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Abstract

Discussions have implicit topics and are often exchanged by users with specific profiles. Users
may work cooperatively or collectively to support, attack, or deliver agendas due to similar
interests. Much research has been conducted to detect groups with similar interests or specific
characteristics using link analysis techniques, text analysis techniques, or a combination of
different methods on social media and blogs. However, most of the research that has been
published has focused on improving the community, or hidden community, detection
algorithms concerning the research challenges. In this research, a framework is proposed to
discover groups, or focal sets, with similar topic interests, using the focal structure analysis
algorithm and topic modeling in cyber argumentation; then, the social roles of the focal set
members are investigated. By combining these techniques, we discover and examine groups
and individuals behind specific topics in the discussion. In cyber-argumentation discussions, we
can analyze the group’s and individuals’ structures and profiles. This work can identify groups
and individuals behind specific topics and use their characteristics to blend communities and
individuals of polarized opinions in an online discussion. This allows for balancing the groups
and individuals in a discussion and draws out the crowd's wisdom in cyber-argumentation
platforms.
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1. Introduction

According to Nielsen [1], users’ participation in
online social networks is unequal. In fact, in all large-
scale user-generated content (UGC) platforms, user
participation follows the 1-9-90 rule. Whereas 1% of
users account for most of the content, 9% of users
contribute from time to time, and 90% of users are
lurkers who do not participate much in discussions.
Therefore, there is a need to investigate users: who
is talking, what they are talking about, and how they
are connected to extract new knowledge from UGC
platforms. Users do not work alone; they are
associated with others directly, such as through
social connections, or indirectly, such as through user
interaction connections like a “reply-to” or “like” on
social media platforms. Besides, users may work
cooperatively or collectively to support, attack, or
deliver agendas due to similar interests. These
connections represent some similarities that can be
used for community detection or group
identification. These types of connections are
studied extensively in research to detect
communities or hidden communities with similar
information or interests.

Community or hidden community detection can be
performed using link analysis techniques, such as
community detections or graph algorithms [2 - 11];
text analysis techniques, such as topic modeling [12,
13] or sentiment analysis [14]; or other data mining
techniques, such as clustering, classification deep
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learning [15], using game-theoretic modeling [16] or
using node attributes and edge structure [17]. Some
studies have combined different techniques to
discover or detect communities or hidden
communities with certain similarities in social media
and blogs. However, most of the work that has been
conducted focused on improving the community or
hidden community detection and structure
concerning the research challenges. Furthermore,
few researchers have tried to find representative
users in the detected communities to analyze these
users. To our knowledge, minimal work has been
done on cyber-argumentation platforms. Mainly,
community detection has been studied extensively in
social media platforms such as Facebook and
Twitter.

In this research, a new framework of existing work is
proposed to discover topic-oriented focal sets using
the Focal Structure Analysis Algorithm (FSA) [18] and
the topic modeling in the Intelligent Cyber-
Argumentation System platform (ICAS). First, topic-
modeling techniques are performed at the issue
level to identify most topics discussed by users under
the parent issue. Second, the users’ interaction
information applies the FSA algorithm to identify
sub-communities and focal structures. A pairwise
similarity is then performed to measure the
similarities between identified topics and community
topics to find the users and focal sets behind specific
topics. Finally, further experiments are conducted to
study users’ roles and the intensity of their opinion in
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online dissuasions. This work adds more significance
to cyber-argumentation platforms by discovering
communities or focal structures that are behind
specific topics and discovering users' roles and
opinion intensity.

This paper is organized as follows: Section Il presents
the background information used as a foundation for
this research. Section lll introduces argumentation
systems, and the ICAS tool, and the dataset used in
this research. Section IV demonstrates the proposed
framework. Section V discusses the results and
findings of the proposed framework. Finally, Section
VI concludes and directs the future work for this
research.

2. Background

Community Detection

Community detection [11], influential nodes [19, 20],
and topic modeling [20] are well-studied topics in
academia. Researchers have been focused on
identifying hidden communities using different
research methodologies [2, 3, 5, 7, 8, 10, 14] in the
last few years. Tang et al. [2] used a novel integration
scheme based on structural features to improve
conventional community detection methods from
one-dimensional to multi-dimensional networks.
Hajdu et al. [3] discovered the passenger
communities and most frequent trips in the transfer
network using graph information and the community
detection algorithm. Wang et al. [5] proposed
community kernel detection to uncover the hidden
community structure in large social networks and
discover influential users. He et al. [8] presented a
new approach: Hldden COmmunity Detection
(HICODE), which identifies hidden communities and
dominant community structures by weakening the
strength of the dominant structure to uncover the
hidden community structure beneath. Prem and Blei
[21] used a Bayesian model of networks that allows
communities t overlap. A corresponding algorithm
naturally interleaves subsampling from the network
and updates an estimate of its communities in
massive networks. Peng et al. [7] developed an
unsupervised learning method to discover implicit
communities hidden in tweet datasets. Fortunato [6]
has studied well community detection algorithms in
graphs. Fortunato and Barthelemy [11] found that
modularity optimization might fail to identify
modules with smaller communities compared to the
massive network size. Lin et al. [22] used a distant-
based modularity method for community detection
in incomplete network information to discover
hierarchical and overlapped communities. Behera et
al. [23] used a parallel programming framework to
reduce running time for uncovering the hidden
communities in a social network.

All the research mentioned above has focused on
link-based community or hidden community
detection. However, some work has been done
through community detection using additional
preprocessing or additional techniques such as text
analysis. For example, Fu et al. [14] used topic
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identification to identify the target participants, then
applied sentiment analysis and opinion mining for
users with similar topic interests. Finally, they applied
multi-level community detection to find communities
constructed by the users who have a consistent
opinion. Zhao et al. [13] addressed the semantics
problem shared by people in community detection
by introducing topical clustering as an additional
step to strengthen or weaken community
connections. Dang and Nguyen [24] proposed a new
approach for topic modeling using community
findings in dynamic networks. They used topic
modeling to refine the network based on the topics
to reveal the structures and communities in dynamic
social networks. Abdelbary [15] proposed multi-layer
community detection by applying Gaussian
Restricted Boltzmann Machine on users’ posts to
identify their topics of interest and then construct
communities.

Influential nodes are significant in different contexts.
Two well-known algorithms are used for influential
nodes in graphs. The PageRank Algorithm [25]
counts the number and the weight of the links to a
node in a graph. The underlying assumption of the
PageRank algorithm is the more critical the node in
the graph, the more likely to receive more links over
time. On the other hand, the HITS Algorithm [26]
assigns two scores for each node: authority, which
estimates the value of the node’s content, and hub,
which estimates the value of the links of that node to
the other nodes. Both algorithms have been used,
optimized, and improved in many contexts. For
example, Chen et al. [27] proposed a new metric to
identify influential nodes in a network by trading-off
between the low-relevant degree centrality and
other time-consuming measures. Kempe et al. [28]
implemented the Decreasing Cascade Model to
choose the active set of nodes for behavior
spreading. Wang et al. [29] proposed a new
algorithm that detects communities in social
networks considering information diffusion and a
dynamic programming algorithm for selecting
communities to find influential nodes.

Sen et al. [18] developed the FSA algorithm that
detects disease-release structure in a network
context. It uses the Protein-Protein Interaction (PPI)
networks to identify smaller and more relevant focal
structures instead of identifying large clusters or
communities by applying the modularity algorithm
[30] recursively. This algorithm has been used to
determine the focal sets in organizing mass protests
on social media [31]. Unlike the traditional influential
finding algorithms, this algorithm was able to identify
a set of influential nodes in a network that forms a
compelling power. In this research, we use the
community as a group or focal set to reference a
collection of individuals who shared links in the
argumentation graph.

Topic Modeling

Topic modeling and sentiment analysis attract
researchers’ attention due to the massive text
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generated by UGC, which helps to extract crowd
wisdom. LDA [32], Latent Dirichlet Allocation, is a
well-known algorithm in the topic modeling field. It
is designed as a multi-level Bayesian to model items
as a collection of a finite mixture over an underlying
set of topics. Xu et al. [33] used non-negative matrix
factorization for document clustering in a given
corpus. These algorithms are used and improved
enormously in academia to fulfill research needs. For
example, Jelodar et al. [34] reviewed scholarly
articles published from 2003 to 2016 related to LDA-
based topic modeling to discover the research
development, current trends, and intellectual
structure of topic modeling. Debortoli et al. [35]
combined LDA with a logistic regression model to
explain user satisfaction with an IT artifact by
analyzing more than 12,000 online customer reviews.

Social Roles in UGC Platforms

Users in UGC platforms hold different roles; users
may switch roles based on their contributions. Other
researchers have studied and investigated the social
roles of users in various domains. For example,
Stuetzer et al. [39] have studied brokering behavior
in online learning communities by examining role
patterns and information between learmers and
educators using social network analysis. Chan et al.
[40] used nine different role features to profile the
user roles in discussion forums. Then, they used two-
stage clustering to describe the forums based on
their role composition. White et al. [38] used a mixed
membership formulation to cluster users with similar
egocentric network structures based on the profile
models' network statistics. Welser et al. [39] used
editing  patterns and  egocentric  network
visualizations to develop “structural signatures” as
quantitative indicators of role adoption. In another
similar domain, Wikipedia talk pages are community-
oriented pages. Gleave et al. [40] have standardized
the “social role” in online communities as a blend of
psychological, social structural, and behavioral
properties. They measured and analyzed strategies
for identifying social roles in Wikipedia and Usenet.
Fisher et al. [41] have used social network analysis or
SNA to characterize authors in Usenet newsgroups.
They found that second-degree egocentric networks
provide apparent differences between different
types of authors and newsgroups. On another
platform, Reddit.com, Buntain, and Golbeck [42]
confirmed the existence of the “Answer-Person” role
in Reddit and provided an automated method for
identifying this role based on user interaction.
Mantzaris and Higham [43] have proposed a new
model that quantifies nodes' communication data in
social networks, known as dynamic communicators,
using standard centrality measures.

Social roles have been studied in the knowledge
management domain. For example, Davidson et al.
[44] have examined different roles in online
communities and developed Reader to Leader
framework to utilize online forum users' role
evolution. Cranefield et al. [45] have studied lurking
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behavior in online communities. They found vital key
roles in transferring knowledge in two activities:
monitoring the knowledge agenda and monitoring
or monitoring. Akar et al. [46] identified user roles in
an online community using structural role theory,
SNA, and community members’ contribution
behavior. Finally, social roles have been used in
Enterprise Social Networks (ESN). Hacker et al. [47]
have determined knowledge actions and knowledge
worker roles to characterize ESN user behavior.

3. Argumentation Systems

Cyber-argumentation systems are mudiums to deal
with contentious debates and deliberation from
which they conclude. Most of these platforms are
built on formal and informal argumentation
frameworks. The formal argumentation framework is
an abstract argumentation framework created by
Dung [48], known as the Dung Abstract Framework.
It defines argumentation systems as a set of
arguments and defeasibility relations. The system is
viewed as an oriented graph whose nodes are the
different arguments, and the edges represent the
defeasibility relationship between them. The formal
argumentation platform was the fundamental
framework for many informal argumentation
frameworks, such as logic-based argumentation
frameworks, value-based argumentation
frameworks, and assumption-based argumentation
(ABA) frameworks. However, the Issue-Based
Information System by Kunz and Rittel [49], known as
IBIS, was invented earlier than Dung'’s argumentation
framework. It has been used widely as an informal
argumentation framework to coordinate and solve
multiple stakeholders’ problems. Many
argumentation tools have been built using IBIS.
Cyber-Argumentation platforms are capable of
allowing vast discourse between participants and
understanding the discussion. They address issues
by creating well-defined structures for deliberation.
Therefore, online-argumentation platforms are
loaded with valuable hidden features worth further
study and research due to the extensive discussion
they contain. They have exhibited the ability to
evaluate the discussion on large-scale platforms and
in different contexts. They are capable of identifying
groupthink [50], analyzing argument credibility [51],
measuring polarization in opinions  [52],
recommending friendship connections using opinion
diversity [53], and predicting the missing collective
opinion [54]. Cyber-argumentation platforms enable
researchers to extract actionable knowledge from
deliberations. This process is known as “Knowledge
Discovery” [18] in complex social networks.

Liu et al. [55] implemented an intelligent
collaborative system for collaborative engineering
design and conflict resolution. This system has been
updated and developed over time for many settings
and uses. Then, this system has been updated and
expanded over time to accommodate different
research goals. The current version is the Intelligent
Cyber Argumentation System (ICAS).
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ICAS

ICAS is an online web-based argumentation tool.
The structure of ICAS exhibits the IBIS structure. Each
issue and related nodes are modeled into a single
tree, as shown in Fig 1.

Issue
| | |

\

Position 1 Position2 | | Position 3

‘ [ | ‘ |
\
Argument 1| |Argument 1 Argumentz‘ | Argumentn’
Argument 2=t= Argument 1

Fig.1. Issue, Position and Argument Tree

To wunderstand the discussion’s direction and
participants’ attitudes, users need to read every
argument in the issue tree. This is time-consuming
and most likely, users cannot comprehend the whole
discussion while it grows massively over time.
Therefore, the ICAS has incorporated three analytics
models to make the app intelligent and informative.
The models are the collective intelligent index by
[55], the polarization index by [52], and the
prediction of collective opinions on the position level
by [54]. These models use analytical techniques to
help users understand the discussion, even without
participating. For more information about ICAS,
please refer to [56].

Empirical Data Collection

For more information about the issues and positions
used in this research, please refer to [57].

4. Proposed Framework

Discussions in cyber-argumentation contain more
than text and opinions. This proposed framework
uses the FSA algorithm to discover topic-oriented
hidden communities under a selected issue.

This framework is divided into critical modules, as
shown in Figure 2. First, the data is collected from
the ICAS platform. Then, topic modeling is
performed on the text collected and focal set
identifications on the participants using link analysis.
Subsequently, a pairwise similarity is conducted
between the identified topics, individuals, and focal
sets’ posts. Finally, the participants' social roles and
opinion intensity are used to analyze the discussion
dynamic in ICAS discussions. In the following
subsections, more information about the technical
details of the framework.
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Fig 2. Proposed Framework
User Opinion Vector (UOV)

In ICAS, an issue, as shown in Fig. 1, consists of
positions and arguments at different levels of the
tree. To derive the user opinion vector, first, any
argument or reaction made at any tree level needs
to be a direct child to its position parent. The fuzzy
reduction engine from Liu et al. [55] is used to reduce
all arguments and reactions from any level of the
argumentation tree to become direct children to the
parent position. Then, all the reduced agreement
values (AV) form all the arguments, and the reactions
per position for user u are averaged. Suppose there
are n positions under issue |; then, the same process
is applied for all positions under the selected issue.
If user u has not participated in one or more
positions, those missing values are imputed with
zeros. Finally, the user vector opinion is built and
created as:

UOV(uI I) = (A z}tlﬁA 2;12' z%;nA‘/pl‘:‘L) (1)
Focal Sets and Participants Partitioning
Using Link Analysis

In ICAS, it is assumed that participants do not have
any explicit relationships or social connections
during the discussion. It is also assumed that users
work with each other unintentionally or collectively.
With these assumptions, some users share similar
interests and behaviors. The FSA algorithm [18] is
applied to ICAS discussions to discover sub-
communities and focal structures in this section.
However, as shown in figure 2-1, the issue tree
represents the discussion in ICAS. Therefore, a graph
transformation is needed to apply the FSA
algorithms. The user interaction graph (UIG) is
created from the discussion tree as in [57]. The
resulting graph consists of nodes representing users
in the discussion and edges representing reply-to
and react-to relationships between users. The FSA
algorithm is applied to partition the UIG into smaller
graphs as the graph is created. As a result, different
communities are formed at different levels of the
uIG.

Focal Sets Opinion Vector

This section studies the users’ opinions within the
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focal set. Users who share the same topic do not
necessarily share the same opinion about the issue.
Therefore, it needs more processing to investigate
users’ opinions within the same focal set. Two
concepts are introduced for this purpose: Average
User Opinion and Average Focal Set Opinion—
details in the following two subsections.

Average User Opinion (AUO)

On the issue level, to determine the average user's
opinion, users' opinions for all positions under the
issue are considered, as follows:

AUO(D)
LAV, TR, AV, TR, AV, S, (2

) ) I

m m m

In (2), m is the number of participants in issue |, j is
the total number of positions for | and AVip1 is the
average user i opinion on position p1.

The average user’s opinion is the same size as the
opinion vector. Therefore, we can compare each
user with AUO for a particular issue.

Focal Set Average Opinion (FSAO)

On the issue-level, to determine the focal set
average opinion for a particular focal set, we need to
consider users’ opinions for all positions under the
issue within the same community.

FSA0(C)
=1 AV, Xina AV, Xin

n n

— o~

In (3), n is the number of participants in the focal set
C, and j is the total number of positions for I. AVip1
is the average user opinion i in focal set C and on
position p1.

The focal set average opinion has the same size as
the user opinion vector. Therefore, FSAO with AUO
can be compared for a particular issue as the norm.

Issue Topics by Topic Molding
Corpus Preparing

Although an issue has explicit positions, it may
have other implicit topics or positions as the
discussion goes on between users. Moreover, in
the ICAS design, positions do not have to be
distinct mutually exclusive positions; they overlap
or are alternatives to other positions. Thus, there
is a need to identify the main topics discussed
under an issue. However, the corpus needs to be
prepared and preprocessed for topic modeling.
Therefore, each user's arguments are combined
under the selected issue, tokenized and stop
words, low-frequency words are removed, and
finally, stemmed. Each user has a single document
of their processed text. Finally, the corpus is made
up of all the users’ documents.

Topic modeling is done in different ways. A well-
known algorithm is Latent Dirichlet Allocation (LDA)
by Beli [32]. Another topic modeling method uses
non-negative matrix factorization (NMF) [33]. The
following subsections introduce both methods in the
proposed framework.
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Topic Modeling by LDA

LDA is a generative probabilistic model of a corpus
[32]. It tells us that each word (w) in each document
(d) comes from a topic (), and the topic is
determined from a per-document distribution across
topics. It uses two probability values:

The probability distribution of words in topics: @wt=
P(wl|d).

The probability distribution of topics in documents:
etd = P(t|d) .

The probability of a word in a document is

Pwid)= ) ped)pceld) @

tEeT

Where T is the total number of topics. If conditional
independence is assumed, then:

P(w|t,d) = P(w]|t) (5)
Therefore,
T
Pwid) = D" p(Op(tld) ©
t=1

The generative process of the LDA model can be
described as the joint probability distribution, and
the likelihood of generating the whole corpus (D) is:

P(Dla, )

Ng
=[] v@aa([] Y ptanlon) pvanita, "
=1 n=1 tan

Where a, B are the parameters of the respective
Dirichlet distributions, 8d is the topic proportion for
document d, td,n is the topic assignment for word n
in document d, and wdn is the observed word in
document d.

Topic modeling by NMF

Non-negative Matrix Factorization is a dimension
reduction method that factors high-dimensional
vectors into a low-dimensionality representation. If a
corpus D consists of n words and m documents, the
D matrix can be factored into matrix W (n words and
k topics) and matrix H (k topics and m documents).
Topic modeling by NMF usually requires a corpus D
normalized by TF-IDF. W and H matrices are
optimized over an objective function as

(4 — WH);)* (8

Using the objective function, the update rules for
matrices W and H are:

(AH)iC

Wic « Wic WHH),, )
(WA)cj

ch < cj (WWH)C]' (1 O)

The updated values are calculated in parallel
operations. Then, the new matrices, W and H, are
used to calculate the reconstruction error. The
process is repeated until convergence.
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Individuals and Focal Sets and Topics Similarities

A pairwise similarity is used between identified
topics and individuals and focal sets' text to measure
the contributions from individuals and focal sets’
text. The similarity between individual texts and
identified topics is a simple calculation task.
However, the similarity between the focal set's text
and identified topics is not a straightforward
calculation. It requires more processing. Thus,
algorithm 1determines the focal set contribution to
each topic.

Finally, the focal sets are sorted based on their
similarity score in decreasing order for each
identified topic. Setting a similarity threshold can
identify which communities have contributed the
most to a particular topic.

Algorithm 1 Focal Set - Topic Similarity

Input: list of focal sets and list of topics

Output: matrix of the similarity between focal sets
content and topics

For each focal set:

For each topic:

For each user in the focal set:

User contribution = pairwise similarity between user
content and topic

focal set contribution += User contribution

focal set topic similarity = focal set contribution /
focal set size

Social Roles in ICAS

Most research on social roles [37 - 47] has used graph
information to identify participants' social roles. They
have mainly used the node position in a graph where
the node in-degree and out-degree information
determines the participant roles. The number and
description of roles in the research [37 - 47] have
varied concerning the associated platform. Since
ICAS is a discussion and argumentation platform, the
UIG from [57] is used. In addition, the node attributes
from the UIG are used to determine the user’s role in
the discussion.

[40-41] have identified three social role signatures
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based on the egocentric networks for participants:
Answer Person, Discussion Person, and Discussion
Catalyst. An “Answer Person” does more posting
than receiving in a discussion. Therefore, the out-
degree for this user in a graph is much higher than
their in-degree. A “Discussion Person” has frequent
reciprocal exchanges with other participants. As a
result, this user has similar in-degree and out-degree
scores. Finally, the “Discussion Catalyst” posts
messages that initiate long threads. This role may not
have higher out-degree scores. Users with this role
do not have more postings than others, but they are
likely to attract others to engage in their threads. In
this research, the abovementioned roles are used to
label users in discussions.

5. Discussion and Results
The FSA Algorithm with ICAS Discussions

The FSA algorithm is used as a link-based algorithm
to partition users in each discussion into focal sets.
Table 1l shows the results of the FSA algorithm
applied to the UIG for each discussion hosted by
ICAS.

Issue 1 has the highest number of participants and
connections. The FSA algorithm looped ten times
and resulted in 85 focal sets. The UIG was sparse due
to the high number of users participating in this
discussion. As a result, the UIG had the lowest
modularity, cluster coefficient, and transitivity scores.
Issue 2 has 79 focal sets from applying the FSA
algorithm within nine rounds. However, this issue
reported the highest modularity, cluster coefficient,
and transitivity scores. This issue has a denser UIG
graph than the other issues’ UIGs. As shown in Table
II, issue 3 and Issue 4 are in between Issue 1 and
Issue 2.

Topic Modeling with ICAS Discussion

LDA and NMF models are used for topic modeling
on the issue level. Table Il reports the evaluation
result from applying both models.

Issue |# Users| # Connections | # Focal Sets | # Levels | Modularity Clustering Coefficient Transitivity
Issue 1 305 4701 83 10 0.609477 0.097111 0.087107
Issue 2 | 291 3412 79 9 0.681429 0.169482 0.196258
Issue 3| 297 3696 84 10 0.633422035 0.139165273 0.130571023
Issue 4 | 280 3198 88 11 0.635557726 0.097178521 0.17741009

In each issue, the number of topics was set to 4, with
ten tokens in each topic. For both models, in all
issues, the topics were primarily different. With the
limited corpus from each issue discussion, NMF
reported better topic results, evaluated by pointwise
mutual information, PMI, than LDA. This result is that
NMF normalizes the corpus using the TF-IDF.
However, it required more run time than the LDA
model.

Algorithm 1 is used for the focal sets to find the
similarities between topics and focal set documents.
Due to the space limitation, the results of the focal
sets documents and topic similarities are not

included in this dissertation, but they are available
upon request. However, one significant finding in
this area is that the similarity between topics and
focal sets documents increases as focal set size
decreases. This correlation is because some users
contribute to the discussion but without any text,
which negatively affects the topic similarity.

Individual Opinion Intensity and Social
Roles

The intensity measure usually is split into three levels:
low, medium, and high. In this research, the same
intensity levels are used to determine user opinion
intensity. Each user opinion vector (UOV) is
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calculated as (1) and then is compared with AUO as
(2) to label the user. This distance between UOV and
AUO determines the user opinion intensity level, as
shown in fig. 3. For each user, if the UOV is within
0.33 distance or less from the AUQO, then this user
opinion is labeled as a low-intensity opinion. If the
UQV is within a distance between 0.34 and 0.67 from
the AUO, then this user opinion is labeled as a
medium-intensity opinion. If the UOV has a distance
of more than 0.67 from the AUQO, the user’s opinion
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is labeled as high-intensity.
Topic Modeling with ICAS discussions

LDA and NMF models are used for topic modeling
on the issue level. Table Il reports the evaluation
result from both models.

To investigate the user’s social role, the egocentric
network information is used to label the user as
Answer Person, Discussion Person, or Discussion
Catalyst, as previously mentioned in section IV

A0

Medum ntensy

Fig 3. Opinion Intensity Bar

Issues PMI - NMF PMI - LDA
Issue 1 0.05277667 -0.0382568
Issue 2 0.011041 -0.007667
Issue 3 0.1094469 0.021647
Issue 4 0.0495284 -0.005781
Issues Social Roles Low-Intensity Medium-Intensity High-Intensity
Answer Person 35 56 9
Issue Discussion Person 29 104 24
Discussion Catalyst 11 22 11
Answer Person 40 45 8
Issue 2 Discussion Person 53 101 19
Discussion Catalyst 6 25 3
Answer Person 21 55 11
Issue 3 Discussion Person 22 121 34
Discussion Catalyst 3 23 2
Answer Person 35 47 7
Issue 4 Discussion Person 49 92 21
Discussion Catalyst 3 12 10

different pattern. For Issue 1, users with the opinion
of “High-Intensity” occur equally to users with the
opinion of “Low-Intensity.” However, in Issue 4,
users with the opinion of “High-Intensity” are more
than users with the opinion of “Low-Intensity,” while
for Issue 2 and Issue 3; users with the opinion of
“Low-Intensity” occur more than users with the
opinion of “High-Intensity.”

The total number of participants across all
discussions is 310 users. Of these users, 5% of the
participants are users with an “Answer Person” role
across all discussions, 25% of the participants have a
“Discussion Person” role across all discussions, and
only one user found who had the “Discussion
Catalyst” across all discussions. On the other hand,
users seem to switch social roles among discussions.
For example, 72% of the participants alternated
between the “Answer person” and “Discussion
Person” roles across all discussions, and 38% of the
participants had either “Discussion Person” or
“Discussion Catalyst” roles across all discussions.
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However, no user was found with the “Answer
person” and “Discussion Catalyst” roles in all
discussions. These statistics show that users may
switch roles from the “Answer person” role to the
“Discussion Person” role or from the “Discussion
Person” role or “Discussion Catalyst” role but not
from the “Answer person” role to the “Discussion
Catalyst” role according to the user behavioral
postings.

The PageRank Algorithm [25] has been applied to
each issue discussion. The users were sorted in
decreasing order based on their PageRank score. Of
the top 10%, most of the users were labeled as
“Discussion Catalyst,” and a few of them were
labeled as “Discussion Person.” Moreover,
according to the PageRank Algorithm scores, two
users were influential in all discussions, six were
found in three discussions, and twenty-three were
found in two ICAS discussions.

Similarly, opinion intensity degree dynamics for users
have an identical pattern to the user’s social role



HIV Nursing 2023; 23(3): 325-334

dynamics. 30% of the participants have an opinion
with a “Low-Intensity” degree, 14% of the
participants have an opinion with a “Medium-
Intensity” degree, and only one participant has an
opinion with a “High-Intensity” degree across all
issues. Of the total users, 50% either have opinions
of “Low-Intensity” or “Medium-Intensity” degree,
40% have opinions of “High-Intensity” or “Medium-
Intensity” degree, and 1% have opinions of “Low-
Intensity” or “High-Intensity” degree across all
discussions. Like social role dynamics, users may
change their opinion intensity degree from “Low-
Intensity” to “Medium-Intensity” or “Medium-
Intensity” to “High-Intensity” degree but rarely from
“Low-Intensity” to “High-Intensity” degree.

Focal Sets Opinion Intensity and Social
Roles

Like individual opinion intensity, the focal set opinion

intensity is calculated using (3) and then is compared
with AUO as (2) to label the focal sets as in the
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previous section. Table IV shows us the focal set
labels in all ICAS discussions. Most of the focal sets
in all issue discussions have an opinion with a “Low-
Intensity” degree; fewer focal sets have an opinion
with a “Medium-Intensity” degree and no focal sets
with a “High-Intensity degree.” The opinion intensity
degree reduces with the users being grouped in
focal sets.

The focal sets found in all ICAS discussions have
different dynamics. Users with the “Answer Person”
role appeared in 80% of the focal set members and
made up 34%. Participants with the “Discussion
Person” role occurred in 92% of the focal sets and
made up 53% of the focal set members. However,
users with the “Discussion Catalyst” role appeared in
55% of the focal sets and made up 12% of the focal
set members. At least one user with a “Discussion
Person” or “Discussion Catalyst” role exists in each
identified focal set. We found no focal set where all
the members were labeled with the “Answer Person”
role.

Issues Low-Intensity Medium-Intensity High-Intensity
Issue 71 12 0
Issue 2 44 35 0
Issue 3 66 17 0
Issue 4 73 13 0

As per the opinion intensity in focal sets, users with
“High intensity” opinions appeared in 39% of the
focal set and made up 8% of the focal set members.
Participants with  “Medium-intensity”  opinions
occurred in 99% of the focal set and made up 75%
of the focal set members. Finally, users with “Low-
intensity” opinions appeared in 58% of the focal set
and made up 17% of the focal set members.

FSA algorithm and topic modeling techniques are
valuable tools to extract knowledge within their
domain. Combining these techniques lead to more
helpful information from UGC platforms. They help
discover and profile hidden communities and users
based on their discussions and contribution. These
algorithms help identify the social roles and pinion
intensity of participants in cyber-argumentation
platforms.

6. Conclusion

Identifying  topic-oriented communities is an
essential task in online discussion platforms.
Moreover, it is necessary to measure the opinion
intensity and identify the social roles of users who
make up the focal set to understand discussions and
participants better. A new framework is proposed in
this research. This framework can measure the users’
opinion in a discussion and compare it to the average
user's opinion vector and identify focal sets using the
FSA algorithm and measure their opinion intensity
degree. Additionally, the framework applies a
pairwise similarity between topics discussed by
individuals and focal sets to leverage topic-oriented
individuals and focal sets in cyber-argumentation.

Finally, it analyzed the individuals and focal set
dynamics using users’ opinions and social roles.
This framework can identify similar focal sets and
individuals who are behind specific topics but not
connected. It can also blend communities and
individuals of polarized opinions in an online
discussion. This balances the focal sets and
individuals in a discussion and draws out the crowd's
wisdom in the cyber-argumentation platform.

There are many options to expand this model. For
example, since the individual and the focal set
opinion intensity degree are calculated, is it possible
to calculate the topic intensity degree according to
the participants' attitudes? If yes, how do we increase
or decrease the topic intensity degree? Another task
that could be done is to investigate non-textual users
who appeared in multiple focal sets but have not
contributed to the discussions with replies. This is left
for future work.
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