48]. UCINET 6.0 [49] was utilized to conduct the CONCOR analysis, and
the results were visualized using NetDraw.

4. Results
4.1. The Frequencies of Keywords Related to Digital Transformation

The results of the word frequency analysis from online news articles and blogs, show-
ing the top 50 words, are presented in Tables 1 and 2. The top five keywords from online
news articles were “Education”, “Innovation”, “Corporation”, “Information”, and “Artifi-
cial Intelligence”, highlighting a focus on how digital changes impact education, business
innovation, and the integration of Al across sectors. Blogs, however, put “Artificial Intelli-
gence”, “Corporation”, “Education”, “Data”, and “Innovation” at the forefront, indicating
a stronger emphasis on the technical aspects of digital transformation, such as Al and
data utilization, while still valuing education and innovation. This nuanced difference
between online news articles and blogs suggests varying degrees of engagement with
digital transformation themes across different platforms, but both recognize the importance
of education and innovation in adapting to and capitalizing on digital advancements.

Table 1. Frequencies of 50 keywords related to digital transform in online news.

Rank Keyword Fregq. Rank Keyword Freq.
1 Education 2975 26 Nation 1137
2 Innovation 2643 27 Strategy 1068
3 Corporation 2437 28 Cooperation 1057
4 Information 2120 29 New 942
5 Artificial Intelligence 2093 30 Smart 937
6 Project 1955 31 Human Resources 852
7 Data 1942 32 Operation 831
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Table 1. Cont.

Rank Keyword Freq. Rank Keyword Freq.
8 Future 1830 33 Citizens 820
9 Support 1822 34 Study 791
10 Government 1816 35 Student 786
11 Global 1770 36 Leading 764
12 Field 1710 37 Professor 756
13 Metaverse 1644 38 Competence 745
14 Policy 1548 39 Investment 741
15 Construction 1502 40 Training 695
16 Region 1478 41 Contents 684
17 Platform 1460 42 Institution 668
18 Promotion 1458 43 Tech 657
19 Era 1444 44 Bio 646

20 Center 1394 45 School 639

21 Service 1363 46 Finance 544

22 Economy 1274 47 Cloud 543

23 Development 1267 48 Infrastructure 462

24 Society 1253 49 Software 439

25 Plan 1158 50 Personal Information 429
Table 2. Frequencies of 50 keywords related to digital transform in blogs.

Rank Keyword Freq. Rank Keyword Freq.
1 Artificial Intelligence 2975 26 New 1137
2 Corporation 2643 27 System 1068
3 Education 2437 28 Society 1057
4 Data 2120 29 Government 942
5 Innovation 2093 30 Market 937
6 Era 1955 31 Nation 852
7 Metaverse 1942 32 Cloud 831
8 Project 1830 33 Region 820
9 Service 1822 34 Study 791
10 Field 1816 35 Professor 786
11 Support 1770 36 Citizens 764
12 Future 1710 37 Corona 756
13 Global 1644 38 Online 745
14 Change 1548 39 Space 741
15 Information 1502 40 Human Resources 695
16 Development 1478 41 Personal Information 684
17 Platform 1460 42 Business 668
18 Construction 1458 43 Finance 657
19 Center 1444 44 Big Data 646

20 Strategy 1394 45 Leading 639
21 Economy 1363 46 Research 544
22 Smart 1274 47 Infrastructure 543
23 Promotion 1267 48 Industrial Revolution 462
24 Plan 1253 49 Software 439
25 Policy 1158 50 Science and Technology 429

4.2. Analysis of Centralities of Keywords Related to Digital Transform

In Section 4.1, we initially present the raw frequency results as shown in Tables 1 and 2.
These results depict the unmodified occurrence of keywords across our dataset with com-
mon stopwords filtered out. Following this initial analysis, we apply the TF-IDF method to
refine these frequencies, thereby highlighting words that hold unique significance within
our corpus. The relationships and centrality of these keywords are then explored in greater
depth using a Document-Term Matrix (DTM) and a binary-structured Co-Occurrence

Matrix (COM).
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Table 3 presents the results of the network centrality analysis from the keyword COM
for online news articles. The keyword “Innovation” had the highest degree of association
with other keywords, resulting in the highest degree centrality, followed by “Education”,
“Artificial Intelligence”, “Support”, and “Data”. The order of betweenness centrality
was high for “Data”, “Education”, “Innovation”, “Support”, and “Artificial Intelligence”.
Closeness centrality was high for “Innovation”, “Education”, “Artificial Intelligence”,
“Support”, and “Data”, in that order. Eigenvector centrality was high for “Innovation”,

s

“Artificial Intelligence”, “Support”, “Education”, and “Corporation”.

Table 3. Centralities of keywords related to digital transformation from news network.

Rank Keyword cd! Keyword Cb 2 Keyword Cc3 Keyword Ce*
1 Innovation 0.938776 Data 0.06154 Innovation 0.940408 Innovation 0.200111
2 Education 0.897959  Education 0.050155  Education  0.904239 Artificial 0.195975
Intelligence
3 Artificial 0877551 Innovation 0049585  Artificial oy eeng Support 0.194377
Intelligence Intelligence
4 Support 0.877551 Support 0.035948 Support 0.887178 Education 0.192973
5 Data 0857143 Artificial 0.032176 Data 0.870748 Corporation 0.191475
Intelligence
6 Corporation 0.836735  Corporation 0.027202 Corporation  0.854917 Data 0.18877
7 Global 0.795918 Global 0.026213 Global 0.824919 Global 0.185881
8 Project 0.77551  Government 0.019029 Project 0.810697 Future 0.185531
9 Future 0.77551 Future 0.016818 Future 0.810697 Project 0.184892
10 Government 0.77551 Project 0.015426 Government 0.810697 Field 0.184361
11 Information 0.755102  Information 0.015374 Information  0.796956 Government 0.183366
12 Field 0.755102 Metaverse 0.015002 Field 0.796956 Information 0.18166
13 Metaverse 0.714286 Policy 0.013719 Metaverse 0.770826 Promotion 0.179538
14 Policy 0.714286 Field 0.01159 Policy 0.770826 Policy 0.176005
15 Promotion 0.714286 Citizens 0.011204 Promotion 0.770826 Metaverse 0.175198
16 Construction 0.693878 Construction 0.010303 Construction  0.758394 Platform 0.174759
17 Platform 0.693878 Development 0.009443 Platform 0.758394 Center 0.17228
18 Service 0.673469 Platform 0.008512 Service 0.746356 Service 0.172084
19 Center 0.653061 Promotion 0.007452 Center 0.734694 Construction 0.171971
20 Development 0.653061 Service 0.006708 Development 0.734694 Nation 0.170091
21 Nation 0.653061 Society 0.004792 Nation 0.734694 Region 0.166259
22 Region 0.632653 Nation 0.004159 Region 0.723391 Society 0.165359
23 Society 0.632653 Region 0.003406 Society 0.723391 Economy 0.164331
24 Economy 0.612245 Center 0.00286 Economy 0.71243 Development 0.163565
25 Era 0.591837 Era 0.001982 Era 0.701797 Era 0.159499
26 Strategy 0.571429 Study 0.001756 Strategy 0.691477 Strategy 0.156086
27 Plan 0.510204 Economy 0.001665 Plan 0.662259 Plan 0.141053
28 Cooperation  0.469388 RHuma“ 0.001255  Cooperation  0.644115 Cooperation 0.13411
esources
29 New 0.469388 Strategy 0.001233 New 0.644115 New 0.132824
30 Citizens 0.469388 Leading 0.001116 Citizens 0.644115 Citizens 0.127351
31 Human 0.44898 School 0.001047 Human ) 06939 Human 0.122508
Resources Resources Resources
32 Investment 0.408163 Student 0.000984 Investment 0.61869 Investment 0.113464
33 Smart 0.367347 Tech 0.000834 Smart 0.602826 Smart 0.105321
34 Operation 0.326531 Plan 0.000646 Operation 0.587755 Operation 0.095075
35 Bio 0.326531 Bio 0.000354 Bio 0.587755 Bio 0.090109
36 Leading 0.265306  Investment 0.000338 Leading 0.566511 Competence 0.073346
37 Study 0.244898 Training 4.05 x 107° Study 0.559767 Leading 0.071322
38 Professor 0.244898 New 3.87 x 1075 Professor 0.559767 Contents 0.07119
39 Competence 0.244898  Cooperation  3.15 x 107>  Competence  0.559767 Professor 0.070857
40 Contents 0.244898 Smart 0 Contents 0.553181 Training 0.064338
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Table 3. Cont.

Rank Keyword cd! Keyword Cb 2 Keyword Cc3 Keyword Ce*
41 Student 0.22449 Operation 0 Student 0.546749 Study 0.058304
42 Training 0.22449 Professor 0 Training 0.546749 Student 0.052909
43 School 0.204082  Competence 0 School 0.540464 Institution 0.049241
44 Tech 0.183673 Contents 0 Institution 0.534323 Cloud 0.048228
45 Institution 0.163265 Institution 0 Tech 0.534323 School 0.044269
46 Cloud 0.163265 Finance 0 Cloud 0.534323 Infrastructure 0.042801
47 Infrastructure 0.142857 Cloud 0 Infrastructure 0.528319 Tech 0.040939
48 Finance 0.081633 Infrastructure 0 Finance 0.511091 Finance 0.02403
49 Personal 0.040816  Software 0 Personal 170204 Personal 0.010226
Information Information Information
50 Software 0 Person;fll 0 Software 0 Software 1.45 x 10713
Information
1 Cd: degree centrality. 2 Cb: betweenness centrality. * Cc: closeness centrality.  Ce: eigenvector centrality.
In the analysis of network centrality from the keyword COM for blogs, as detailed

in Table 4, “Artificial Intelligence” emerged as the most centrally connected term, exhibit-

ing the highest degree of association with other keywords. This centrality was closely

followed by the terms “Data”, “Corporation”, “Innovation”, and “Service”, in that order.

Furthermore, “Artificial Intelligence” also led in betweenness centrality, suggesting its role

as a pivotal bridge within the network. This pattern was similarly observed in closeness

centrality, with “Artificial Intelligence”, “Data”, “Corporation”, “Innovation”, and “Ser-

vice” ranking high, indicating their close connections within the network. Additionally,

“Artificial Intelligence”, “Data”, “Corporation”, “Service”, and “Development” were found

to have high eigenvector centrality, highlighting their influence across the network.

Table 4. Centralities of keywords related to digital transformation from blog network.

Rank Keyword cd! Keyword Cb 2 Keyword Cc3 Keyword Ce*
1 Artificial 0918367 ‘rtificial 0002258 Artificial 51800 Artificial 0.193392
Intelligence Intelligence Intelligence Intelligence

2 Data 0.877551 Data 0.041167 Data 0.881299 Data 0.192609
3 Corporation 0.857143  Education 0.031264 Corporation  0.863673 Corporation 0.191275
4 Innovation 0.816327  Corporation 0.028714 Innovation 0.830455 Service 0.18964
5 Service 0.816327  Information 0.018267 Service 0.830455 Development 0.189048
6 Development 0.816327  Innovation 0.017399 Development 0.830455 Innovation 0.18838
7 Education 0.795918 Support 0.017302 Education 0.814786 Metaverse 0.187632
8 Metaverse 0.795918 Development 0.014583 Metaverse 0.814786 Construction 0.186105
9 Support 0.795918 Service 0.013366 Support 0.814786 Promotion 0.186105
10 Construction 0.795918  Construction 0.012719 Construction 0.814786 Support 0.185267
11 Promotion 0.795918  Promotion 0.012719 Promotion  0.814786 Project 0.184539
12 Project 0.77551 Metaverse 0.010805 Project 0.799698 Smart 0.184539
13 Smart 0.77551 Center 0.009584 Smart 0.799698 Education 0.18388
14 Field 0.755102 Project 0.009436 Field 0.785158 Field 0.183307
15 Center 0.755102 Smart 0.009436 Center 0.785158 Center 0.18085
16 Information 0.734694 Citizens 0.008668 Information  0.771137 Information 0.175311
17 Platform 0.693878 Strategy 0.00794 Platform 0.744546 Platform 0.174807
18 Strategy 0.693878 Field 0.006863 Strategy 0.744546 Strategy 0.171625
19 System 0.693878 Future 0.005236 System 0.744546 System 0.171384
20 Global 0.653061 System 0.005218 Global 0.719728 Global 0.163418
21 Future 0.632653 Global 0.004499 Future 0.707929 Plan 0.159692
22 Plan 0.632653 Plan 0.003899 Plan 0.707929 Future 0.157281
23 Era 0.571429 Platform 0.003363 Era 0.674745 Government 0.151141
24 Government 0.571429 Era 0.002008 Government  0.674745 Nation 0.148339
25 Citizens 0.571429  Government 0.00083 Citizens 0.674745 Era 0.147639
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Table 4. Cont.

Rank Keyword cd! Keyword Cb 2 Keyword Cc3 Keyword Ce*
26 Nation 0.55102 Change 0.000604 Nation 0.664364 Citizens 0.145619
27 Policy 0.530612 Society 0.000582 Policy 0.654298 Policy 0.143094
28 Economy 0.510204 Economy 0.000514 Economy 0.644532 Economy 0.137371
29 Society 0.489796 Nation 0.000448 Society 0.635054 Cloud 0.134165
30 Cloud 0.489796 Policy 0.000377 Cloud 0.635054 Society 0.130427
31 Market 0.469388 Cloud 0.000157 Market 0.62585 Market 0.129527
32 Infrastructure 0.44898 Market 791 x 107> Infrastructure 0.61691 Infrastructure 0.124915
33 Online 0.428571 New 0 Online 0.608221 Online 0.120143
34 Leading 0.408163 Region 0 Leading 0.599773 Leading 0.114433
35 Change 0.387755 Study 0 Change 0.591557 Region 0.104145
36 Region 0.367347 Professor 0 Region 0.583563 Change 0.101043
37 Study 0.326531 Corona 0 Study 0.568206 Study 0.094029
38 Big Data 0.285714 Online 0 Big Data 0.553637 Big Data 0.082636
39 New 0.244898 Space 0 New 0.539796 Finance 0.070776
40 Corona 0244808 ~ _Human 0 Corona 0.539796 Corona 0.070504

Resources
41 Finance 0244808 _ Lersonal 0 Finance  0.539796 New 0.065627
Information
42 Space 0.183673 Business 0 Space 0.520285 Space 0.051164
43 Business 0.102041 Finance 0 Business 0.496364 Business 0.029595
44 Human 0.081633  BigData 0 Human 0.48521 Human 0.023802
Resources Resources Resources
45 Personal 0061224  Leading 0 Professor  0.474546 Personal 0.016215
Information Information
46 Professor 0.040816  Research 0 Personal ) ) c93a8 Professor 0.011912
Information
47 Research 0.020408 Infrastructure 0 Research 0.469388 Research 0.006106
Industrial Industrial Industrial Industrial
48 Revolution 0 Revolution 0 Revolution 0 Revolution 372 %1071
49 Software 0 Software 0 Software 0 Software 3.72 x 10715
50 Science and 0 Science and 0 Science and 0 Science and 372 % 10-15
Technology Technology Technology Technology '

1 Cd: degree centrality. 2 Cb: betweenness centrality. 3 Cc: closeness centrality. 4 Ce: eigenvector centrality.

4.3. CONCOR Analysis and Visualization

A CONCOR analysis was conducted based on structural equivalence by analyzing
the Pearson correlation from the keyword COM, resulting in clusters. Figure 2 presents
the outcome of the CONCOR analysis performed on the digital transformation network
generated from online news, identifying a total of seven clusters. The clusters are repre-
sented as [Word1, Word2, .. .]. The cluster [Operation, Data, Bio, Development, Contents,
Plan, Smart, Construction] can be interpreted as embodying the theme of technological
advancement and strategic growth. The cluster [Support, Government, Corporation, Field,
Project, Promotion] suggests that the government and various corporations collaborate to
support innovative projects aimed at advancing key industrial sectors. The cluster [Training,
Infrastructure, Cloud, Leading, Competence, Institution, Personal Information, Finance,
Professor] represents the context of education, technology, and expertise development
within an institutional framework. The [Software, Tech, Study, School, Student] cluster
indicates an education or learning environment focused on technology and software. The
cluster [Information, Innovation, Artificial Intelligence, Education, Future] encompasses
future-oriented and technology-driven themes. The [Citizens, New, Human Resources,
Investment, Region, Cooperation, Service, Metaverse] cluster can be seen as focusing on
community and technological development within geographic or digital spaces. Lastly,
the [Strategy, Platform, Society, Policy, Center, Global, Economy, Nation, Era] cluster can
be interpreted as countries developing policies centered around digital platforms to drive
economic growth or societal development in the global era.
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Figure 2. CONCOR analysis of news network of the digital transformation.

Figure 3 depicts the results of a CONCOR analysis on the digital transformation
network generated from blogs, identifying a total of seven clusters. The cluster [Finance,
Corona, Study, Space, Big Data, Change, Economy] can be interpreted as showing that
the coronavirus pandemic has accelerated the digital transformation of finance and the
economy, with research highlighting the importance of Big Data and digital spaces in
driving change. The cluster [Personal Information, Citizens, Strategy, Information, Plan]
suggests that themes of personal information, public engagement, and strategy are cru-
cial regarding information. The cluster [Nation, Government, Era, Society, Policy, Future,
Global] presents themes related to national and global governance, societal adaptation,
and future-oriented policies in a digitally evolving world. The cluster [Development, Cen-
ter, Education, System, Platform, Field] indicates that digital transformation is central to
the development of the educational sector, platforms, and systems. The cluster [Region,
Leading, Cloud, Infrastructure, Online, Market] points to a focus on regional development
through cutting-edge cloud infrastructure and online marketplaces. The cluster [Project,
Construction, Metaverse, Promotion, Corporation, Smart, Support, Service, Data, Innova-
tion, Artificial Intelligence] represents a comprehensive approach to integrating advanced
technologies into corporate projects and services. This can be interpreted as innovative
projects initiated by corporations to focus on building smart services like the metaverse,
supported by artificial intelligence and data analytics, to facilitate a new era of digital
transformation and customer engagement. The cluster [New, Professor, Industrial Revolu-
tion, Human Resource, Software, Research, Science and Technology, Business] expresses
the narrative of education and industrial evolution towards a technologically advanced
future, emphasizing the collaborative role of academia and industry in pioneering R&D
efforts using cutting-edge software and human resource innovation to underpin the digital
transformation of businesses and society.
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Figure 3. CONCOR analysis of blog network of digital transformation.

5. Discussion

The arrival of the digital transformation era brings technological advancements and
consequential changes, fundamentally restructuring educational, occupational, and ev-
eryday life practices. The integration of digital technologies presents new opportunities
and challenges across all age groups. This research utilizes text mining techniques to
analyze social media data generated online on a large scale, aiming to understand the
phenomena of digital transformation and its impacts. It delves into the effects of digital
technology on various sectors such as society, economy, and education, seeking adaptation
strategies and policy responses necessary for navigating the digital age. Also, this study
has been conducted to elucidate the distinct patterns observed in both formal (articles)
and informal (blogs) discourse on digital transformation within the Korean context. By
analyzing these diverse sources of content, our intent is to provide a comprehensive view
that enables readers from various countries to gain a nuanced understanding of how digital
transformation is perceived and discussed in Korea.

Text mining related to digital transformation revealed the top five words with the
highest frequency in online news articles as “Education”, “Innovation”, “Corporation”,
“Information”, and “Artificial Intelligence” and in blogs as “Artificial Intelligence”, “Cor-
poration”, “Education”, “Data”, and “Innovation”. These results indicate the significant
impact of technological advancement in various fields such as education, innovation, cor-
porations, and artificial intelligence [50,51]. Additionally, artificial intelligence has been
confirmed as one of the key elements in the era of digital transformation [52,53].

To refine our analysis, we employed the TF-IDF methodology, which assists in dis-
tinguishing significant keywords from those frequently appearing across different texts
without substantial informational value.

An analysis of online news articles showed high centrality for “Innovation”, “Educa-
tion”, “Artificial Intelligence”, “Support”, and “Data”. These words are strongly intercon-
nected as the main themes of digital transformation, highlighting the interaction between
these themes in the context of technological progress in modern society, the evolution of
education, data-driven decision-making processes, the expansion of artificial intelligence
applications, and the importance of supporting systems in all these areas. A blog centrality
analysis highlighted “Artificial Intelligence”, “Data”, “Corporation”, “Innovation’”, and
“Service” as highly central. While “Education” and “Support” were emphasized as impor-
tant themes in news articles, “Corporation” and “Service” showed greater centrality in
blogs, suggesting that interests may vary depending on the community or platform dis-
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cussing digital transformation. Blogs tend to focus more on in-depth analysis or opinions
on personal or corporate experiences, products, and services, particularly highlighting
corporate activities and service provision. In contrast, online news pays attention to broader
topics like education and social support, dealing with the impact of digital transformation
across society. The high centrality of “Innovation”, “Data”, and “Artificial Intelligence”
in both mediums suggests that the advancement of digital technology is interconnected
in areas such as innovation, data analysis, and artificial intelligence. The technological
innovation enhances data-based decision-making processes, and the advancement of artifi-
cial intelligence enables new innovative solutions, driving change across various fields, as
emphasized in other studies [54-56].

The CONCOR analysis identified seven clusters each in online news and blogs related
to digital transformation, confirming the importance of technology and education in both
mediums. The emphasis on technological advancements, particularly digital technolo-
gies like artificial intelligence, cloud computing, and Big Data, alongside education, is
recognized as a leading force in driving the digital transformation. It suggests a focus on
innovating educational systems to introduce new learning methods and competency devel-
opment, potentially causing significant changes across the economy and society [57,58]. The
acceleration of digitalization in economic activities due to the pandemic is a phenomenon
already reported in various studies [59-61].

Online news tends to focus more on digital transformation support and the promotion
of industry development through collaboration between governments and corporations.
Words such as “Government”, “Corporation”, “Support”, “Field”, “Project”, and “Promo-
tion” highlight the strategic partnerships’ vital role in supporting digital transformation
and fostering innovative projects in specific industrial sectors. For small-scale service
businesses, the digital transformation aims to expand competitive advantage, improve busi-
ness outcomes, and achieve growth. The government’s role in this context is identified as
supporting the construction of digital platforms for small-scale service businesses, enabling
mobile/digital payments, providing digital education, and building a digital collaboration
ecosystem [62]. In contrast, blogs, with terms like “Personal Information”, “Citizens”,
“Strategy”, “Information”, “Plan”, and “Metaverse”, reflect how individuals and small
communities integrate and use digital technologies, especially innovative services like
artificial intelligence and the metaverse, in daily life and business, indicating experiences
and impacts on these practices.

Thus, online news tends to view digital transformation from the perspective of policy,
economy, and national strategy, while blogs explore it from a standpoint closer to everyday
life. This difference stems from each medium’s purpose and target audience [63]. Online
news aims to provide information to a broad readership, offering insights useful to policy-
makers and businesspeople, whereas blogs cater to personal interests, in-depth analysis,
and detailed exploration of specific topics, providing customized content for the general
public, particularly users and small communities interested in digital technologies [63].

Our analysis identifies several features unique to the Korean context, which signifi-
cantly influence the discourse on digital transformation on Korean social media platforms.
For instance, Korea’s collectivist cultural norms shape the adoption of technologies that em-
phasize communal benefits and organizational harmony [64]. Additionally, the country’s
leading position in digital transformation fosters a progressive environment for discussing
advanced digital infrastructure [65]. Economically, the interplay between large conglomer-
ates and dynamic SMEs creates diverse viewpoints on how digital transformation can drive
business growth and innovation [66]. These unique cultural, technological, and economic
contexts provide a distinctive backdrop to Korea’s digital transformation discourse, offering
insights into the challenges and opportunities specific to this setting.

We found that global opinion polls often focus on general technological adaptation
and digital readiness, whereas our analysis dives deeper into the specific themes and
concerns prevalent in Korea. For example, global surveys like those conducted by the
IFRC [67] highlight varied regional responses to digital transformation, with Korea em-
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phasizing advanced analytics and system interoperability compared to other regions. Our
findings, which underscore the high centrality of innovation and artificial intelligence in
Korean discourse, align with these global trends but also reveal unique local priorities and
cultural influences.

In conclusion, the findings illuminate the multifaceted impacts of digital transfor-
mation, offering diverse perspectives on technological changes, social, and economic
transitions as manifested through online news and blogs. The real-time feedback and vari-
ety of user content on social media are valuable for policymakers, entrepreneurs, educators,
and the general public to understand the advancements in digital technology and how
these can be applied to their fields and lives. The insights and user engagement provided
by social media data can lead to the development of innovative approaches and strategies
that guide the digital transformation era, contributing to socially meaningful conversations
about upcoming technological changes.

6. Conclusions

This study leveraged text mining techniques and a semantic network analysis to
extract keywords and their associations from social media data, online news, and blog
content related to digital transformation. Focusing on Korean language data, it intensively
collected data from major Korean portal sites using “digital transformation” and related
search terms, ensuring the selection of keywords and consistency of data by exclusively
targeting content in Korean.

Despite some limitations, the analysis of Korean data collected from Korean portal sites
offers insights into digital transformation, contributing to a comprehensive understanding
of various aspects related to the advancement of digital technologies, social changes, and
economic impacts. The insights derived from this study provide essential foundational
data for in-depth analysis of the continuous development of digital technologies and their
impacts on individuals, corporations, and society.

Furthermore, the results can serve as an important reference for strategic planning
and policy development related to digital transformation. The data and analysis will
offer valuable information to policymakers, entrepreneurs, and academic researchers
in integrating digital technologies, seeking social adaptation strategies, and exploring
economic sustainability.

To enhance the practical relevance of these findings, we plan to incorporate feedback
from industry experts through structured interviews and align our results with documented
case studies. It will bridge the gap between theoretical research and practical applications,
ensuring that our insights are grounded in real-world experiences and contribute to the
development of actionable and effective strategies in digital transformation.
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Abstract: In an era where misinformation and fake news undermine social well-being, this work
provides a complete approach to multi-domain fake news detection. Multi-domain news refers to
handling diverse content across various subject areas such as politics, health, research, crime, and
social concerns. Recognizing the lack of systematic research in multi-domain fake news detection,
we present a fundamental structure by combining datasets from several news domains. Our two-
tiered detection approach, BERTGuard, starts with domain classification, which uses a BERT-based
model trained on a combined multi-domain dataset to determine the domain of a given news
piece. Following that, domain-specific BERT models evaluate the correctness of news inside each
designated domain, assuring precision and reliability tailored to each domain’s unique characteristics.
Rigorous testing on previously encountered datasets from critical life areas such as politics, health,
research, crime, and society proves the system’s performance and generalizability. For addressing
the class imbalance challenges inherent when combining datasets, our study rigorously evaluates the
impact on detection accuracy and explores handling alternatives—random oversampling, random
upsampling, and class weight adjustment. These criteria provide baselines for comparison, fortifying
the detection system against the complexities of imbalanced datasets.

Keywords: domain classification; fake news; class imbalance; deep learning

1. Introduction

Social media has become a primary source of news that is readily accessible to people
worldwide. Today, sharing news content on social media platforms is as simple as clicking a
button, leading to a constant stream of news from various domains being uploaded daily [1].
Unfortunately, the ease of uploading news content coincides with the increased spread of
fake news. This poses a major problem in terms of reliability amongst consumers and can
have negative impacts, not only on individuals but also on social mobility, potentially incit-
ing widespread social panic [2]. In 2020, it was reported that one in every five U.S. adults
relied on social media as their primary source for news about the 2020 U.S. presidential elec-
tion [3]. Therefore, detecting fake news is essential for assessing the truthfulness of the con-
tent being consumed. Weibo, previously known as Sina Weibo (http:/ /www.weibo.com/,
accessed on 25 June 2024), and X (formerly Twitter) (http:/ /www.X.com/, accessed on 25
June 2024) are among the primary platforms used by social media users to obtain news.
According to Weibo’s annual report, during the year 2020, a total of 76,107 fake news posts
were detected and cleared. Similarly, a total of 8,711,000 engagements with Facebook stories
were detected regarding the 2016 U.S. presidential election campaign, in comparison with
a total of 7,367,000 engagements for the top 20 analyzed election stories on 19 major news
websites (https:/ /www.buzzfeednews.com/article/craigsilverman / viral-fake-election-n
ews-outperformed-real-news-on-facebook, accessed on 25 June 2024).

While human judgment remains effective for fake news detection, machine learning
(ML) models are increasingly employed by researchers for rapid and efficient fake news
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detection [4,5]. News gathered from social media has been categorized by topic into
multiple domains, including health, social, politics, and entertainment [6]. While fake news
detection is important in all domains, some domains have extremely limited fake news [7].
Further, fake news from specific domains has an impact on society that is deemed more
significant [6]. For instance, the dissemination of fake news within the political domain
during the 2016 U.S. presidential election may have had a significant effect on the election
outcome [8,9]. Another example that led to a worldwide social panic [2] is linked to the
influx of various information related to the COVID-19 pandemic. The impact of spreading
fake news via various social media platforms led to a reduction in pandemic prevention
measures [10]. As such, fake news within specific domains like political or health domains
tends to be more significant than other fake news domains because of its ability to delve
deeper, spread widely and more rapidly, and reach a larger audience.

To address the issue revolving around detecting fake news, a wide range of machine
learning detection models have been suggested. Typically, these approaches concentrate on
single-domain fake news detection (SFND) in areas such as politics or health, where an
algorithm is specifically trained to identify fake news within a particular domain. However,
models trained in this manner often produce inadequate results when applied to other
domains [11]. Although it has been found that news pieces from various domains can be
interconnected, which can potentially enhance the detection of fake news for the target
domain, the use of SEND is currently viewed as a disadvantage [1,7]. As such, multi-
domain fake news detection has been used to address the limitations of single-domain fake
news detection [12]. Multi-domain fake news detection allows for the utilization of various
domains at once within a given dataset, leading to an improvement in the performance
in all domains. However, this comes with great complexity, creating a flaw within multi-
domain fake news detection such that the detection of fake news in some domains will be
higher at the expense of other domains performing worse [13].

In addition, the majority of the available real-world domains’ instances belong to
the real news class (the majority or negative class), while a significantly smaller number
corresponds to the opposite fake news class (the minority or positive class), which is the
most important class [14,15]. This is known as the class imbalance problem, in which
the dominant class has an advantage when training predictive models, causing them to
disregard the minority class. The imbalance problem leads to inadequate classification
performance, and most algorithms perform badly when datasets are substantially im-
balanced [16]. The class imbalance problem also affects fake news detection, as there is
typically a lower representation of fake news instances compared to true news instances in
the available data, which makes the model predict the true class (true news) almost all the
time [15].

A critical gap remains from previous works, which is the lack of the details needed
to train models for each domain comprehensively. Moreover, existing solutions typically
train models on one or two datasets at most, which limits the scope of their analyses.
Recognizing the lack of systematic and comprehensive work in multi-domain fake news
detection, this study presents BERTGuard, a holistic approach to multi-domain fake news
detection. BERTGuard combines datasets from a diverse set of news domains to build the
groundwork for a complex detection system that functions on two levels. The first level
of our detection system performs domain classification, which is a critical phase in which
a Bidirectional Encoder Representations from Transformers (BERT) model is trained on a
merged multi-domain dataset. This initial classification attempts to determine the exact
domain to which a given news story belongs. The second level uses domain-specific BERT
models to predict the news inside each designated domain. This hierarchical structure
ensures that the detection process is tailored to the unique characteristics of each domain,
increasing the overall system’s precision and reliability.

To assess the performance and generalizability of our technique, we rigorously tested
the created detection system in five distinct domains: politics, health, science, crime, and
social. We considered as baselines a single-level BERT model (Baseline 1) and the model
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proposed by [12] (Baseline 2). Finally, we assessed the impact of class imbalance on detec-
tion accuracy and explored three different handling approaches; random downsampling,
random upsampling, and class weight adjustment.

Contributions: The key contributions of this paper are as follows:

e  Introduction of BERTGuard: We propose BERTGuard, a novel two-tier solution for
multi-domain fake news detection utilizing BERT-based models, which addresses lim-
itations in existing methods by improving the semantic understanding of textual data.

e  State-of-the-art performance: We carry out an extensive evaluation of our proposed
approach by comparing it against existing alternative solutions and demonstrate that
BERTGuard outperforms existing methods by achieving a 27% improvement in accu-
racy and a 29% increase in F1-score across multiple benchmark datasets, establishing
a new state-of-the-art in fake news detection.

¢ C(Class imbalance analysis: We analyze the impact of three methods for dealing with
the class imbalance inherent to these domains, providing valuable insights for future
research and practical applications in fake news detection.

Organization: The structure of this paper is as follows. Section 2 provides the background
and a review of the literature. In Section 3, we present our proposed multi-stage solution for
fake news detection, BERTGuard. In Section 4, we outline the experimental methodology
employed in our study, providing details on the datasets and the evaluation metrics utilized.
Section 5 presents the experimental results and analyzes the findings. Lastly, Section 6
concludes our paper.

2. Background and Related Work
2.1. Fake News Detection

Fake news consists of false information presented in various formats, including articles,
images, or videos, that are spread across social media platforms to mimic genuine news
content [17]. Such fake news is deliberately designed to deceive and influence readers into
accepting the presented content as true [18]. Fake news can be generated using various
tools, including bots, trolls, and social robots [18]. Social robots take advantage of fake
news and input from readers. These bots are first designed as computer algorithms to
engage in online disputes and spread false information. As a result, fake news causes a
problem because of its ease of dissemination while potentially covering a wide variety
of topics and targeting an immense number of websites. This directly influences readers
since it deals with topics including democracy, media, health, money, and social concerns,
among others [19].

Recent research examined how artificial intelligence (Al) influences user processing of
and reactions to fake news in GenAl contexts [20]. The study used a heuristic-systematic
model and diagnosticity to develop a cognitive model for processing fake news. It discov-
ered that people with high heuristic processing mechanisms are more adept at distinguish-
ing false information due to improved positive diagnostic perception than those with low
heuristic processing. Furthermore, users’ perceived diagnosticity of fake news from GenAl
may be anticipated using their heuristic systematic evaluations [20].

Deep learning (DL) is becoming more popular for detecting false news than other
traditional ML approaches. Manually constructing features in traditional ML can be time-
consuming and can contribute to biases [21]. However, DL needs a bigger dataset to train
the model [21]. On the other side, DL has proven outstanding for the identification of fake
news by automatically extracting useful information. Fake news detection methods that
include convolutional neural networks (CNNs) [22], recurrent neural networks (RNNSs) [23],
BERT [24], and graph neural networks (GNNs) [25] have all been used to detect fake news.

The COVID-19 pandemic in 2020 highlighted the critical need for detecting fake news,
as false information about the virus spread extensively on social media. This ‘infodemic’,
as termed by the World Health Organization (WHO) [26], encouraged researchers to
propose a CNN-based model utilizing word embedding to detect COVID-19-related fake
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news [27]. This architecture employed a grid search to optimize the model hyperparameters,
enabling the proposed CNN model to achieve impressive results, including a 96.19%
mean accuracy and a 95% mean Fl-score, outperforming several state-of-the-art machine
learning algorithms.

Nasir et al. [28] developed a hybrid model that integrates a CNN and long short-term
memory (LSTM). The CNN extracts the features, while LSTM captures the long-term de-
pendencies. The approach uses Global Vectors for Word Representation (GloVe), which are
pre-trained word embeddings that represent words as vectors. This methodology surpassed
seven established ML techniques in terms of performance: logistic regression, random
forest, multinomial naive Bayes, k-nearest neighbors, decision tree, CNNs, and RNNs.

Kaliyar et al. [29] developed a deep-learning network based on pre-trained GloVe word
embeddings called FNDNet. Three convolutional pooling layers gathered characteristics
from word embedding vectors, which were then classified using additional convolutional
pooling and dense layers.

Saleh et al. [30] proposed an optimized DL approach, OPCNN-FAKE, based on CNN
architecture. They assessed its performance against RNNs, traditional ML approaches,
and LSTM. The model includes an embedding layer that generates embedding vectors,
a dropout layer for improved regularization, a convolution-pooling layer for extracting
and reducing features, a flattened layer that produces a one-dimensional vector, and an
output layer that decides whether the input text is fake or real based on the previous
layer’s output.

Yang et al. [31] designed another CNN-based approach (TI-CNN) that detects fake
news by integrating obvious and hidden features from text and picture data. The authors
evaluated their approach to various models such as LSTM, GRU, and CNN. Similarly, Raj
and Meel [32] developed a CNN approach that uses text and image data to categorize inter-
net news. However, these methods may fail to capture long-term contextual information.
Furthermore, the word embedding does not capture context-specific information inside
the text.

Hashmi et al. [33] proposed a thorough approach to detecting fake news utilizing
three publicly available datasets: WELFake, FakeNewsNet, and FakeNewsPrediction. They
combined FastText word embeddings with a range of ML and DL methods, improving these
algorithms through regularization and hyperparameter optimization to reduce overfitting
and to boost model generalization. Significantly, a hybrid model that integrated CNNs and
LSTMs and was enhanced with FastText embeddings surpassed other methods in terms of
classification performance across all datasets, achieving accuracy and F1-score of 99%, 97%,
and 99%, in WELFake, FakeNewsPrediction, and FakeNewsNet respectively.

Transformer-based models have also been explored for fake news detection. Bidi-
rectional Encoder Representations from Transformers (BERT) is a DL model designed to
generate text, analyze sentiment, and understand natural language. It leverages trans-
former encoders to perform various natural language processing (NLP) tasks [34]. BERT
has been employed in previous studies to achieve superior results on various sentiment
analysis tasks [35]. Despite being pre-trained on a large set of textual data, BERT needs
to be modified to perform efficiently on a given task [36]. Several versions of BERT ex-
ist in the literature, with each tailored to specific domains or tasks. Some notable BERT
versions include:

¢ RoBERTa: Robustly Optimized BERT Pretraining Approach (RoBERTa) is a variant
of BERT designed to improve the training process. It was developed by extending
the training duration, using larger datasets with longer sequences, and employing
larger mini-batches. The researchers achieved significant performance enhancements
by adjusting several hyperparameters of the original BERT model [37].

e DistilBERT: DistilBERT is a more compact, faster, and cost-effective version of BERT,
which is derived from the original model with certain architectural features removed
to enhance efficiency [38]. Similar to BERT, DistilBERT can be fine-tuned to achieve
strong performance in various natural language processing tasks [39].
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e  BERT-large-uncased: This is a BERT model with 12 more transformer layers, 230 mil-
lion more parameters, and a larger embedding dimension, allowing the model to
encapsulate much more information than BERT-base-uncased [40].

e BERT-cased: This is a model trained with the same hyperparameters as first published
by Google [39].

e ALBERT: ALBERT is short for ‘A Lite’ BERT and is a streamlined version of BERT
designed to reduce memory usage and accelerate training. It employs two primary
parameter-reduction techniques: dividing the embedding matrix into two smaller
matrices and using shared layers grouped together [41]. ALBERT is recognized for
its reduced number of parameters compared to BERT, which enhances its memory
efficiency while still delivering strong performance. These variations highlight BERT’s
adaptability across various domains and its potential for tailored customization to
specific tasks.

Table 1 summarizes the latest key advancements in fake news detection utilizing
transformer models.

Table 1. The main transformer-based fake news detection models.

Ref. Year Model Covered Multi-Domain?

[11] 2023 BiLSTM, Hybrid CNN+RNN, CNN, C-LSTM, and BERT No

2] 2023 "GAT for modeling socil nework foaures No

[43] 2023 BERT No

[44] 2023 BERT + LightGBM No

[45] 2023 SBERT, RoBERTa, and mBERT No

[46] 2023 Hybrid er}semble learging Ir}odel: BERT for text classificatiqn tasks No
Ensemble learning models, including Voting Regressor and Boosting Ensemble

[47] 2023 CT-BERT with BiGRU No

[48] 2023 BERT, LSTM, BiLSTM, and CNN-BiLSTM No

[49] 2023 DistilBERT and RoBERTa No

[50] 2023 hybrid model combining LSTM and BERT with GloVe embeddings No

[51] 2023 TF-IDF N-gram, BERT, GloVe, and CNN No

[52] 2022 Arabic-BERT, ARBERT, and QaribBert No

[53] 2022 BERT, XLNet, RoBERTa, and Longformer No

[34] 2022 BERT with Reinforcement Learning Gossip (Socizle)san d Political

[54] 2022 BERT No

[55] 2022 BART and RoBERTa No

[12] 2021 FakeBERT: Combination of BERT and 1d-CNN Social a:gspohﬁcal

[56] 2021 ALBERT, BERT, RoBERTa, XLNet, and DistilBERT No

(571 2021 BERT Yes

Political, Social, and Health

A comparative study was carried out involving five transformer models: BERT, AL-
BERT, RoBERTa, XLNet, and DistilBERT [56]. The authors ran the comparison with different
hyperparameter combinations and yielded equivalent results.

Another comparative study investigated cross-domain models’ effectiveness and
found that BERT-based models achieved the best detection accuracy [11].
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Subsequently, a deep learning model combining BART and RoBERTa was developed
to differentiate between true and fake news articles [55]. The embeddings from both BART
and RoBERTa were first processed through LSTM and CNN architectures and were then
concatenated and further processed through additional LSTM and CNN layers.

In addition, Kaliyar et al. [12] introduced FakeBERT, a deep learning model for fake
news detection that leverages BERT in conjunction with 1D CNNs of various kernel sizes
and filter configurations to enhance classification performance. BERT is used to generate
word embeddings, which are subsequently processed through three parallel convolutional
layers with different kernel sizes. The dataset used encompasses both social and political
news, with a focus on the U.S. presidential election of 2016. This BERT-based approach
achieved an impressive 98.9% detection accuracy, outperforming other ML techniques.

An attention-based transformer model has also been employed to detect fake news [58].
The authors compared their approach with a hybrid CNN model that integrates both text and
metadata. The transformer model demonstrated superior accuracy compared to the hybrid
CNN model. However, transformer-based methods often involve significant computational
costs and require large amounts of training data.

Using single datasets for fake news detection has several limitations. First, they
provide limited coverage: single datasets may focus on specific topics or domains, such
as political statements or social media posts, leading to a lack of diversity in the types
of fake news covered [59]. Second, there is dataset bias: datasets constructed only with
specific types of news, such as political or e-commerce news, can lead to biased models that
perform poorly when detecting news related to other topics, resulting in dataset bias [59,60].
Third, there is a lack of labeled data: the shortage of labeled data for training detection
models impedes the development of effective fake news detection systems [54]. Fourth,
there are problems with overfitting and generalizability: limited and imbalanced datasets
can cause machine learning and deep learning models to overfit or underfit, affecting their
ability to generalize and perform well [61,62].

To overcome these limitations, it is crucial to utilize a diverse set of publicly available
evaluation datasets for fake news detection and incorporate multiple domain-specific
datasets. Implementing cross-domain, cross-language, or cross-topic analyses provides
a comprehensive approach by incorporating datasets across various domains or topics,
thereby enhancing the detection process and improving the generalizability of fake news
detection models [63].

Many studies on the automated detection of fake news have relied on datasets confined
to a single domain, such as political, social, or health domains, for model training and
evaluation. This focus on a single domain is driven by the performance decline observed
in these machine and deep learning techniques when they encounter unseen data from
other domains. Domain-specific features, particularly style-based attributes, can vary
significantly across different domains [63]; consequently, features must be carefully selected
to distinguish between fake and real news within the specific domain being examined.

The current state-of-the-art highlights the need for further research across various
domains. As a result, comprehensive cross-domain techniques for fake news detection are
essential, despite some previous studies attempting to tackle this issue using cross-domain
data, such as the recent work done by Alnabhan and Branco [11].

Other works exist that address the multiple-domain problem in detecting fake news.
Han et al. [64] proposed a continuous learning approach for domain-agnostic fake news
detection that utilized a graph neural network to sequentially learn across multiple domains.
However, this method has two drawbacks: (1) it assumes that new domains will arrive in a
specific sequence, and (2) it presumes that these domains are already known, which is not
the case in real-world data streams. In contrast, Cardoso et al. [65] introduced a method
that retains knowledge across different domains by leveraging a robust, optimized BERT
model to select informative instances for manual annotation from a large, unlabeled dataset.
Consequently, earlier studies explored integrating information from multiple domains to
develop a cross-domain fake news detection model. For example, Castelo et al. [66] trained
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a model on the Celebrity dataset and tested it on the US-Election2016 dataset to determine
the generalizability of their approach.

Huang et al. [57] proposed a novel framework for detecting fake news in new domains
called DAFD: Domain Adaptation Framework for Fake News Detection. The framework
combines domain adaptation and adversarial training strategies to align the data distri-
bution of the source and target domains and enhance the model’s generalization and
robustness. The framework consists of a pre-training phase, where the data distribution
alignment is performed, and a fine-tuning phase, where adversarial examples are gener-
ated to further improve the model’s performance. Experiments conducted on real datasets,
including PolitiFact, GossipCop, and COVID show that DAFD outperforms state-of-the-art
methods for detecting fake news in new domains with a small amount of labeled data.
The framework’s components were analyzed, showing that both domain adaptation and
adversarial training are crucial for improving detection performance.

Mosallanezhad et al. [34] proposed a domain-adaptive model called Reinforced Adap-
tive Learning Fake News Detection (REAL-FND). REAL-FND leverages generalized and
domain-independent features to differentiate between fake and true news. This approach is
based on prior findings that suggest domain-invariant features can improve the robustness
and generalizability of fake news detection techniques. For example, it has been noted
that fake news publishers frequently use clickbait writing styles to capture the attention of
targeted audiences, highlighting a domain-invariant characteristic. Moreover, patterns de-
rived from social contexts, such as a user’s comment disputing a news article or interactions
between users and identified fake news disseminators, offer critical supplementary infor-
mation for classifying fake news within a specific domain. In REAL-FND, the approach
departs from the conventional method of using adversarial learning to train cross-domain
models. Instead, it employs a reinforcement learning (RL) component to transform the
learned representation from the source domain to the target domain. Unlike other RL-based
methods that modify model parameters, in REAL-FND, the RL agent adjusts the learned
representations to obscure domain-specific features while preserving domain-invariant
components. This method offers greater flexibility than adversarial training, as the RL
agent can directly optimize the confidence values of any classifier without the need for a
differentiable objective function.

2.2. Fake News Datasets

Researchers identify the primary challenge in fake news detection as the scarcity of
large-scale datasets and the absence of a comprehensive benchmark dataset with reliable
ground truth labels [67]. Furthermore, there are not many datasets with different labels,
sizes, and application domains that can be found online for the detection of fake news.
Certain datasets are sourced exclusively from political statements, while others come from
postings on social media and even news articles. This diversity presents a significant
obstacle in the field of fake news.

Additionally, acquiring datasets for academic research is challenging due to privacy
restrictions on extracting data from online sources. One solution is to purchase data from
these platforms or crowdsourcing websites. Another approach is to utilize existing datasets
from the literature that align with the study’s requirements, such as ISOT [68], PHEME [69],
Liar [70], GossipCop [67], FakeNews (https:/ /www.kaggle.com/competitions /fake-new
s/data, accessed on: 12 May 2024), Fake-OR-Real (https:/ /github.com /joolsa/fake_rea
l_news_dataset, accessed on: 12 May 2024), Snopes (http://fakenews.research.sfu.ca/,
accessed on: 12 May 2024), COVID-19 FakeNews (https:/ /data.mendeley.com/datasets/z
wfdmpbsyg/1, accessed on: 12 May 2024), COVIEN (https:/ /ieee-dataport.org/documen
ts/ covifn-fake-news-covid19, accessed on: 12 May 2024), Politifact (https:/ /www.kaggle.c
om/datasets /rmisra/ politifact-fact-check-dataset, accessed on: 12 May 2024), Climate [71],
and COVID-Claims (https:/ /ieee-dataport.org /open-access/covid-19-fake-news-infod
emic-research-dataset-covid19-fnir-dataset, accessed on: 12 May 2024).
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2.3. Dealing with Class Imbalance

The class imbalance problem has received much attention [72]. However, when
observing the particular domain of fake news detection, we verify that this issue still
has received very little attention. Existing research has shown the prevalence of the
imbalance problem as cases of fake news proliferate, sometimes surpassing those of true
news [73]. This imbalance complicates the development of accurate and trustworthy fake
news detection methods. Overfitting of neural networks due to class imbalance is a key
challenge, highlighting the need for investigation and improvements in this domain [61].

While some studies have explored specific elements of fake news detection models,
including dataset division, features, and classifiers, there has been an insufficient exam-
ination of the limitations of datasets and features and their impact on detection models,
particularly regarding class imbalance [15,61]. Furthermore, the precision of detection
models is significantly unsatisfactory, with a low rate of detection and a lengthy detection
processing duration [59,63,73].

In addition, research has been performed to minimize domain biases and increase
the accuracy of cross-domain fake news detection, which is connected to the difficulty
of imbalanced data across different domains [60]. In addition, a comprehensive review
highlights the constraints of current fake news detection models due to imbalanced and
limited datasets, highlighting the necessity for comprehensive cross-domain techniques to
address these difficulties [59].

Furthermore, learning techniques such as resampling methods (e.g., oversampling
and undersampling), data augmentation, and cost-sensitive learning have been utilized to
balance the class distribution and increase the accuracy of fake news detection models [74].
These approaches have yielded promising results in addressing the class imbalance problem
in fake news detection.

Keya et al. [75] created ‘AugFake-BERT” to control imbalances by data augmentation
to boost the effectiveness of fake news categorization, specifically addressing the influence
of imbalanced datasets on detection models. Similarly, [76] used back-translation as data
augmentation, applying pre-trained word embeddings (Word2Vec, GloVe, and fastText) in
CNN, bidirectional LSTM, and ResNet models for fake news detection.

Mouratidis et al. [77] addressed the class imbalance issue by implementing SMOTE
(Synthetic Minority Over-sampling Technique) to oversample the minority class. SMOTE
is a widely used method for generating synthetic samples to effectively reduce the class
imbalance problem in machine learning models. This approach resulted in an improved
accuracy and Fl-score, improving from 95% and 99% to 98% and 100%, respectively.

Additionally, other methods such as the focal loss function and specific learning
techniques have demonstrated the ability to achieve high accuracy and satisfactory recall,
further mitigating the effects of class imbalance [78].

The amount of research studies conducted highlights ongoing efforts to tackle the
imbalance in fake news detection.

3. BERTGuard: Two-Tiered Multi-Domain Fake News Detection with Class
Imbalance Mitigation

In this section, we outline our BERTGuard approach for fake news detection, which
utilizes a two-stage detection method based on BERT, and we explore the impact of domain-
specific classification. The first stage of our solution entails classifying news domains with
BERT to capture the nuances associated with various sources of information. Then, in
the second stage, we use domain-specific BERT models to determine the validity of news
within their respective areas. Figure 1 presents the BERTGuard detection approach.

We chose to base our approach on BERT due to its proven ability to enhance fake news
detection by capturing complex linguistic patterns and contextual nuances. Numerous
studies have validated BERT’s effectiveness in this domain [11,22,79-82]. In addition,
BERT’s contextualized word representations enable it to capture the nuanced meaning
and context of words and phrases within news articles, which is crucial for distinguishing
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between real and fake news. Moreover, BERT handles the issue of missing information
in fake news detection through its advanced language understanding capabilities and
the ability to capture contextual information. By analyzing the language used in news
articles and comparing it to a database of known fake news, BERT can identify patterns
and inconsistencies that suggest a news article may be fake, even in the presence of
missing information [12]. Additionally, BERT’s fine-tuning capability allows it to adapt
to the nuances of the task and the dataset, which can help mitigate the impact of missing
information on the overall fake news detection accuracy [12].

As depicted in Figure 1, the initial stage of the pipeline employs a BERT-based multi-
class classification model. This model ingests diverse text formats, such as news articles,
and analyzes them to determine and assign a relevant domain.
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Figure 1. BERTGuard fake news detection architecture.

Following initial testing, we discovered that the base version of DistilBERT, a distilled
variant of BERT, outperformed other BERT models and was notably faster in both the
training and testing phases. It was therefore decided to use DistilBERT for classification.

We trained this model on all the training datasets allocated for this purpose. These
training datasets were chosen from five different news domains. We merged the datasets
FA-KES, COVID-EN, COVID-ENIR, FakeNews, ISOT, LIAR, Climate, and GossipCop into
a single dataset for training DistilBERT. The data were preprocessed for classification by
encoding the categories into integer values (crime: 0, health: 1, politics: 2, science: 3, and
social media: 4).

The DistilBERT model was therefore set up to have five labels, one for each category.
The training, validation, and testing datasets were encoded with the DistilBERT tokenizer
and converted into PyTorch tensors. The motivation for domain classification arises from
the fact that a news article often belongs to multiple domains or topics, i.e., news articles
may overlap across different topics. In addition, the domain classification model was tuned
by adjusting the number of epochs, and several iterations of a given epoch were performed
to assess the performance at a given epoch.

Following the domain classification stage, the pipeline directs the input data to a
domain-specific detection model. We conduct an initial testing phase to determine the
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most suitable BERT for each domain. The models in this stage are trained on datasets with
data belonging to that specific domain, making them specialized at detecting fake content
within that domain. The model outputs a boolean value denoting whether the input is
detected as fake or not. Fine-tuning of the models was done to maximize the F1-scores. The
fine-tuning that was done on all of the models above for each category includes epochs,
optimizer, and learning rate.

Five domain-specific models were trained on each of the five domains considered
(crime, health, politics, science, and social media). The pre-trained model selection consists
of the tokenizer, the sequence classifier, and the model itself. Below are all the options used:

1. Tokenizer: BertTokenizer, classifier: BertForSequenceClassification, and model: BERT
(base uncased);

2. Tokenizer: BertTokenizer, classifier: BertForSequenceClassification, and model: BERT
(base cased);

3.  Tokenizer: DistilBertTokenizer, classifier: DistilBertForSequenceClassification, and
model: DistilBERT (base uncased, finetuned SST-2 English);

4. Tokenizer: DistilBertTokenizer, classifier: DistilBertForSequenceClassification, and
model: DistilBERT (base uncased);

5. Tokenizer: RobertaTokenizer, classifier: RobertaForSequenceClassification, and model:
RoBERTa (base);

6. Tokenizer: AlbertTokenizer, classifier: AlbertForSequenceClassification, and model:
ALBERT (base v2).

Overall, BERTGuard incorporates an initial BERT model for domain classification,
followed by five specialized BERT-based models tailored to the detected domain.

In addition, BERTGuard addresses the critical issue of class imbalance in fake news
detection. Our approach includes balancing the training datasets through oversampling
the minority class, undersampling the majority class, and adjusting class weights.

4. Materials and Methods

In our study, we developed BERTGuard: a two-stage fake news detection approach
utilizing BERT and focusing on domain-specific classification. The first stage involves
classifying news domains with BERT to capture the nuances of various information sources.
In the second stage, domain-specific BERT models are used to assess the validity of news
within their respective domains. To establish baselines for comparison, we developed a
model that disregards news domains to serve as the first baseline. We also used a well-
known model using a base version of BERT called FakeBERT [12] as another baseline.
Various versions of BERT were utilized after carefully considering the performance of
and the time required by these models. This dynamic selection process enhances the
adaptability and effectiveness of our solution. Based on these initial experiments, we chose
the following BERT versions for the following news domains:

®  Crime: distilbert-base-uncased-finetuned-sst-2-english;
e Health: distilbert-base-uncased;

e Politics: bert-base-uncased,;

e Science: roberta-base;

e  Social media: distilbert-base-uncased.

For the first stage of our BERTGuard, we trained the DistilBERT model on a merged
dataset comprising the FA-KES, COVID-EN, COVID-ENIR, FakeNews, LIAR, Climate, and
GossipCop datasets. The dataset was preprocessed by encoding categories into integer
values (crime: 0, health: 1, politics: 2, science: 3, and social media: 4). The DistilBERT model
was configured with five labels: one for each category. In the second stage of BERTGuard,
each domain’s model was trained on the training datasets from the respective domain. For
evaluation, we compared the performance of BERTGuard against the baselines.

Our BERTGuard also attempts to mitigate the class imbalance since this is a critical
issue in the fake news detection context. These attempts include balancing the train-
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ing datasets by oversampling the minority class, undersampling the majority class, and
adjusting the class weights.

Oversampling entails boosting the number of instances in the minority class by ran-
domly replicating them. This technique helps mitigate bias towards the majority class,
enhancing the model’s ability to learn from minority class examples.

Conversely, undersampling involves decreasing the number of instances in the major-
ity class by randomly discarding some samples. This approach prevents the model from
being dominated by the majority class, allowing it to concentrate more on learning from
the minority class.

In addition, adjusting class weights is another technique used to address class imbal-
ance. The idea is to assign higher weights to the minority class (e.g., fake news) and lower
weights to the majority class (e.g., true news) during training to ensure that the model pays
more attention to the minority class. The common approach to determining the optimal
class weights is manual tuning. It is to manually tune the class weights based on domain
knowledge or prior experience with the dataset. The choice of class weights is often a
balance between overfitting and underfitting. Assigning excessively high weights to the
minority class can lead to overfitting, where the model becomes overly biased towards
classifying instances as the minority class, potentially reducing its overall accuracy and
effectiveness. Conversely, setting the weights too low can result in underfitting, where the
model does not adequately learn from the minority class, leading to poor performance in
those examples. This required experimenting with different weight values and evaluating
the model’s performance on a validation set.

Regarding the main baseline model, we developed a BERT (base uncased) model
for one-stage fake news detection (Baseline 1) without paying attention to news domains.
The implementation is based on what we did in the domain classification model, with the
following changes: the label column will be either “1” or ‘0", corresponding to ‘fake’ or ‘not
fake’, and this will be the target for the detection model.

The other baseline (Baseline 2) that we used from the literature, FakeBERT [12], was
trained on the same dataset used to train our main baseline.

4.1. Data Collection

We chose the most widely used and publicly available datasets related to the following
fake news domains shown in Table 2.

Table 2. Characteristics of the datasets used in our experiments.

Dataset Domain True Fake
FA-KES Crime 426 378
Snopes Crime 195 120
COVID-FNIR Health 3795 3793
COVID-Claims Health 1591 1230
COVID-FN Health 2061 1058
Pheme Politics 5089 1335
Liar Politics 7176 5669
1ISOT Politics 23,481 21,417
Politifact Politics 11,760 9392
FakeNews Politics 10,413 10,387
Climate Science 654 253
ISOT-small (Science) Science 1000 1000
GossipCop Social 16,817 5323
ISOT-small (Social) Social 1000 1000

Regarding the training data and the preprocessing tasks, the model in the domain
classification stage (the first stage of BERTGuard) is trained on a dataset composed of FA-
KES, COVID-FN, COVID-ENIR, FakeNews, ISOT, LIAR, Climate, and GossipCop datasets.
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These datasets represent the five news domains we selected. The data are processed into
“text” and ‘label” columns. The “text” column contains all the news article content (title and
text) used for detection. The ‘label” column will be either ‘1" or ‘0", corresponding to ‘fake’
or ‘not fake’, which serves as the target for the detection model.

Combining these datasets to train the domain classification model required careful
consideration as some datasets include more textual columns such as ‘title” and “text’.
We concatenated these fields into a single “text’ column containing all relevant content
from the news articles. All other features were stored in a JSON dictionary and kept as
supplementary metadata. By retaining the additional features in a metadata field, they can
be readily accessed if needed for future refinements or other aspects of the project.

The datasets (news articles) we used were already labeled by their respective sources.
We did not perform additional labeling. Each article was assigned a label in the ‘label’
column, where ‘1’ indicates ‘fake’ and ‘0" indicates ‘not fake’. Some datasets had more
than two possible truth values, so articles that were labeled half-true or mostly-true were
labeled as O (True), while articles labeled barely-true or pants-fire were labeled 1 (Fake).
This label was used as the target variable for our detection models.

For domain labeling and categorization, we added a new ‘domain” column to each
dataset, indicating the specific category (domain) of each article based on its content and
source. The domain label is consistent across all news articles within the same dataset.
The domains were categorized into five primary areas: Politics, Health, Crime, Social, and
Science. These categories were encoded into integer values for consistency and ease of
processing as follows: Crime: 0, Health: 1, Politics: 2, Science: 3, and Social: 4. We followed
a systematic approach, splitting the data into training, validation, and testing sets with
a ratio of 7:1:2. We also included essential preprocessing steps and tracked the training
duration to maintain consistency and optimize effectiveness. We tuned the models by
adjusting the number of epochs and running multiple training iterations at a given epoch.

To achieve a unified format for all the collected datasets, comprehensive preprocessing
was performed. This standardization ensures minimal additional processing in later stages
and maintains data consistency across the project. The following steps detail the main
preprocessing tasks:

1. Label standardization: The label values were standardized to ensure uniformity. The
datasets that we utilized in this study were already labeled by their sources. In this
project, ‘1" was assigned to indicate ‘fake’ news, and ‘0’ indicates ‘not fake’ news. Some
datasets originally had multiple classes representing varying degrees of ‘fakeness’.
These were binarized to a fake/not fake format based on criteria that balanced the
dataset as effectively as possible.

2. Text processing:

¢  (leaning: raw data were cleaned to remove irrelevant content such as HTML
tags, scripts, special characters, and advertisements.

e  Standardization: standardized formats were applied, such as converting dates to
a consistent format and removing duplicates.

° Normalization: text normalization included converting text to lowercase, remov-
ing punctuation, and expanding contractions.

e  Tokenization: the text was tokenized to break it down into individual words
or tokens.

e  Stop word removal: common stop words were removed to focus on the most
meaningful words.

*  Lemmatization: words were reduced to their base or root forms through lemma-
tization, aiding in the normalization of text data.

3. Handling missing data: entries with missing titles, bodies, or descriptions were
removed to ensure the integrity of the dataset.

4. Multi-language data: for datasets containing multi-language data, articles were fil-
tered to include only those written in English, ensuring uniformity in text processing
and model training.
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5. Metadata management: all other features not directly used in the primary analysis
were stored in a JSON dictionary as supplementary metadata. This approach allows
these features to be easily utilized if needed for further refinement of the results.

Regarding the detection stage (second stage of BERTGuard), each domain-specific
model was trained using the training datasets that represent that domain. For example,
we used the FakeNews, ISOT, and LIAR datasets to train the political BERT model. The
remaining political datasets (Pheme and Politifact) were used later for final complete
detection system testing.

Data were handled by loading them as a whole category to be used to train and test
models. This process included detecting all feather files, loading them as dataframes, then
concatenating all of the dataframes together to create a combined dataframe. This was
then split using the train_validation_test_split from sklearn, and the subcategories were
used accordingly.

4.2. Evaluation Metrics

The system’s performance was evaluated using various metrics, as detailed in Table 3.
These metrics were chosen to provide a thorough assessment of the model’s effectiveness
at detecting fake news. We included accuracy as well as several metrics suitable for
imbalanced domains. This allowed us to obtain a better understanding of the performance
of the models in an imbalanced setting [83].

Table 3. Performance evaluation metrics.

Metric Formula Evaluation Focus
Accuracy % The proportion of correctly predicted positive and

negative instances out of the total instances.
Precision ; pff ; Measures the positive patterns that are correctly
predicted from the total predicted patterns in a
positive class.
Recall t;% The proportion of actual positive instances that were
correctly predicted by the model.

F1-Score z;riﬁ*nr;c The harmonic mean of precision and recall, balanc-
ing both metrics.

Geometric-mean Vipxtn The geometric mean of recall for each class, focusing

(G-Mean) on the balance between classification performance

across classes.

Note: tp—true positive; tn—true negative; fp—false positive; fn—false negative.

5. Results and Discussion

This section presents the results of our experimental evaluation. We begin by pre-
senting the ad hoc testing results for selecting the best model for each case and domain.
Afterward, we observe the performance of the baseline models considered and BERTGuard.
Then we explore the effect of handling the imbalance problem by adjusting the class weights
and applying upsampling and downsampling.

5.1. Model Selection

In this section, we present the initial ad hoc testing for picking the model for classifica-
tion and detection. This is not meant to be an exhaustive test but rather a quick comparison
between the models when deciding the best course of action.

To select the domain classification model, we used a balanced dataset, with 850 samples
per category in the training/validation data and 160 samples/category in the testing
data. The testing/validation split was 80% to 20%. Table 4 shows the accuracy for each
model used.
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Table 4. Domain classification model results.

Model Average Accuracy Training Time
albert-base-v2 95.8% 724.1373889
bert-base-uncased 92.9% 1933.898181
distilbert-base-uncased 96.8% 96.21049619
distilbert-base-uncased-finetuned-sst-2-english 91.8% 220.6201028
roberta-base 98.6% 1545.978703

While roberta-base achieved a slightly higher average accuracy (98.6%) compared to
distilbert-base-uncased (96.8%), the training time for distilbert-base-uncased was signifi-
cantly shorter. The distilbert-base-uncased model trained in 96.21 s, whereas the roberta-
base model required 1545.98 s.

This substantial difference in training time demonstrates that distilbert-base-uncased
is much more efficient, making it a more practical choice, especially when computational
resources and time are constrained. Moreover, the marginal difference in accuracy (1.8%)
does not justify the significantly higher training time and resource consumption of the
roberta-base model. Therefore, we opted for the distilbert-base-uncased model to achieve a
balance between high accuracy and efficient resource utilization.

For the domain-specialized detection model, another quick testing task took place for
each news domain. Table 5 presents the average accuracies of different models tested for
each domain.

Table 5. The average accuracies of various models on news domains.

Model Crime Health Politics Science Social

albert-base-v2 61.7% 84.8% 67.8% 75.3% 84.2%
bert-base-uncased 61.3% 87.5% 87.8% 74.7% 84.7%
distilbert-base-uncased 60.1% 88.3% 685% 77.7% 95.6%
distilbert-base-uncased-finetuned-sst-2-english 68.8% 86.2% 61.3% 71.6% 84.5%
roberta-base 56.9% 87.6% 71.8% 80.2% 88.7%

bert-base-cased 61.9% 87.1% 69.6% 76.4% 84.7%

For deciding the best model for each news domain, we prioritized the highest average
accuracy for each specific domain:

1. Crime: The distilbert-base-uncased-finetuned-sst-2-english model performed the
best, with an average accuracy of 68.8%. This suggests that the finetuned version of
DistilBERT is better at capturing the nuances in the crime domain.

2. Health: The distilbert-base-uncased model achieved the highest accuracy of 88.3%,
making it the most suitable for health-related news detection.

3. Politics: The bert-base-uncased model had the highest accuracy at 87.8%, indicating
its effectiveness in detecting political news.

4. Science: The roberta-base model excelled in the science domain, with an accuracy of
80.2%, suggesting it handles the specific language and context of science-related news
more effectively.

5. Social: The distilbert-base-uncased model stood out, with a remarkable accuracy of
95.6%, making it the best choice for the social domain.

These selections balance accuracy across various domains, ensuring each model is opti-
mized for the specific characteristics of the content it will encounter. While the roberta-base
model showed strong performance in certain areas, the distilbert-base-uncased variants,
including the finetuned version, offered competitive accuracies with the added benefit of
being more resource-efficient, as noted in previous experiments.
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5.2. Single-Stage Fake News Detection Results

In this section, we present the results of testing the first baseline model (Baseline 1)
that we used in our work. This model is a BERT (base uncased) model trained on the
merged datasets from the domains considered and tested on the set of unseen datasets.
Domain categories were not taken into consideration when training this model. Table 6
presents the precision, recall, accuracy, F1-score, and G-mean when testing the Baseline 1
model, which is the main baseline model we developed.

Table 6. Single-stage fake news detection results—Baseline 1.

Testing Dataset ~ Precision Recall F1-Score Accuracy G-Mean
Snope 0.583011583  0.774358974 0.665198238 0.517460317  0.671907919
COVID-Claims  0.224425887 0.135135135 0.168693605 0.246979389  (0.174148852
Pheme 0.313032887  0.192509363  0.238404453 0.744396015 0.245482712
Politifact 0.486368313  0.18228263  0.265180199  0.49520736  0.297752406
Climate 0.349206349  0.434782609 0.387323944  0.61631753  0.389652213
GossipCop 0.378611058  0.743565658 0.501743044 0.644941283 0.530586638
ISOT-small 0.581487556  0.789125069 0.669578551  0.556974212  0.677396788

The evaluation of Baseline 1 reveals the drawbacks of a non-domain-specific approach.
Across several datasets from various domains, distinct patterns emerge. Starting with
the accuracy and recall measures, the model’s performance varies significantly between
datasets. Notably, in the ‘Snope” dataset, the model shows higher precision but lower
recall, demonstrating a tendency to properly identify true news while missing a significant
proportion of fake news cases. In contrast, in the ‘GossipCop” dataset, the model achieves
a greater recall, indicating a stronger capacity to detect fake news but with a trade-off in
precision. On the other hand, Specialized datasets such as ‘COVID-Claims’ pose distinct
difficulties for the baseline model, as evident in the reduced precision, recall, and F1-
score. This underscores the importance of tailoring models to specific content domains,
particularly those with distinct characteristics such as health-related information.

The baseline model has modest precision and recall in the ‘Politifact’ dataset, indicating
some adaptation across platforms. However, the findings highlight the need for a more
complex, domain-aware strategy for detecting fake and accurate news across several
platforms. However, an unanticipated anomaly appears in the ‘Pheme’ dataset, where
the model achieves significantly higher precision and accuracy than other performance
measures. This anomaly necessitates more analyses to identify potential biases or unique
dataset factors that could have influenced the model’s performance. Understanding such
anomalies is critical for improving the model’s adaptability to different datasets.

The discovered disparities highlight the limitations of creating a one-size-fits-all fake
news detection methodology. While the baseline approach shows promise in some domains,
its performance limits emphasize the need for domain-specific modifications.

5.3. Multi-Domain Fake News Approach

In this section, we present the results of testing our BERTGuard, a multi-tier detection
system, by using unseen datasets that we kept for this purpose. We compared Baseline 1,
the existing Baseline 2 (FakeBERT) solution, and our proposed BERTGuard.

Table 7 shows the overall results of these three solutions averaged across all the
testing datasets.

The results demonstrate that our domain-specific strategy significantly improves
detection performance by leveraging domain-specific information. Moving into more
detailed results of our experiments, Table 8 presents the precision, recall, accuracy, Fl-score,
and the G-mean when testing the proposed BERTGuard for each testing dataset.
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Table 7. Overall results of Baseline 1, Baseline 2 (FakeBERT), and BERTGuard.

Architecture Precision Recall F1-Score  Accuracy
BERTGuard (Domain-Aware) 82% 68% 70% 82%
Baseline 1 (No Domains) 42% 46% 41% 55%
Baseline 2 (FakeBERT) 32% 34% 31% 38%
These results reflect the average testing values for various unseen datasets.
Table 8. The proposed BERTGuard testing results.
Testing Dataset  Precision Recall F1-Score Accuracy G-Mean
Snopes 0.837719298 0.979487179 0.903073286  0.86984127  0.905834043
COVID-Claims  0.956869994 0.976115651 0.966397013 0.961620469 0.966444916
Pheme 0.847560976  0.624719101  0.71927555  0.89866127  0.727658939
Politifact 0.800490597 0.083248299 0.150812601 0.478772693 0.258146239
Climate 0.534798535 0.577075099  0.55513308  0.742006615 0.555534803
GossipCop 0.835781991  0.66259628  0.739180551 0.887579042  0.744168017
ISOT-small 0.898968008 0.868 0.883240223 0.8835 0.883362106

BERTGuard had significant improvements across multiple datasets that reflect mul-
tiple news domains, as evidenced by the precision, recall, F1-score, accuracy, and G-
mean metrics.

The findings from the ‘Snopes” and ‘COVID-Claims’ datasets demonstrate the success
of our domain-specific approach in these crucial domains. With precision reaching 83%
and recall over 97% in ‘Snopes” and precision and recall both exceeding 95% in “COVID-
Claims’, the model exhibits an impressive ability to properly classify both true and fake
news instances, demonstrating its durability in areas where accuracy is critical.

In the ‘Pheme’ dataset, the model performs superbly, with a precision of 84.76%,
suggesting a high proportion of accurately identified fake news events. However, the recall
is rather low at 62.47%, indicating possible difficulties in collecting all instances of fake
news in this particular domain. This intricate balance requires further investigation to fully
comprehend the complexities of information transmission within the ‘Pheme’ dataset.

The model encounters significant obstacles in the ‘Politifact’ and ‘Climate” domains.
‘Politifact’ has a lower precision of 80.05% and a recall of 8.32%, indicating a risk of
false positives. The ‘Climate’ domain, despite obtaining moderate precision and recall,
reveals complexity in differentiating between authentic and fake news in the science-related
domain. In contrast, the model performs well on the ‘GossipCop’ and ‘ISOT-small’ datasets,
with excellent precision and recall values. In ‘ISOT-small’, the model achieves precision and
recall levels that exceed 89%, demonstrating its adaptability and effectiveness in dealing
with a wide range of information across domains.

Across all datasets, our BERTGuard maintains a balanced F1-score, demonstrating
its capacity to perform consistently across domains. Taking domains into considera-
tion improved the detection performance compared to the baseline strategies, which
did not consider news domains in their detection approach. Figure 2 shows the F1-
score comparison between both baselines and the proposed BERTGuard solution with
domain-specific knowledge.

Finally, the domain-specific technique appears to be a promising step toward a system
that can detect fake news with greater adaptability and accuracy. The nuanced performance
across domains emphasizes the significance of designing models to fit the complexities of
unique information sets and domains.
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Figure 2. Fl-scores for both baselines against BERTGuard.

5.4. Overall Impact of Class Imbalance Handling Strategies

This section details the findings from the experiments aimed at assessing the effective-
ness of various strategies for addressing class imbalance, including random upsampling,
random downsampling, and adjustments to class weights. We tested this impact on Base-
line 1, FakeBERT (Baseline 2), and our proposed BERTGuard. We trained each model on
balanced datasets by applying each imbalance strategy individually. The performance
obtained was compared against the model’s performance without handling the class im-
balance. The results shown in Table 9 show the results of this experiment averaged across
all datasets tested. We observe that modifying class weights consistently outperforms the
other strategies, indicating its effectiveness in mitigating the class imbalance in the context
of fake news detection.

Table 9. The impact of class imbalance handling in BERTGuard.

Strategy Precision Recall F1-score Accuracy
BERTGuard
No balancing 82% 68% 70% 82%
Random oversampling 81% 69% 71% 82%
Random undersampling ~ 79% 61% 65% 68%
Adjusting class weights 87% 68% 73% 78%
Baseline 1
No balancing 42% 46% 41% 55%
Random oversampling 46% 48% 45% 52%
Random undersampling  36% 41% 37% 46%
Adjusting class weights 62% 51% 55% 56%
FakeBERT (Baseline 2)
No balancing 32% 34% 31% 38%
Random oversampling 46% 48% 45% 52%
Random undersampling  36% 41% 37% 46%
Adjusting class weights 62% 51% 55% 56%

Note: These results reflect the average testing values for testing using various unseen datasets to include Snope,
COVID-Claims, Pheme, Politifact, Climate, GossipCop, and ISOT-Science.

These findings underscore the importance of treating class imbalances in fake news
detection, with class weighting being the most effective strategy among those tested,
while downsampling did not consistently improve the model’s performance across all
testing datasets.
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5.5. Impact of Balancing Datasets by Adjusting Weights

The effort to address class imbalance through adjusting weights in the dataset has
yielded distinctive outcomes for the baselines and the proposed domain-specific fake news
detection approaches. Figures 3 and 4 show the effect of handling the class imbalance issue
by adjusting the class weights on both the main baseline (Baseline 1) we developed and the

BERTGuard approaches.
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Figure 3. The effect of handling the imbalance on the main baseline (Baseline 1) F1-scores by adjusting
the class weights.
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Figure 4. The effect of handling the imbalance on the BERTGuard Fl-scores by adjusting the
class weights.

The class weight adjustment approach results in significant improvements in some
domains. Notably, ‘Snopes” and ‘COVID-Claims’ show high precision and recall rates,
demonstrating the model’s expertise in these critical domains. The targeted changes in
class weights show the potential efficacy of domain-specific techniques for resolving class
imbalance. Significant advances in ‘Pheme” and ‘GossipCop’ were demonstrated by gaining
higher precisions, recalls, and F1-scores. The model’s adaptability in capturing complex
information transmission within these domains demonstrates the advantages of altering the
class weight in the detection task as well as the possibility for domain-specific techniques
to efficiently handle class imbalance over the baseline approach with no domains.

Despite efforts to address the imbalance, difficulties exist in some domains, as seen
in the ‘Politifact” and ‘Climate’ datasets. The models struggle to achieve a harmonious
balance between precision and recall in several domains, implying that domain-specific
complications may necessitate more specialized tactics than simple class weight modifica-
tions. Figure 5 presents a comparison between the baselines and the BERTGuard F1-scores
after handling the class imbalance by adjusting the class weights.
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Figure 5. Fl-scores of both baselines and BERTGuard after treating the imbalance by adjusting
class weights.

In conclusion, the findings highlight the approach’s versatility across a variety of
datasets while also noting ongoing problems in specific domains. Balancing datasets by
altering class weights is a complicated process. The domain-specific methodology demon-
strates promising advances in the majority of the domains, emphasizing the importance of
continuing refinement and adaptation. The findings also highlight the dynamic nature of
fake news identification, emphasizing the need for specific imbalance handling solutions
to navigate the intricacies of various domains.

5.6. Impact of Balancing Datasets by Upsampling

In this section, we investigate handling class imbalance by using the random over-
sampling technique. Although this technique shows enhancements over unbalanced cases,
upsampling performed more poorly compared to adjusting the class weights. Figure 6 shows
the effect of the random oversampling technique on our proposed BERTGuard approach.
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Figure 6. The effect of random oversampling on BERTGuard F1-scores.

The F1-scores improved notably across multiple datasets as compared to the baseline.
The F1-scores topped 89% in ‘Snope’ and ‘COVID-Claims’, showing a significant improve-
ment in both precision and recall. The approach achieved balanced precision and recall in
both ‘Gossipcop” and ‘ISOT-small’, indicating an effective trade-off between false positives
and false negatives in both the baseline and domain-specific approaches.
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While some datasets” F1-scores improved when compared to the imbalanced baseline,
others declined. Notably, ‘COVID-Claims” and ‘Pheme” had lower F1-scores for the baseline
approach, showing the limitations of the baseline model even in a balanced setting. In the
domain-specific approach, several datasets, such as ‘Politifact’ and ‘Climate’, nevertheless
faced difficulty, with lower Fl-scores. This indicates that upsampling alone might not fully
address the complexities in certain domains, and other techniques may perform better,
such as adjusting the class weights.

In conclusion, while both upsampling and class weight adjustment strategies help to
improve fake news detection in imbalanced datasets, the class weight adjustment approach
displayed superior adaptability and competitive or superior F1-scores across many datasets,
as presented in Figure 7.
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Figure 7. Fl-score comparison between upsampling and class weight adjustments on BERTGuard.

5.7. Impact of Balancing Datasets by Downsampling

In this section, we investigate handling the class imbalance by using the downsampling
technique. Although this technique has shown enhancement over the unbalanced case in
different classification tasks, it did not help in our context.

Balancing the class distribution in the used dataset using random undersampling had
a noticeable effect on the performance of our fake news detection approach. Looking at
the Fl-scores before and after treating the class imbalance using random undersampling,
we can see that for most of the datasets, the Fl-scores decreased slightly with training
the models on balanced datasets by randomly undersampling the majority class. This
could be due to the loss of information that occurs when randomly removing instances
from the majority class during undersampling. However, it is important to note that
while the F1-scores decreased, they are still relatively high, indicating that our model still
performs well even after balancing the dataset. Figure 8 presents the F1-score results for the
proposed BERTGuard after applying the random undersampling technique for handling
class imbalance.

Regarding the baselines, downsampling produced mixed results. While there were
advances in ‘Pheme’” and ‘Politifact’, other datasets such as “COVID-Claims’ and ‘Snope’
had difficulties, leading to decreased precision. Furthermore, ‘GossipCop” and ‘ISOT-small’
revealed a trade-off between precision and recall, highlighting the difficulty of attaining
balanced performance through downsampling alone. Figure 9 presents the F1-scores for
the Baseline 1 (single-stage) detection model after applying the downsampling technique
for handling the imbalance.
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Figure 9. The effect of random undersampling on Baseline 1 F1-scores.

The performance of downsampling was context-dependent, with certain datasets
favouring this approach over others. This underscores the importance of understanding the
intricacies of each dataset to tailor the strategy accordingly. It performed well in some cases
compared to the non-balanced case but had worse performance than the other imbalance
handling techniques. Figure 10 compares the F1-score results when utilizing all three class
imbalance handling techniques in the proposed domain-specific approach.
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Figure 10. The effect of using upsampling, downsampling, and class weight adjustment vs. no
handling technique on BERTGuard.

Another observation is that the F1-scores for some datasets, such as Climate, remained
relatively stable after balancing, while others, like Politifact and Climate, saw a more
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significant decrease. This variation could be due to the nature of the datasets and the
distribution of the classes within them.

Downsampling was not effective for improving the precision—recall balance and was
not helpful in most other datasets. Upsampling, while beneficial in some domains, has
drawbacks, including susceptibility to information nuances, and it handled more datasets
than the downsampling technique. Class weight modification emerges as a consistently
adaptive method for preserving and improving detection accuracy across diverse datasets
and domains. The domain-specific character of issues, as seen in ‘Politifact’, necessitates
nuanced studies and future model changes.

6. Conclusions

In this paper, we propose BERTGuard: a thorough, domain-specific strategy within
the multi-domain fake news detection framework. Our methodology builds upon the
unique characteristics that exist in various news domains. BERTGuard, a two-tiered fake
news detection approach, includes domain categorization and domain-specific analyses
using various BERT models. Our proposed approach demonstrates enhanced adaptability
and precision across diverse information environments by leveraging multiple datasets
from various domains simultaneously. To the best of our knowledge, this setting has
not been explored previously. Our research also takes a methodical approach to the
challenging obstacle of class imbalance in multi-domain fake news detection. We determine
the best-performing strategy by rigorously evaluating handling strategies such as random
oversampling, random undersampling, and class weight adjustment. This strengthens the
detection system against the difficulties of imbalanced datasets. Our BERTGuard approach
outperformed state-of-the-art solutions for fake news detection in a multi-domain setting.

Our findings provide a solid framework for comprehensive and deep fake news
detection approaches and provides useful insights for practitioners looking for effective so-
lutions to class imbalances in this critical domain. Future research should focus on refining
the domain-specific methodology, exploring new information domains, and investigating
developing solutions for dealing with increasing issues in the dynamic landscape of fake
news. Future studies should also use transfer learning to build stronger models capable of
detecting fake news patterns across other domains. In addition, future work will involve
exploring various anomaly detection methods to address unanticipated anomalies and
class imbalances more effectively. By integrating these techniques, we aim to refine our
model’s ability to manage diverse and imbalanced datasets, thereby improving detection
accuracy and reliability across different domains.
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Abstract: This study investigates the impact of social media use on faculty job performance, exploring
the mediating roles of internal communication and teamwork. Drawing on the Uses and Gratifications
theory, we examine how faculty members utilize social media for three distinct purposes: social
interaction (social use), enjoyment (hedonic use), and information seeking (cognitive use). We analyze
how these three dimensions of social media use influence teachers’ performance, encompassing
both routine and innovative aspects. This analysis is based on data collected via an online survey
completed by 456 faculty members at public state colleges in northern India in 2024. Structural
Equation Modeling (SEM) was used to test the hypotheses. The findings reveal that social, hedonic,
and cognitive use of social media positively affects faculty innovative and routine job performance,
with teamwork and internal communication acting as partial mediators in this relationship. This
research offers valuable insights for faculty development professionals, educational administrators,
and policymakers.

Keywords: social media use (SMU); job performance (JP); internal communication (IC); teamwork
(TW) and sequential mediation model

1. Introduction

The extensive spread of internet technology is fundamentally changing how academics
interact, share information, and collaborate with colleagues and stakeholders [1]. Social
media (SM) is a driving force in education, providing new avenues for academics to
share their work and connect with a vast network of scholars and experts [2]. Similarly,
new technologies empower organizations with capabilities they previously lacked. Social
media, along with other technical advancements, has demonstrably improved organizations
by enabling a wide range of applications and functionalities, from enhanced demand
forecasting to the development of innovative marketing strategies and business models [3,4].
Unsurprisingly, SM has been described as a revolutionary force, transforming the ways
people connect, communicate, consume information, and create valuable content [5].

Social media refers to a collection of online resources that facilitate the creation and
exchange of user-generated content, building upon the foundations of Web 2.0, a concept
that emphasizes user-generated content and collaboration [6]. Currently, social media
empowers individuals to expand their social networks and maintain ongoing communica-
tion. Internal communication, on the other hand, refers to the communication channels
organizations utilize to manage relationships with and among employees [7]. Tools like
newsletters, intranets, and bulletin boards can streamline these interactions, fostering a
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more engaged workforce. Businesses leverage a variety of internal communication channels
to enhance teamwork, communication between staff and stakeholders, and ultimately, job
performance [8]. Social media’s unprecedented power lies in its ability to create teams and
improve teamwork across various departments within a company [9]. Social media also
facilitates communication, team collaboration, and project management processes [10,11].

Similarly, social media use has permeated academia [12]. Because social media is
becoming more and more ingrained in educators’ personal and professional lives, research
on how it affects work performance in the teaching profession is crucial [13-15]. These
online social platforms serve a multitude of functions for academics, encompassing core
academic tasks like research and teaching, as well as professional development, profile
building, information sharing, and social and professional networking [16,17].

The aim of the study is to investigate the impact of social media use on faculty job
performance, exploring the mediating roles of teamwork and internal communication. It
offers several key contributions that differentiate it from previous research in this area. First,
this study breaks new ground by identifying internal communication and teamwork as the
mediating processes through which social media use influences faculty performance. While
prior research has established a connection between social media and job performance [11,18],
it often fails to explain the “how” behind this relationship. This study fills this gap by
proposing a novel framework that reveals the crucial role of internal communication and
teamwork in facilitating the positive impact of social media on faculty job performance.

Second, this study delves deeper by exploring the contingent effects of different social
media usage dimensions (social, hedonic, cognitive) on job performance. Current research
often treats social media use as a monolithic concept, limiting our understanding of its
nuanced effects [10,19]. This study breaks away from this approach by examining how
the type of social media use (focusing on social interaction, entertainment, or information
gathering) influences the strength of the mediating effects (internal communication and
teamwork). This study concentrated on employees who use Facebook and LinkedIn since
these platforms offer three crucial components of usage: social, hedonic, and cognitive.
Facebook is often used for social and hedonistic purposes, providing users with enter-
tainment and personal connections, while LinkedIn is mostly utilized for cognitive and
professional aims, such as networking, learning, and career development.

This reveals a more intricate picture, where the effectiveness of social media in enhanc-
ing faculty performance depends on the specific way it is used.

Third, this study addresses a critical gap in the literature by focusing on faculty
performance, particularly examining its two key dimensions: innovative and routine tasks.
While prior research explores social media’s impact on general work performance (e.g., [20]),
faculty members face unique demands. This study delves deeper by investigating how
social media use influences both innovative tasks like research collaboration and knowledge
dissemination, as well as routine tasks like student engagement. By examining these distinct
performance dimensions, the study provides valuable insights for tailoring strategies and
policies. Given the increasing prevalence of social media usage in both personal and
professional contexts, it is critical to comprehend the effects these platforms have on
teachers’ efficiency, ability to manage their time, and job performance.

Fourth, by identifying internal communication and teamwork as mediating processes,
this study offers valuable insights for faculty development and institutional policies. It in-
forms strategies for promoting effective social media use within academic settings, fostering
collaboration, and communication, and ultimately, enhancing faculty performance.

Additionally, this study specifically focuses on teachers, a unique workgroup whose
job performance and effectiveness are distinct from other professions. The specificity
of teachers” work is highlighted in this research, addressing the unique challenges and
dynamics they face. This focus is crucial as it ensures that the findings are relevant
and accurately reflect the academic context, which may not be directly applicable to
other professions.
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The paper is structured as follows. After the introduction, we present a research
background that outlines the research model. This model depicts the relationships between
social media use, job performance, internal communication, and teamwork, drawing
upon established theoretical concepts. In light of these theories, we discuss the specific
hypotheses of the study. Next, we conduct data analysis to test the hypotheses. Finally,
the paper concludes by discussing the results and their corresponding theoretical and
practical implications.

2. Theoretical Background and Research Hypothesis
2.1. Theoretical Background

This research investigates the potential for social media to indirectly influence faculty
job performance through the mediating factors of internal communication and teamwork.
The model outlined in Figure 1 depicts this mediated relationship. This aligns with the
concept of a mediated model in social science research, where an independent variable
(social media use) can have an indirect effect on a dependent variable (job performance)
through the influence of mediating variables (internal communication and teamwork) [21].
We develop hypotheses based on existing research to understand the specific relationships
between these factors.

Internal

Communication

Social Media

Job Performance

Teamwork

Figure 1. Research model.

Use of Social Media and Job Performance

This research investigates the motivations behind faculty members’ engagement with
social media and its potential influence on job performance. Social media use (SMU) serves
as the independent variable, representing the faculty members’ engagement with social
media platforms. Job performance, on the other hand, is the dependent variable, reflecting
the effectiveness of faculty members in their roles. The Uses and Gratifications (U&G)
theory [22] provides a valuable framework for understanding the motivations behind
SMU. U&G theory posits that individuals actively choose media to fulfill specific needs,
categorized as social, hedonic, and cognitive [11,23]. Social media’s unique characteristics
make it a platform that can cater to all three need categories. Here is why we focus on these
three dimensions:

e  Social Use: Faculty members can leverage social media to maintain and strengthen
relationships with colleagues [11].

e  Hedonic Use: Social media can cater to hedonic needs by providing opportunities for
entertainment and relaxation [11,23].

o  Cognitive Use: Social media platforms are valuable tools for knowledge acquisition
and information sharing [24,25].

Job performance refers to the effectiveness with which faculty members fulfill their
job duties and responsibilities. This research focuses on two key dimensions of JP.

Innovative Job Performance. This dimension encompasses behaviors that go beyond
the official job description and involve creativity [26]. It includes generating and im-
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plementing original ideas, tackling challenges with innovative solutions, and forming
collaborations to bring new ideas to fruition [27-29].

Routine Job Performance. This refers to the consistent and dependable completion
of essential tasks, obligations, and responsibilities [26,30]. Examples include meeting
deadlines, delivering lectures effectively, and grading assignments accurately.

2.2. Direct Effect of Social Media Use on Job Performance (H1-H3)

The impact of social media use (SMU) on work performance has been a topic of
growing interest [31,32]. This research delves deeper by examining the specific effects of
SMU on two key dimensions of job performance: routine and innovative. Technology
is a major driver of rapid change in the business world [33]. Social media has become a
prominent tool for organizations, with some studies suggesting it can positively influence
job performance [34]. Shang et al. [35] highlight the use of social media platforms by
administrations for various functions and development purposes. Ali-Hassan et al. [11]
found that social media use enhances workers’ abilities to generate, share, and acquire
information, potentially leading to increased productivity. However, Liu et al. [36] and
Zahmat Doost and Zhang [37] suggest that while social media use in the office can improve
communication quality, it can also lead to job interruptions. Therefore, effectively utilizing
social media is crucial for organizations to improve job performance.

Social media platforms offer faculty members a unique set of tools for communication,
collaboration, and knowledge acquisition, which can be particularly beneficial for fostering
innovative job performance (IJP). Studies suggest that the social use of social media (SU)
can facilitate the exchange of ideas and expertise among colleagues [11]. For example,
faculty can leverage social media to connect with researchers in their field, participate in
online discussions on emerging topics, and share their own findings. This exposure to
diverse perspectives and the exchange of knowledge can stimulate creative thinking and
problem-solving, potentially leading to the generation of innovative ideas and solutions.
Additionally, SU can be used to build and maintain relationships with colleagues [11],
fostering a sense of community that can lead to increased collaboration on innovative
projects. Therefore, we propose the following hypothesis:

H1a. Social use of social media (SU) is positively associated with innovative job performance (IJP).

Studies suggest that social media can foster closer relationships and enhance com-
munication within educational settings [15]. This aligns with the concept of SU, which
encompasses activities like building connections, sharing information, and participating
in online discussions with colleagues. Faculty can leverage these capabilities to facilitate
communication and collaboration, potentially leading to streamlined completion of routine
tasks. For example, social media platforms can be used to share course materials, updates
on curriculum or departmental policies, and best practices for teaching. This can save time
faculty would otherwise spend searching for information or reinventing the wheel. Addi-
tionally, faculty can utilize social media to collaborate on projects, troubleshoot challenges,
and share resources, potentially leading to increased efficiency in completing routine tasks
like lesson planning and grading.

Research highlights the potential of social media as a tool for communication and
collaboration within organizations [9]. This directly connects to the potential benefits of
SU for faculty members. By efficiently sharing resources and information with colleagues
through social media platforms, faculty can save time searching for materials. For instance,
a faculty member might use social media to inquire about specific software or request rec-
ommendations for textbooks, receiving quick and relevant responses from colleagues. This
saved time can then be directed towards completing other routine job tasks more efficiently.

Studies also suggest that social media can contribute to a sense of community within
a department or institution [18]. This sense of community fostered by SU can lead to
increased morale, collaboration, and a more supportive work environment. When faculty
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feel connected and supported by colleagues through online interaction, it can improve
motivation and potentially lead to increased efficiency in completing routine job duties.
For example, social media can facilitate knowledge exchange and problem-solving among
faculty members. A faculty member encountering a challenge can leverage social media to
seek advice from colleagues with expertise in the specific area. This type of online support
can lead to quicker resolution of issues and improved efficiency in completing routine tasks.
Therefore, we hypothesize:

H1b. Social use of social media (SU) is positively associated with routine job performance (RJP).

The relationship between the hedonic use of social media (HU) and innovative job
performance (IJP) appears complex and multifaceted. Some research suggests the potential
benefits of social media platforms. They can help reduce stress and improve communication
among colleagues [36,37]. This improved communication could foster collaboration and
idea-sharing, potentially leading to more innovative outcomes. Additionally, social media
can connect individuals with diverse perspectives and information sources, which can be
valuable for creative problem-solving [11].

However, other studies highlight the potential drawbacks of HU. Social media’s
constant notifications and rapid updates can fragment attention and hinder the deep
concentration needed for innovative thinking [38]. This fragmented attention could hinder
the deep concentration needed for creative problem-solving and innovative thinking,
potentially reducing IJP. Social media can significantly reduce the time dedicated to “deep
work”—focused, uninterrupted effort required for innovation [39]. Mark et al. [40] found
that even brief social media interruptions could significantly hinder task resumption and
performance. This suggests HU could limit the time faculty have for deep work, potentially
affecting their ability to generate innovative ideas. Taking into account the mixed nature of
the existing literature, we hypothesize:

H2a. There is a relationship between hedonic use of social media (HU) and innovative job perfor-
mance (IJP).

The relationship between hedonic social media use (HU) and routine job performance
(RJP) appears multifaceted too. Research suggests that using technology for purely leisure
purposes can lead to inefficiencies and negatively affect job performance [41]. This aligns
with the concerns expressed by faculty members interviewed by Sobaih et al. [15] who
viewed social media use for leisure during work hours as a waste of time that could be
better spent on core job tasks. Studies suggest that engaging in hedonistic social media
activities during work hours can be distracting, leading to decreased focus and ultimately
impacting productivity on routine tasks [42]. The constant notifications and stimulation
from social media can make it harder for employees to stay concentrated on routine tasks,
leading to more task switching and potentially hindering performance. Studies have
shown a negative correlation between excessive social media use and job satisfaction [43].
Dissatisfaction with work might lead to increased reliance on social media for enjoyment,
creating a cycle that further hinders performance [43].

However, there are other studies pointing to potential benefits. Social media use can
foster connections, improve communication, and even reduce stress, which could lead to
positive effects on performance [6,44]. This mixed picture is further complicated by the
potential influence of individual differences, work context, and specific types of social
media use on the relationship between HU and RJP 08 [40]. Therefore, we hypothesize:

H2b. There is a relationship between hedonic use of social media (HU) and routine job perfor-
mance (RJP).

The concept of cognitive social media use (CU) emphasizes utilizing social media
platforms to create, share, and access information [45]. In the educational field, teachers
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leverage this cognitive dimension by generating and disseminating educational content [46].
This aligns with the findings of [47] who discovered a positive impact on innovative teach-
ing practices when lecturers used social media for sharing and posting content. This makes
sense, as sharing educational resources and collaborating online with colleagues through
CU can foster innovative approaches to teaching. Further supporting this notion, [48]
explore the potential of social networking sites (SNS) in academia. Their research high-
lights how researchers can utilize SNS for various purposes, including sharing research
findings and collaborating with colleagues. These activities directly correspond with the
core aspects of CU—content creation and knowledge sharing. In essence, these studies
demonstrate the positive connection between CU and innovative practices within academic
settings.

H3a. Cognitive use of social media (CU) is positively associated with innovative job perfor-
mance (IJP).

Studies like the one by Ali-Hassan et al. [11] highlight the positive and indirect effect of
social and cognitive technology use, including social media, on job performance. This effect
likely stems from social capital—the benefits gained from social connections. Social media
use, as highlighted in the [49] study, can help build social capital by creating information,
maintaining social networks, and fostering trust among colleagues. Features of social
media itself can contribute to better R]JP. Jong et al. [42] suggest that aspects like easy access
and information-sharing tools significantly influence work efficiency. This efficiency can
translate to improved completion of routine tasks. The ability to share knowledge through
social media is particularly valuable for routine tasks. Studies by [48,50] on faculty members
demonstrate this. Sharing information, assigning tasks, and collaborating on projects
through social media can streamline routine job processes for various professions, therefore:

H3b. Cognitive use of social media (CU) is positively associated with routine job performance (RJP).

2.3. Relationship between Social Media Use and Internal Communication (H4)

Several scholars have explored the concept of internal communication. Ali and An-
war [51] and Anwar and Abdullah [52] define it as the sharing of ideas, data, and knowledge
among multiple individuals with the goal of reaching a consensus. Within organizations,
effective communication is considered a crucial management practice [53]. It is seen as
a key way for employees at all levels to learn about their roles and responsibilities [54].
Abdullah and Rahman [53] further describe internal communication as the exchange of
meanings and interactions that occur within an organization.

The rise of social media offers a transformative approach to internal communication
(IC) within organizations. Traditionally, internal communication relied on top-down meth-
ods or limited channels for employee interaction. However, social media platforms hold
the potential to revolutionize how employees connect and engage with one another [55].
Employee communication fosters the social and emotional benefits crucial for organiza-
tional success [56]. Social media platforms can facilitate a more informal and interactive
communication style, fostering a sense of community and belonging. This can lead to
improved employee morale, engagement, and overall well-being. Social media can pro-
mote both horizontal communication (between colleagues) and vertical communication
(between leadership and employees) [57]. Features like groups, discussions, and employee
recognition programs can foster stronger relationships between coworkers, leading to better
collaboration and knowledge sharing.

Social media platforms can encourage a more transparent and open communication
environment. Employees can readily access information, participate in discussions, and
provide feedback through social media channels. This two-way communication can foster
trust and a sense of shared purpose within the organization. Therefore, we hypothesize:

H4a. Social use of social media (SU) is positively associated with internal communication (IC).
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The influence of hedonistic social media use (focusing on enjoyment and entertain-
ment) on organizational communication has been a topic of debate, with research suggest-
ing both positive and negative effects [44]. While concerns exist about reduced productivity
due to distractions, social media platforms can also be valuable tools for enhancing inter-
nal communication. They can facilitate information sharing, announcements, and team
collaboration, fostering a sense of community and employee engagement [58-60].

It is important to acknowledge that excessive use for personal enjoyment might
lead to information overload and hinder communication effectiveness [61,62]. However,
research by Sun and Chao [63] suggest that hedonic social media use can be a positive
force for internal communication when used strategically and balanced with work-related
communication practices. Consequently, we recommend the following hypothesis:

H4b. There is a relationship between hedonic use of social media (HU) and internal communica-
tion (IC).

Employers can leverage social media by promoting scouting behavior, which refers to
the voluntary search, exchange, and transmission of information related to organizational
interests [44]. Studies suggest that businesses use social media platforms to meet the
individual communication needs of employees, ensure a smooth flow of information, and
provide ongoing feedback on both personal and organizational matters [64]. However,
social media can also affect the information shared, privacy settings, and communication
styles among team members, potentially favoring certain groups over others [65]. Similarly,
social networking platforms are used by some instructors and students in higher education
for both personal and professional purposes [66]. Cognitive use of social media can
enhance internal communication when aligned with organizational goals and established
communication practices, therefore, we hypothesize:

H4c. Cognitive use of social media (CU) is positively associated with internal communication (IC).

2.4. Relationship between Social Media Use and Teamwork (H5)

The success of many endeavors hinges on the effectiveness of teamwork. Teams,
composed of individuals with complementary skillsets, synergistically work towards
achieving shared goals [67]. Collaboration often leads to superior outcomes compared to
individual efforts [67]. Furthermore, effective teamwork fosters a robust and flourishing
work environment [68]. The rise of social media (SM) presents a novel avenue for exploring
communication and collaboration within teams.

Research suggests that social media can be a valuable tool for enhancing teamwork.
Song et al. [69] highlight its role as a complementary resource that creates synergies to
improve both individual and team performance. The increasing use of social media by
businesses and individuals, for both professional and personal purposes [32], offers oppor-
tunities for improved collaboration. In particular, studies suggest that the combined use of
social media for work and social interaction can be beneficial. Song et al. [69] found that
social media-facilitated social interaction becomes a regular part of some employees’ jobs
and can even enhance and streamline work processes. Similarly, Lailiyah and Putra’s [70]
research on higher education students found positive perceptions of teamwork through
social media use. Based on the potential benefits of social media for fostering interaction
and collaboration, we propose the following hypothesis:

Hb5a. Social use of social media (SU) is positively associated with teamwork (TM).

The integration of leisure and work facilitated by social media features has been linked
to changes in teamwork patterns [71]. For example, Bodhi et al. [72] found that restricting
personal social media use in the office could lead to unintended consequences, such as
reduced employee contributions. This suggests that some level of social media integration
might be beneficial for teamwork. However, the impact of hedonistic use (focusing on
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entertainment and leisure) on teamwork appears more complex. While Dodokh [73]
suggests that such use solely has negative impacts, like increased job burnout and turnover
intention, other research points to potential benefits. For instance, social media can facilitate
informal interactions and build rapport among team members, which could indirectly
contribute to better teamwork [74]. Given this nuanced relationship, we propose the
following hypothesis:

H5b. There is a relation between hedonic use of social media (HU) and teamwork (TM).

Organizations increasingly leverage social media due to its potential for knowledge
creation and dissemination within and across teams [75]. This user-generated content can
be a valuable resource for teams. Research suggests that knowledge sharing in teams is
more effective when it is visible, persistent, and easily editable, characteristics facilitated
by social media platforms [76]. Furthermore, Kadar et al. [77] found that participation
in online groups through social media helps employees express their ideas and gain a
deeper understanding of their work. This collaborative knowledge-building can be a
significant asset for teamwork. Based on the potential for enhanced knowledge sharing
and collaboration, we propose the following hypothesis:

H5c. Cognitive use of social media (CU) is positively associated with teamwork (TM).

2.5. Mediating Effects (H6—H7)
2.5.1. Mediating Effect of Internal Communication

Internal communication (IC) is a well-established factor influencing employee perfor-
mance [78,79]. Experts like Meng and Berger [80] highlight its key functions: informing
employees about organizational goals, fostering a sense of purpose, facilitating collabo-
ration, and ultimately enhancing performance for all stakeholders. Research by Jacobs
et al. [81] further emphasizes the critical role of IC in maximizing worker performance, opti-
mizing network efficiency, and communicating strategic options, particularly during crises.

Qin and Men [82] highlight that effective internal communication (IC) fosters a range
of positive outcomes within an organization. It strengthens collaboration, facilitates the
transfer of processes and values, and ultimately empowers employees to achieve excep-
tional performance [83]. This link between IC and performance suggests that IC can be
considered a core internal capability that contributes to organizational success [84].

The question this study explores is whether IC acts as a mediator in the relationship
between social media use (SMU) and job performance. A mediator is a variable that explains
how one variable (SMU in this case) influences another (job performance). In this context,
we propose that social media can facilitate communication and collaboration, potentially
improving IC, which in turn, could lead to enhanced job performance. Based on the
potential mediating role of internal communication, we propose the following hypotheses:

Heéal. Internal communication (IC) mediates the relationship between social use of social media
(SU) and innovative job performance (IJP).

Hé6a2. Internal communication (IC) mediates the relationship between social use of social media
(SU) and routine job performance (RJP).

He6b1. Internal communication (IC) mediates the relationship between hedonic use of social media
(HU) and innovative job performance (IJP).

He6b2. Internal communication (IC) mediates the relationship between hedonic use of social media
(HU) and routine job performance (RJP).

Héc1. Internal communication (IC) mediates the relationship between cognitive use of social media
(CU) and innovative job performance (IJP).
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He6c2. Internal communication (IC) mediates the relationship between cognitive use of social media
(CU) and routine job performance (RJP).

2.5.2. Mediating Effect of Teamwork

Effective teamwork is essential for workplace success. Collaboration within teams
fosters motivation, generates creative ideas, and leverages the strengths of diverse indi-
viduals to achieve common goals [85]. Teamwork success can be measured by achieving
predetermined objectives [86]. Research by McEwan et al. [87] further highlights a pos-
itive correlation between teamwork and individual employee performance. This study
examines whether teamwork acts as a mediator in the relationship between social media
use (SMU) and job performance. Social media can potentially facilitate communication
and collaboration within teams. If social media use enhances teamwork, this improved
teamwork could then lead to better job performance. Based on the potential mediating role
of teamwork, we propose the following hypotheses:

H7al. Teamwork (TM) mediates the relationship between social use of social media (SU) and
innovative job performance (IJP).

H7a2. Teamwork (TM) mediates the relationship between social use of social media (SU) and routine
job performance (RJP).

H7b1. Teamwork (TM) mediates the relationship between hedonic use of social media (HU) and
innovative job performance (IJP).

H7b2. Teamwork (TM) mediates the relationship between hedonic use of social media (HU) and
routine job performance (RJP).

H7c1. Teamwork (TM) mediates the relationship between cognitive use of social media (CU) and
innovative job performance (IJP).

H7c2. Teamwork (TM) mediates the relationship between cognitive use of social media (CU) and
routine job performance (RJP).

2.6. Mediators and Job Performance (H§—H10)
2.6.1. Internal Communication and Job Performance

Internal communication is a cornerstone of successful job performance, influencing
how employees understand expectations, collaborate with colleagues, and ultimately con-
tribute to organizational goals [78]. Innovative job performance, on the other hand, reflects
an employee’s ability to develop and implement new ideas for products, services, processes,
or business models, ultimately leading to a competitive advantage for the organization [88].
Research suggests that internal communication can enhance a company’s innovative capa-
bilities by fostering collaboration and knowledge sharing among employees [89]. Effective
communication allows employees to share insights, learn from each other’s expertise, and
build upon existing knowledge, which can spark innovative ideas.

However, the impact of social media on this relationship is not entirely clear. While
some studies (e.g., Soares et al. [90]) suggest that social media may not directly influence
innovative behavior, others (e.g., Amalina and Pusparini, [91]) highlight a positive link
between social media use and internal communication. Taking these mixed findings into
account, we propose the following hypothesis:

H8a. Internal communication (IC) is positively associated with innovative job performance (IJP).
Effective internal communication fosters a supportive work environment and empow-

ers employees to perform their regular tasks efficiently, transparency and open communi-
cation channels can lead to higher employee satisfaction and better performance [82,92].
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Research also suggests that knowledge-sharing practices and clear communication con-
tribute positively to routine job performance [93,94]. Based on the link between effective
communication and routine job performance, we propose the following hypothesis:

H8b. Internal communication (IC) is positively associated with routine job performance (RJP).

2.6.2. Teamwork and Job Performance

Diversity in knowledge and skills within a team is a well-established predictor of creativ-
ity [95]. However, simply having a diverse team is not enough. To harness the full potential of
this diversity, teams need effective processes and collaboration skills. This is where teamwork
comes in. Strong teamwork fosters a positive team climate, characterized by trust, psychologi-
cal safety, and a shared focus on innovation [96,97]. In such an environment, team members
feel comfortable sharing ideas, taking risks, and building upon each other’s contributions,
which ultimately leads to greater innovation [98,99]. Building on the link between teamwork
and a positive climate for innovation, we propose the following hypothesis:

H9a. Teamwork (TW) is positively associated with innovative job performance (IJP).

Teamwork plays a significant role in enhancing routine job performance. Studies
suggest that collaboration fosters information sharing and knowledge transfer among team
members, allowing them to learn from each other and improve their efficiency on routine
tasks [98,100]. Furthermore, strong teamwork involves well-established processes like
communication, coordination, and cooperation [101]. These processes ensure tasks are
clearly defined, responsibilities are shared effectively, and team members can support each
other when needed, ultimately leading to smoother completion of routine tasks. Building
on the evidence of how teamwork facilitates knowledge sharing, communication, and
coordination, we propose the following hypothesis:

H9b. Teamwork (TW) is positively associated with routine job performance (RJP).

2.6.3. Internal Communication and Teamwork

Internal communication and teamwork are intertwined concepts that contribute sig-
nificantly to organizational success. Clear communication of goals and objectives is crucial
for ensuring team members are aligned with each other and the broader organizational
vision [102]. When employees understand the organization’s goals, it fosters a sense
of common purpose and motivates collaboration within teams [103]. Effective internal
communication, characterized by open and transparent channels, facilitates the flow of
information among team members [104]. This timely and relevant information allows
teams to coordinate efforts, solve problems collaboratively, and ultimately work together
more effectively. Research by Sari, Indrajaya, and Nurminingsih [105] further supports this
notion, highlighting the positive influence of internal communication on teamwork. Based
on the connection between clear communication and effective collaboration, we propose
the following hypothesis:

H10. Internal communication (IC) is positively associated with teamwork (TW).

Considering the literature review above, Figure 2 illustrates the conceptual model,
which shows the connections between the constructs and the proposed relationships.
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Figure 2. Conceptual model.

3. Research Methodology
3.1. Data Sampling and Collection

We collected data through a Google Form-based online survey distributed to teach-
ing faculties of selected universities in northern India, using convenience and snowball
sampling methods. We aimed to collect data from at least 450 participants, considering
a minimum sample size of 384 determined through a power analysis. The power anal-
ysis, conducted using G*Power, aimed to detect a medium effect size of 0.5 (Cohen’s d)
with a desired power of 0.8 and a significance level of 0.05. A total of 550 surveys were
distributed, resulting in a high response rate of 86% (478 completed surveys). However,
during data refinement, 22 responses were excluded due to missing or contradictory data.
Only surveys with complete responses for the final set of questions were included in the
final analysis (456).

To address potential biases, such as self-selection bias, we employed several procedu-
ral measures. First, participants were assured of the survey’s anonymity and encouraged
to provide honest responses, emphasizing that the information would only be used for re-
search purposes. Second, the cover page avoided mentioning any connections between the
study variables to psychologically isolate the respondents. Finally, to further reduce partici-
pants’ perception of connections, the survey asked about social media usage first, followed
by questions on teamwork (TW), internal communication (IC), and job performance.

A self-reported questionnaire was developed to measure the key constructs of the
study. The questionnaire employed a 5-point Likert scale ranging from 1 (Strongly Disagree)
to 5 (Strongly Agree) for all items. The data collection for this study was conducted during
Spring 2024.

To ensure the clarity and effectiveness of the questionnaire, we conducted a pilot study
with a small group of 12 teaching faculty members before the main data collection phase.
This pilot testing involved administering the survey to the pilot group and then analyzing
the responses. The pilot testing helped us identify any issues with the survey instrument,
such as unclear questions, ambiguous wording, or problematic flow. Based on the pilot
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study results, we refined the questionnaire by removing unclear questions or modifying the
wording for better clarity. This iterative process ensured that the final survey instrument
used for data collection was well-understood and easy for participants to complete.

3.2. Measurement

Most constructs” measurement scales were modified versions of previously used
ones. Minor adjustments were made to the existing Janssen and Yperen [30] scales for
innovative and routine job performance to fit the self-reported setup of this research. It
is noteworthy that self-reporting of creative and/or standard job performance occurs
frequently [41,106,107], especially when confidentiality concerns prevent access to objective
performance measures. Researchers have not found the ideal metric for assessing an
individual’s performance, and self-reported data is no less accurate than other types of
data [41].

The social use of the SM scale was borrowed from Ali-Hassan et al. [11], and the
measurement scale for cognitive use was derived from social interaction ties found in Chiu
et al., [108]. The knowledge-sharing instrument developed by Van den Hooff and Huys-
man [109] and the purpose to share implied knowledge scale developed by [110] informed
the cognitive use component of SM. The hedonic use of SM items was inspired by Nevo
and Nevo's [111] scale for using virtual environments and Agarwal and Karahanna’s [112]
scale for increased enjoyment of using the web. Measurement scales for measuring internal
communication were adopted from Lee, Park and Lee [113], and for measuring teamwork,
items were drawn from Jiang and Chen [61]. Table 1 presents the measurement items.

Table 1. Measurement items.

Construct Items Source

Make new connections at work

Get to know coworkers who have similar interests to me

Social Use of Social

Media (SU) Learn about professional opportunities from colleagues on social media [11]

Connect with colleagues from different departments on social media

Build relationships with mentors or potential collaborators on social media

Use social media to appreciate my pause at work

Hedonic Use of Social Take a break from my job by browsing social media for entertainment

- [111,112]
Media (HU) Amuse myself on social media during my work breaks

Relax at my workstation by using social media for lighthearted interaction or browsing

Share documents, presentations, or other work-related content with colleagues on social media

Use social media to stay updated on information and resources shared by colleagues

Cognitive Use of Social

Media (CU) Collaborate with colleagues on creating content for work-related projects using social media [109,110]

Post questions or requests for information on social media to leverage colleagues’ expertise

Use social media to identify and learn from best practices shared by colleagues

I use social media to communicate with my coworkers

Social media is an effective tool for communicating within our organization

Internal Communication (IC)  Our organization’s social media policies support effective internal communication [113]

Social media has improved my ability to collaborate with colleagues

Social media has increased my awareness of organizational events and news

Team members use social media to openly share information and knowledge with each other

Participants of the team use SM to keep each other informed about progress
Teamwork (TW) [61]
Members of the team work together to coordinate tasks and resources through social media

Members of the team respect each other’s opinions and ideas on social media
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Table 1. Cont.

Construct Items Source

Generate new and original ideas for improving work processes or products

Champion creative ideas proposed by yourself or others

Innovative Job

Performance (IJP) Seek out unconventional approaches to solve problems

Develop practical applications for creative ideas

Provide unique solutions to challenges faced at work [30]

I consistently finish the tasks outlined in my job description

Routine Job I consistently fulfill all of my job’s formal performance standards

Performance (RJP) I prioritize completing tasks outlined in my job description

Iam able to meet all deadlines associated with my work responsibilities

To address potential common method bias arising from the self-reported survey data,
we employed factor analysis using AMOS software. Specifically, Harman’s one-factor test
was conducted to assess the explained variance by a single common factor.

Confirmatory factor analysis (CFA) was performed using AMOS 24.0 to assess the
measurement model fit. This analysis evaluated the reliability and validity of the constructs
measured in our survey instrument. Various fit indices, including the Comparative Fit Index
(CFI), Tucker-Lewis Index (TLI), Root Mean Square Error of Approximation (RMSEA),
and Standardized Root Mean Square Residual (SRMR), were employed to assess the
overall model fit and the fit of the measurement model. Thresholds for acceptable fit were
established based on prior research [114].

Structural Equation Modeling (SEM) was then conducted using AMOS to test the
proposed model. SEM allowed for the evaluation of the hypothesized relationships between
the research variables. The analysis included assessing direct and indirect effects, mediation
analysis, and testing for partial and serial mediation.

4. Results
4.1. Sample Demographics

Table 2 shows that male participants (55.5%) outnumbered female respondents (44.5%).
This finding is fairly near to the sex distribution of Indian workers. Additionally, the
majority of respondents (45.6%) were between the ages of 31 and 40. The majority of
participants (50.7%) were assistant professors and worked as regular employees (67.5%).
The respondents” demographic characteristics are presented in Table 2.

Table 2. Demographic profile.

Measure Item Frequency Percentage
Gend Male 253 55.5
ender Female 203 44.5
. Single 140 30.7
Marital Status Married 316 69.3
21-30 68 14.9
Ace 31-40 208 45.6
& 41-50 137 30.0
50 and above 43 94
Assistant Professor 231 50.7
Designation Associate Professor 181 39.7
Professor 44 9.6
Less than 10 years 242 53.07
Experience 10-20 years 176 38.5
More than 20 years 38 8.3
N (456)
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4.2. Measurement Model Evaluation

Factor analysis was conducted to assess common method bias using Harman'’s one-
factor test [115]. Only 12.825% of the total variance was explained by the first factor, well
below the acceptable threshold of 40% [116]. This result suggests that common method
bias was not a significant concern in our data.

While the chi-square test statistic (x?) is often used in CFA, it can be sensitive to
sample size, particularly in large samples like ours (456 participants). In our analysis, the
chi-square value was 2.189 [117]. Therefore, we relied on alternative fit indices to provide
a more robust assessment of model fit. The analysis yielded satisfactory results across
all the alternative fit indices used. The Normed Fit Index (NFI) reached a value of 0.917,
exceeding the recommended threshold of 0.90 [118]. The Comparative Fit Index (CFI) and
the Tucker-Lewis Index (TLI) were both well above 0.90 (CFI = 0.953, TLI = 0.947) [118],
further supporting a good model fit. Finally, the Root Mean Square Error of Approximation
(RMSEA) fell below the recommended value of 0.08, with an actual value of 0.051 [118].
These results collectively suggest that the proposed model adequately represents the
relationships between the study variables in our data.

To assess the internal consistency and reliability of our measures, we examined both
alpha coefficients (x) and composite reliability (C.R.) values. As shown in Table 3, all
constructs achieved alpha coefficients and composite reliability estimates exceeding 0.7,
which satisfy the established benchmarks for acceptable reliability [119,120].

Table 3. Outcomes of the measurement model.

Variables Items Factor Loadings CR AVE CA
SsuU1 0.827
. SU2 0.778
2222} IL\J/IS;{I’: su3 0.773 0.902 0.649 0.897
SU4 0.726
SU5 0.692
HU1 0.826
Hedonic Use of HU2 0.816
Social Media HU3 0.807 0-910 0.717 0-908
HU4 0.726
CU1 0.894
.. cu2 0.880
C%%ﬂ;:f&g;fa"f cus3 0.864 0.953 0.804 0.948
Cu4 0.863
CU5 0.809
IC1 0.870
(@] 0.855
Internal Communication 1C3 0.821 0.943 0.770 0.941
IC4 0.820
1C5 0.808
TW1 0.816
TW2 0.811
Teamwork ™3 0.781 0.910 0.717 0.905
TW4 0.715
JP1 0.790
Innovative Job P2 0.787
Performance JP3 0.670 0.898 0.596 0.89
P4 0.658
IJP5 0.594
RJP1 0.786
. RJP2 0.780
Routine Job Performance RIP3 0772 0.842 0.572 0.838
RJP4 0.728

Convergent validity refers to the extent to which a measure captures its intended
construct. We evaluated convergent validity using average variance extracted (AVE),
composite reliability (C.R.), factor loadings, and significance levels of factor loadings. [120]

200



Big Data Cogn. Comput. 2024, 8,124

suggest that acceptable convergent validity is indicated by a C.R. greater than 0.7, an AVE
exceeding 0.5, statistically significant factor loadings (p < 0.01), and factor loadings with
an absolute value greater than 0.7. The results presented in Table 3 demonstrate that all
constructs meet these criteria for convergent validity.

In Table 4, the correlation analysis of seven constructs was conducted. The data
suggest that the constructs are generally independent of one another because the square
root of each AVE is bigger than its construct relationships.

Table 4. Square roots of AVEs.

jr SU CU HU INC ™ RJP
JP 0.772
SU 0.436 0.805
CU 0.296 0.513 0.897
HU 0.520 0.573 0.347 0.847
INC 0.535 0.407 0.293 0.485 0.877
™ 0.669 0.381 0.295 0.437 0.439 0.847
RJP 0.301 0.471 0.528 0.365 0.372 0.373 0.756
The heterotrait-monotrait ratio of correlations (HTMT) matrix table values all fell

below 0.85, thus supporting the discriminant validity of each construct. This result is

presented in Table 5.

Table 5. Heterotrait-Monotrait ratio (HTMT).

SuU CU HU INC ™ jr RJP

sU
CU 0.531
HU 0.589 0.354
INC 0.412 0.303 0.497
™ 0.381 0.302 0.445 0.453
JpP 0.463 0.304 0.531 0.536 0.689
RJP 0.478 0.534 0.369 0.382 0.370 0.315

4.3. Validation of the Structural Model

Four statistical procedures were employed using CB-SEM with AMOS 24.0 to validate the
hypothesized relationships in the structural model: mediation analysis, assessment of specific
indirect effects, parallel mediation analysis to confirm individual mediator effects, and analysis
of serial mediation to explore potential cascading effects between mediators.

The first step examined whether the independent variables (social, hedonic, and cognitive
use of social media) exerted any direct effects on the dependent variable (innovative and routine
job performance). The path coefficients in the model represent the total effects of social use,
hedonic use, and cognitive use of social media on innovative and routine job performance,
respectively (estimates: 0.198, 0.231, 0.418, 0.131, 0.087, and 0.416). All total effects were
statistically significant (p < 0.05) except for the effects of social use (p > 0.05) and cognitive use
(p > 0.05) on innovative job performance. Therefore, the results support all hypotheses H1-H3,
but not H3a based on the total effects analysis.

In the second step, the hypothesized mediators (internal communication and teamwork)
were incorporated into the path model alongside the direct effects. The results revealed that
for the relationships between SU and IJP, HU and RJP, and CU and IJP, the introduction of
the mediators explained a significant portion of the initial relationships. This is because the
direct effects of the independent variables on the dependent variables became non-significant.
This suggests that internal communication and teamwork likely play a mediating role in these
specific relationships.
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However, for the relationships between SU and RJP, HU and IJP, and CU and RJP, the intro-
duction of the mediators did not fully explain the initial relationships. While the direct effects of
the independent variables were somewhat reduced, they remained statistically significant. This
suggests that internal communication and teamwork might partially explain these relationships,
but there might be other factors at play.

The analysis revealed that social use (estimate: 0.177), hedonic use (estimate: 0.384),
and cognitive use (estimate: 0.103) of social media directly influence internal communication,
which in turn, impacts innovative (estimate: 0.217) and routine job performance (estimate:
0.130). Similarly, social use (estimate: 0.118), hedonic use (estimate: 0.228), and cognitive use
(estimate: 0.100) of social media directly influence teamwork, which in turn, impacts innovative
(estimate: 0.478) and routine job performance (estimate: 0.136). Additionally, the analysis found
a significant direct effect of internal communication on teamwork (estimate: 0.264).

Most hypothesized relationships were statistically significant (p < 0.05), supporting hy-
potheses H4a through Hb5c (except H5a), H8a and H8b, and H9a through H10. The effect of
social use of social media on teamwork (H5a) was not statistically significant (p > 0.05). This
finding suggests no mediation for the relationship between social media use and teamwork
(Hb5a), while the remaining significant relationships with internal communication (INC) as a
mediator likely involve partial mediation (SU -—> INC —> IJP, HU —> INC —> RJP, and CU
> INC > IJP). The detailed results of the mediated effects analysis are presented in Table 6.

Figure 3 illustrates the strength and direction of the relationships between social media use
(SU, HU, and CU), internal communication (INC), teamwork (TW), and job performance (IJP

and RJP).
Internal
Communication
0.177
0.384
Social Use of Social
Media
Innovative Job
Performance
Hedonic Use of
Social Media Routine Job
Performance
Cognitive Use of
Social Media
Teamwork
Social Media Dynamics Teamwork & Internal Communication Job Performance Dynamics

Figure 3. Path coefficients of the research model.
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Table 6. Results of Parallel Mediation model.

95% Confidence

Path sgzjfzfiiezjg F[;)t h Level (Lower Bound, Sig. Level Hypothesis Supported?
Upper Bound)
Total Effects
SU -—> IJP 0.198 (0.056, 0.34) 0.008 Hla (total) Yes
SU > RJP 0.231 (0.096, 0.352) 0.002 Hib (total) Yes
HU ---> [JP 0.418 (0.293, 0.533) 0.001 H2a (total) Yes
HU > RJP 0.131 (0.029, 0.25) 0.014 H2b (total) Yes
CU --->1IJP 0.087 (—0.009, 0.182) 0.074 H3a (total) No
CU --> RJP 0.416 (0.296, 0.538) 0.001 H3b (total) Yes
Direct Effects
SU > IJP 0.081 (0.034, 0.198) 0.191 Hla (direct) No
SU ---> RJP 0.186 (0.054, 0.307) 0.004 H1b (direct) Yes
HU ---> [JP 0.177 (0.054, 0.3) 0.006 H2a (direct) Yes
HU ---> RJP 0.037 (0.08,0.17) 0.547 H2b (direct) No
CU --->1JP 0.004 (0.087,0.093) 0.934 H3a (direct) No
CU > RJP 0.385 (0.262, 0.509) 0.001 H3b (direct) Yes
SU ---> INC 0.177 (0.058, 0.294) 0.004 H4a Yes
HU ---> INC 0.384 (0.258, 0.497) 0.001 H4b Yes
CU ---> INC 0.103 (—0.016, 0.194) 0.02 H4c Yes
SU --->TW 0.118 (0.003, 0.233) 0.057 Hb5a No
HU --—>TW 0.228 (0.088, 0.359) 0.002 H5b Yes
CU—>TW 0.1 (0.012, 0.2) 0.03 H5c Yes
INC > IJP 0.217 (0.116, 0.328) 0.001 H8a Yes
INC ---> RJP 0.13 (0.024, 0.231) 0.016 H8b Yes
TW --->IJP 0.478 (0.353,0.592) 0.001 H9a Yes
TW ---> RJP 0.136 (0.022, 0.24) 0.025 H9 Yes
INC ---> TW 0.264 (0.14, 0.364) 0.002 H10 Yes
Indirect Effects
SU ---> INC ---> [JP 0.03 (0.012, 0.064) 0.002 Heéal Yes (Full mediation)
SU ---> INC ---> RJP 0.023 (0.005, 0.055) 0.008 Hé6a2 Yes (Partial Mediation)
HU ---> INC ---> [JP 0.067 (0.03,0.114) 0.001 Heéb1 Yes (Partial Mediation)
HU ---> INC ---> RJP 0.05 (0.011, 0.1) 0.01 Hé6b2 Yes (Full mediation)
CU ---> INC --->IJP 0.015 (0.003, 0.033) 0.014 Hécl Yes (Full mediation)
CU ---> INC ---> RJP 0.011 (0.002, 0.03) 0.014 Hé6c2 Yes (Partial Mediation)
SU ---> TW ---> IJP 0.045 (0.002, 0.096) 0.043 H7al Yes (Partial Mediation)
SU ---> TW ---> RJP 0.016 (0.001. 0.046) 0.032 H7a2 Yes (Partial Mediation)
HU ---> TW ---> IJP 0.088 (0.032,0.166) 0.001 H7b1 Yes (Partial Mediation)
HU ---> TW ---> RJP 0.031 (0.006, 0.075) 0.014 H7b2 Yes (Partial Mediation)
CU ---> TW --->IJP 0.032 (0.004, 0.067) 0.029 H7c1 Yes (Partial Mediation)
CU --->TW ---> RJP 0.011 (0.002, 0.035) 0.022 H7c2 Yes (Partial Mediation)

To examine the specific indirect effects of both mediators, a parallel mediation anal-

ysis was employed [121]. The results revealed significant indirect effects of social media
use (social, hedonic, and cognitive) on innovative job performance through internal com-
munication (b = 0.03, p = 0.002; b = 0.067, p = 0.001; b = 0.015, p = 0.014, respectively).
Similarly, significant indirect effects were found for social media use on innovative job
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performance through teamwork (b = 0.045, p = 0.043; b = 0.088, p = 0.001; b = 0.032, p = 0.029,
respectively).

Furthermore, the analysis revealed significant indirect effects of social media use on
routine job performance, again mediated by internal communication (b = 0.023, p = 0.008;
b =0.05p=0.01;b=0.011, p = 0.014, respectively). Social media use also had a significant
indirect impact on routine job performance through teamwork (b = 0.016, p = 0.032; b = 0.031,
p=0.014; b = 0.011, p = 0.022, respectively). These findings suggest the presence of partial
mediation in most relationships [122].

The significant direct effect of internal communication on teamwork (H10) prompted
a follow-up hypothesis regarding a potential serial mediation process. This additional
hypothesis was not initially considered because the focus was primarily on the direct
influence of social media use on job performance, with internal communication seen as a
single mediator. However, the unexpected finding of a strong relationship between internal
communication and teamwork warranted further exploration of a multi-step mediation
model. Serial mediation was examined to investigate the potential influence of internal
communication on teamwork, following the alternative theory that emotions precede
thoughts [123]. The results revealed significant effects for serial mediation, with detailed
outcomes presented in Table 7.

Table 7. Result of serial mediation.

Path Standa.rd‘ized Path 95% Confidence Level Sig. Level Result
Coefficients (3) (Lower Bound, Upper Bound)
SU ---> INC ---> TW ---> [JP 0.018 (0.006, 0.037) 0.002 Significant
SU ---> INC ---> TW ---> RJP 0.006 (0.001, 0.017) 0.01 Significant
HU ---> INC ---> TW ---> [JP 0.039 (0.019, 0.066) 0.001 Significant
HU ---> INC ---> TW ---> RJP 0.014 (0.003, 0.033) 0.014 Significant
CU ---> INC ---> TW ---> IJP 0.009 (0.002, 0.019) 0.014 Significant
CU ---> INC ---> TW ---> RJP 0.003 (0, 0.008) 0.018 Significant

5. Discussion

The study’s findings offer a comprehensive understanding of how different dimen-
sions of social media use influence job performance through the mediating roles of internal
communication and teamwork.

Social Use (SU): The study found that social use of social media positively impacts
routine job performance (RJP) both directly and indirectly through internal communication
(INC) and teamwork (TW). Additionally, social use positively impacts innovative job per-
formance (IJP) indirectly through INC and TW, although the direct effect is not significant.
This finding highlights the importance of social interactions facilitated by social media in
enhancing routine tasks. It suggests that social media can be a valuable tool for maintaining
communication and collaboration, which are crucial for routine job performance. These
results align with previous research indicating the positive effects of SU on workplace
communication and collaboration [11,18].

Hedonic Use (HU): Hedonic use of social media, which involves using social media
for pleasure and entertainment, was found to positively impact innovative job performance
(IJP) both directly and indirectly through INC and TW. It also positively impacts routine job
performance (RJP) indirectly through INC and TW, but the direct effect is not significant.
This finding is particularly noteworthy because it contrasts with much of the existing
literature, which often reports a negative relationship between hedonic use of social media
and routine job performance. For instance, Ali-Hassan et al. [11] discuss how hedonic use
generally has a negative impact on routine performance but can contribute positively to
social ties and innovative performance. Similarly, Jong et al. [42] highlight the complex
effects of social media use on work efficiency, noting that different types of use can have
varying impacts. Kock and Mogbel [124] also suggest that positive emotions related to
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social media use can enhance job satisfaction and performance. Our study suggests that
hedonic use can indeed have a beneficial effect, highlighting the complexity of social
media’s impact on work performance.

Cognitive Use (CU): The findings of this study highlight the significant role of cogni-
tive use of social media in enhancing job performance. Specifically, cognitive engagement
with social media positively impacts routine job performance (RJP) both directly and indi-
rectly through improved internal communication (INC) and teamwork (TW). This aligns
with previous research indicating that social media use can foster better communication and
collaboration among employees, thereby enhancing their routine job performance [11,125].
Moreover, while cognitive use of social media positively influences innovative job perfor-
mance (IJP) indirectly through INC and TW, the direct effect is not significant. This suggests
that the benefits of cognitive engagement with social media on innovation are primarily
mediated by enhanced communication and teamwork. These results are consistent with
studies showing that social media can facilitate knowledge transfer and the formation
of social capital, which are crucial for innovative performance [125]. Overall, the study
extends the understanding of how cognitive engagement with social media can be lever-
aged to improve job performance. By using social media for information and knowledge
sharing, employees can enhance their communication and teamwork, leading to better
routine and innovative job performance. These insights are valuable for organizations
aiming to optimize their social media strategies to boost employee performance.

The findings of this study underscore the significant mediating roles of Internal
Communication (INC) and Teamwork (TW) in the relationship between social media use
(SU, HU, and CU) and job performance (IJP and RJP). Both INC and TW are crucial in
translating social media use into improved job performance. This aligns with the theory of
parallel mediation, highlighting that effective communication and collaboration are key
mechanisms through which social media use can enhance job performance [11,42].

The contrast comparison analysis revealed a stronger mediating effect of internal
communication, particularly for the relationship between hedonic use (HU) and job per-
formance. This finding extends existing knowledge by providing a more nuanced under-
standing of how social media use influences job performance. It suggests that internal
communication is a critical factor in leveraging the benefits of hedonic social media use for
job performance [126,127].

The study provides detailed insights into the pathways through which social media
use influences job performance. Social use (SU) positively impacts both innovative job
performance (IJP) and routine job performance (RJP) through improved internal commu-
nication and teamwork. Similarly, hedonic use (HU) enhances job performance through
these mediators, with internal communication playing a particularly strong role. Cognitive
use (CU) also positively influences job performance through the same pathways.

While the initial conceptual model focused on parallel mediation, the study also
explored serial mediation. This analysis examined whether social media use influences
job performance through a sequential process, where internal communication first affects
teamwork, and then teamwork affects job performance. Interestingly, the results provided
evidence supporting this unexpected serial mediation effect. This finding suggests that
both internal communication and teamwork can play a role in influencing job performance
but through different mediating pathways. This supports existing theories that emphasize
the role of communication and collaboration in improving job performance through social
media use [128,129].

Our findings align with those of Ali-Hassan et al. [11] and Jong et al. [42], who also
identified internal communication and teamwork as key mediators in the relationship
between social media use and job performance. These studies highlight the importance
of effective communication and collaboration in leveraging social media for improved
job outcomes. Furthermore, the stronger mediating effect of internal communication,
particularly for hedonic use, is consistent with the findings of Mogbel et al. [126] and Fusi
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and Feeney [127], who emphasize that internal communication is crucial for translating the
benefits of hedonic social media use into enhanced job performance.

Additionally, the unexpected serial mediation effect observed in our study, where
internal communication influences teamwork, which in turn affects job performance, sup-
ports the theories proposed by [128,129]. These theories suggest that communication and
collaboration are sequential processes that collectively enhance job performance through
social media use.

6. Theoretical and Practical Implication

In this study, we explored whether and to what degree social media (SM) use in-
fluences routine and creative job performance. Our findings suggest that the context in
which social media is used significantly influences job performance outcomes unique to
the workplace. Specifically, using social media for knowledge exchange, entertainment, or
socializing has different effects on work performance. We found that internal communica-
tion and teamwork are the mechanisms through which these changes occur. This discovery
establishes a new practical connection between SM, internal communication, teamwork,
and job performance.

Our results indicate that friendships among coworkers in a multi-person online rela-
tionship promote the development of strong bonds, which in turn open up opportunities for
coworkers to communicate through comments. This can enhance teamwork and effective
communication, leading to fewer misunderstandings. This finding is particularly relevant
in today’s increasingly digital work environments, where effective communication and
collaboration are essential. Kamboj et al. [23] support this by highlighting the role of social
media in fostering strong interpersonal relationships and reducing misunderstandings.

Additionally, our study contributes to the ongoing debate among management re-
garding the use of SM at work. While social media may negatively impact some jobs, such
as routine ones, it can positively affect more innovative and creative roles. Our findings
suggest that social media technologies when used appropriately, can improve employees’
job performance. Ali-Hassan et al. [11] also found that social media use can enhance job
performance, particularly in creative tasks. Employees must understand how social media
contributes to internal communication and teamwork within their work environment cul-
ture, resulting in better job performance. This is supported by [130], who emphasizes the
importance of understanding the cultural context in which social media is used.

In the context of universities, social media’s advantages may include the ability to
plan meetings, make appointments, exchange research papers, and share information
about work activities with coworkers. University administration should clearly understand
the kinds of work performance that are beneficial to them and plan their SM utilization
according to their institutional culture. Cetinkaya and Stitgii [131] highlight the need for
institutions to align social media use with their specific cultural and operational needs. By
integrating concepts from the uses and gratification theory [22], our research provides a
theoretical framework for understanding how people use SM at the workplace according
to their institutional culture, as it differs from one institution to another.

Finally, we recommend legalizing the use of SM during work hours to plan work-
related events and blur the distinction between business and social activities. These
activities promote the teamwork and efficient internal communication needed to achieve
high levels of job performance on SM platforms. Managers can benefit from teaching
staff how to use social media to maximize their professional potential. Ghorbanzadeh
et al. [18] support this by demonstrating the benefits of social media training for enhancing
professional capabilities.

7. Limitation and Future Research Direction

This study differs from others in that it is primarily concerned with assessing the work
performance of teachers. Teaching is distinct from other professions it is not exclusively
concerned with output or productivity measurements since it entails not only presenting
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knowledge but also managing classroom dynamics, evaluating student achievement, and
promoting social and emotional growth. Because of this, the research’s findings and
conclusions are specific to the teaching profession and might not apply to other professions
whose performance standards and work circumstances are very different. The study’s
limitations should be taken into account when evaluating the findings.

Additionally, the findings may be limited to the specific cultural and institutional
context of northern India. Cultural norms, institutional policies, and regional educational
practices can significantly influence how social media is used and its impact on job perfor-
mance. Therefore, the generalizability of the results to other regions or types of institutions
may be limited.

A longer-term study is required to fully comprehend the effects of social media on
teachers’ job performance, even though this one offers insightful information in this area.
The relationship between social media use and job performance at work may alter over
time, and studies conducted over a short period can miss these dynamic shifts. Researchers
could see patterns, trends, and possible behavioral changes over time with a longitudinal
approach, leading to a more thorough understanding of how social media affects teachers’
performance over the course of their careers. Such studies could provide more reliable
results and guide future policy.

To provide a more thorough explanation of the phenomena, future research should
examine how social media use affects job performance using a variety of theoretical frame-
works. Applying additional theories, such as the Job Demands—Resources (JD-R) Model,
Media Richness Theory (MRT), or the Technology Acceptance Model (TAM), could provide
fresh perspectives even though this study may have concentrated on particular models.
These theories may shed light on the ways in which social media affects engagement, stress,
motivation, and teamwork. Researchers can reveal more intricate links and complexities by
utilizing a variety of theoretical viewpoints, which will enhance their ability to analyze the
effects of social media on job performance.

8. Conclusions

The findings of this study illuminate the multifaceted impact of social media use
on job performance, mediated by internal communication and teamwork. This research
underscores the potential benefits of social media in enhancing both routine and innovative
job performance through improved communication and collaboration among employees.

Organizations that restrict or ban social media use may inadvertently forgo these
advantages, missing out on opportunities to foster better teamwork, knowledge sharing,
and problem-solving capabilities. By understanding the nuanced effects of different types
of social media use—social, hedonic, and cognitive—managers can develop informed
policies that leverage these tools to enhance employee performance while mitigating
potential downsides.

This study contributes to the broader discourse on the role of social media in the
workplace, offering valuable insights for organizations aiming to optimize their social
media strategies. By embracing the positive aspects of social media use, educational
institutes can create a more connected, innovative, and productive workforce, ultimately
driving better organizational outcomes. University administrators must understand how
social media contributes to internal communication and teamwork within their work
environment culture, which results in better job performance. University administration
should clearly understand the kinds of work performance that are beneficial to them and
plan their SM utilization according to their institutional culture.

While this study provides valuable insights into the impact of social media use on
faculty job performance, several limitations should be acknowledged. Firstly, the study was
conducted among faculty members at public state colleges in northern India. Consequently,
the findings may not be generalizable to faculty in other regions or countries with different
cultural, educational, and technological contexts. Secondly, the data were collected through
an online survey, which relies on self-reported measures. This method may introduce biases
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such as social desirability bias, where respondents might overreport positive behaviors
or underreport negative ones. Thirdly, the study employs a cross-sectional design, which
captures data at a single point in time. This limits the ability to infer causality between
social media use and job performance.

To build on the findings of this study, future research could explore several areas.
Conducting longitudinal studies would help establish causal relationships between social
media use and job performance, providing a clearer picture of how these dynamics evolve
over time. Expanding the research to include faculty from different regions, countries, and
types of educational institutions would enhance the generalizability of the findings. Addi-
tionally, examining other professional groups could provide insights into how social media
use impacts job performance across various occupations and industries. Investigating other
dimensions of social media use, such as professional networking, marketing, and advocacy,
could offer a more comprehensive understanding of how these platforms influence job
performance. Exploring the role of organizational culture, leadership styles, and individual
differences in technology proficiency could also provide a more nuanced view of the factors
that mediate the relationship between social media use and job performance.
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