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ABSTRACT One main incentive for the utilization of opinion mining (OM) in social media is the
impossibility of manually analyzing millions of opinions. However, applying OM for decision-making
requires imitating human brain reasoning for more pragmatic results. Analyzing opinions in human-like
intelligence is vital for avoiding misleading results. This occurs when the process can properly excogitate
social influence and environmental uncertainty. In this study, an OM model for Twitter is proposed to
handle perspectivism and opinion ambiguity. For perspectivism, social network analysis (SNA) is
conducted, where users are ranked and then weighted using the UCINET tool and neural networks. An
uncertainty classifier is used to integrate users’ influence levels with the polarity scores of their texts,
providing a new polarity score that can reflect the real-world reasoning of opinions. Polarity scores needed
for integration is done using the lexicon resource TextBlob. In the proposed model, three uncertainty
classifiers are tested: typel fuzzy logic (T1- FL), type2 fuzzy logic (T2- FL), and neutrosophic logic (NL).
A comparative analysis of the methods shows the ability of NL to deal with the uncertainty existing in the
data more accurately, proving the benefit of NL in improving the power of OM in social media.

INDEX TERMS Social network analysis, opinion mining, fuzzy logic, neutrosophic logic.

I. INTRODUCTION
With billions of active users on Facebook and thousands of

opinions from different point of views depends on the
influence degree of the opinion holders on their followers

tweets every second on Twitter, opinions move on social
media at a full speed [1]. Social media can provide
businesses with a wealth of information about customers’
thoughts and feelings. Moreover, social media becomes the
primary source of information that expresses online public
opinion in emergency or hot events (e.g. COVID-19) [2].
However, with data growing by the day, it is impossible to
manually analyze this mass of information. This is where
opinion mining (OM) came in [1],[3]. This information, if
properly processed, allows businesses to understand
opinions that are more important in supporting decisions to
improve customer experience and public responsiveness.
Thus, it is invaluable to businesses, governments, and
individuals [2],[4].[5].

Whereas media is increasingly social, audiences are no
longer disconnected from each other, can talk back, and
influence each other [6]. This caused the practice of
perspectivism to spread, where people can perceived
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[6].[7]. Followers are naturally biased towards the more
trusted opinion holders. Consciously recognizing this case,
social media beneficiaries and researchers have tried to
find a way to identify influencers and spread positive
opinions with their help [7]. Reasoning the human brain in
how people perceive texts is essential in the OM process
for more rational results. Accordingly, Social Network
Analysis (SNA) becomes part of the OM battle [4],[6],[7].
Using different methods, SNA succeeded in identifying
influencers for business to gain their advantage for
achieving predefined goals; business owners become
allowed to measure their audience power to change their
market image [6],[7].

In a deep look at the nature of opinion on social media,
opinions, whether reflect emergency or nonemergency
events, are usually contains uncertain information despite
the uncertainty of the electronic opinion resulting from
distance communication with strangers that challenges the
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OM process in drawing conclusions, as would a human do
[4],[8]. Moreover, emergencies increase the uncertainty
[2]. Opinions, such as text, can face different types of
uncertainties, including vagueness, indeterminacy, and
ambiguity. This is when information has borderline cases,
imprecise with conflicts and paradoxes, and leads to
several feasible explications. These uncertainty types must
be handled properly [9-11].

Fuzzy set theory, especially Typel-FL (T1-FL), has
been considered the first to deal with the uncertainty
problem (e.g., to handle vagueness in OM) and literature-
wise, T1-FL is reviewed as the most adopted FL in the
literature, especially in OM, where T1-FL deals with
vagueness by following a fine-grained classification of
sentiments[7],[12],[13]. However, the growing complexity
of uncertainty and T1-FL limitations have driven the
development of many extensions (e.g., intuitionistic fuzzy)
[13],[14]. Type2- FL (T2-FL) has been proven to handle
more complicated uncertainties (e.g., ambiguity or
uncertainty resulting from different knowledge sources)
[13],[15]. The main reason is in the T2-FL basic feature of
determining the uncertainty range using a footprint of
uncertainty (FOU). The FOU in T2-FL is constructed using
two T1-FL membership functions (MF): upper MF and
lower MF. Using FOU, uncertainty is captured and
controlled, thus minimizing its adverse effects on systems
[15].

Fuzzy set theory and its extensions can capture the
positive and/or negative membership degrees to a set but
fail to address the indeterminacy component [14]. To
address indeterminacy, the concept of neutrosophy has
been introduced [12]. The neutrosophic classifier is an
extension of the fuzzy classifier that utilizes neutrosophic
logic (NL). It is a more generalized logic that can
effectively detect and reduce uncertain instances by
providing undependable degrees of truth, uncertainty
(indeterminacy), and falsity. Thus, NL can deal with the
uncertainty nature of social media opinions and improve
the process of decision-making [16].

This study attempts to overcome the problems of
perspectivism and uncertainty to provide more accurate
OM results from social media data that are suitable for any
decision-making process. It proposes an integrated model
that adopts SNA and OM processes in a unified framework
using an uncertainty classifier to handle different types of
environmental uncertainty. T1-FL, T2-FL, and NL were
used to investigate the performance of the proposed model.

In line with the work done in [7], the sustained
contributions of the proposed model are summarized and
listed as follows:

-- Propose a modified opinion mining classifier that
represents the polarity score of texts as a function of
their users' influence level through a hybrid OM
classifier that considering perspectivism.
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-- Propose the integration of social network analysis
with the regular opinion mining process through a
neutrosophic classifier.

-- Quantify uncertainty for three machine-learning
classifiers, including the proposed neutrosophic
classifier.

-- The proposed model attempts to imitate the human
brain reasoning in analyzing sentiments through
reflecting perspectivism using social network analysis
and detecting ambiguity using neutrosophic logic
which is known for being highly integrated with the
way humans think.

-- Implement the proposed model on a customized
dataset collected for this purpose and benchmark
datasets to investigate the advantage of the proposed
model and its efficiency in dealing with the ambiguity
compared to the other mentioned machine learning
classifiers.

The remainder of this paper is organized as follows. In
Section I, existing FL and NL research works on OM are
considered. Section 111 illustrates the research problem, and
in Section 1V, the proposed model is defined. Experiments
and analysis of results are presented and clarified in
Section V. Conclusions and impending breadth for
development are presented in Section VI.

Il. RELATED WORK

In the literature, besides classifying its techniques into
lexicon-based and machine learning (ML), OM research
has chiefly pursued two target areas [1],[3]. Study the
impact of various techniques on improving the main
process of OM (i.e.,, accuracy and effectiveness) or
applying different OM tasks to achieve predefined goals
(e.g., stock market prediction and customer satisfaction)
[13],[17]. Most studies have combined both targets;
researchers are continuing to investigate the best OM
techniques for better application accuracy [18],[19]. The
same is the case when dealing with FL in the OM
literature; FL has been studied from the perspective of
finding a way to improve the idea of FL itself. In addition,
the adoption of FL to address low accuracy has occurred in
OM applications [13].

T1-FL is essentially adopted in the OM literature for
minimizing vagueness to improve efficiency through fine-
grained classification of opinions instead of the default
classification (i.e., positive, neutral, negative) [7],[20]. One
recent study in this area was conducted in 2021, where
Batista et al. [20] attempted to facilitate decision-making
based on a huge amount of texts extracted from social
media on different topics at different times by creating a
FL sentiment analysis (SA) dimension. The authors used
OLAP for text storage and extraction in their
multidimensional model. The idea behind FL usage is the
ability to fine-grain sentiments, and thus, a more detailed
analysis. The hierarchy levels of this fuzzy dimension
consisted of five levels organized from the most general to
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the most specific (i.e., three, five, six, seven, and nine
classes). Texts were clustered, sentiment scores were
assigned, and processed using FL. TextBlob and VADER
were used as they perform well with social texts and for
being unsupervised tools so more generic. A comparative
study was conducted on real tweets and movie reviews
using six ML algorithms, showing the high performance
and accuracy of this method. The advantage of this method
is that it is both fully automated and unsupervised.

The idea of refining outputs using FL was adopted in the
same year as Sharma et al. [21] used FL to obtain the final
polarity score from the lexicon resource VADER. VADER
gives positive and negative scores for the same text,
whereas FL can classify texts into positive, negative, and
neutral, considering positive and negative lexicon score
intersections. The contribution of this work lies in the
proposed fuzzy rules for assigning polarity to texts.
Experiments were conducted on Twitter data and blogs,
showing significant results for Twitter data but were not
scalable for blogs. Recommendations were made to
improve the adaptability of this method to any dataset.

Another fuzzy-based sentiment analyzer was proposed
in 2020. Khattak et al. [22] attempted to classify customer
sentiments at a fine-grained level. The authors attempted
to improve the efficiency of the SA applied to measure
customer satisfaction. They developed a fine-grained SA
system by extending fuzzy linguistic hedges and rule sets
to seven levels of granularity. In their work, 20 linguistic
hedges were used to modify the shape of the fuzzy
linguistic variable (e.g., extremely, too, or few). The

SentiWordNet. The sentiment scores of linguistic hedges,
along with the lexicon score of opinion words at a fine-
grained level, provided the fuzzy input linguistic variable.
Customer feedbacks from different products were collected
and tested. Experiments and comparisons with different
methods showed improved performance and efficiency of
this method. One disadvantage of this method, as
mentioned by the authors, is the inability to handle
ambiguous words (e.g., the word “high” when used to
express negative opinions). In 2017, Krishna et al. [23]
discussed the analysis of the unstructured formatted data.
They proposed a seven level classification of opinions and
reviews' features using T1-FL. They believed that fine
graining opinions and extracting opinions' features could
improve the decision making process. Opinion words are
classified using support vector machines (SVM) and
Maximum entropy (MAXENT) then fed as input to a fuzzy
inference system that provided a fine-grained sentiments. A
comparative study was conducted between the two
supervised classifiers in terms of accuracy and learning
rate. The results showed a higher accuracy and learning
rate for SVM.

Due to different types and reasons for uncertainty, T1-
FL was found to be unable to deal with them all [24],
especially when modeling ambiguous words as previously
mentioned in [22]. Many extensions have been developed
in the literature to improve FL performance when dealing
with uncertainties, such as T2- FL [17],[24]. In 2020,
Abbasimehr et al. [25] believed in the power of users to
improve the effectiveness of the OM process by identifying

opinion scores of words were obtained using reviewer credibility. They assumed that highly credible
TABLE |
SUMMARY OF DIFFERENT FL AND NL TECHNIQUES IN OM LITERATURE
Sentiment Analysis / Opinion Mining Research Concern
Algorithm Uncertainty Classification Other methods SNA Process Application Aim of Work
Type # of classes Lexicon ML Pp
5 levels (3:9) TextBlob/

[20] FL-TL classes VADER x X v X !

[21] FL-T1 3 VADER x V x 2

[22] FL-T1 7 SentiWordNet X x V 4,6
SVM,

[23] FL-T1 7 x MAXENT x N x 2.4

[29] x x x x FL-T2 AHP V x 3,4

[26] FL-T2 3 x v x x N 7

[27] FL-T1&2 5 SentiWordNet X X X v 7

[28] x x x x x x cIassﬁymg 5 (FL and NL)

appendicitis
systems 5,7 (FL, IFL, and
(11] X X X x X X evaluation NL)
[12] NL 7,53 x FL-T1 x N x 2,4
handle
[29] X X X X X ambiguity X 5,7 (FL and NL)
VADER,

[30] NL 3 neutral lexicon x x \ Rank products 1,7
k-NN,

[31] NL 8 classes VADER SVM, K- X \ X 4,7
means

1 Handle big data to facilitate decision making 2 Refine polarity results

5 Comparative study

6 Customer satisfaction based on SA of reviews

3 Detecting credible users 4 Improve accuracy of SA process
7 To deal with the uncertain nature of data

‘x’ stands for “not applicable” and * \" stands for “applicable”
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users write high-quality reviews; thus, the OM process
would be more accurate and efficient. They depended on
T2- FL analytical hierarchy process (AHP) to rank source
creditability. The hierarchy process is widely used in
weighting, but it is difficult to deal with the uncertain
judgments of decision makers. T2- FL was used in this
process to handle uncertainty. Experiments were conducted
using real data collected from epinions. The results show
the significance of this method in determining creditable
sources, thus improving the performance of the OM
process based on online reviews.

In 2019, Bi et al. [26] introduced the problem of the low
accuracy of SA results and its effect on the quality of
decision making. They proposed the usage of T2- FL while
representing aggregated sentiment scores for certain
products. In their work, they considered the low-accuracy
sentiment results to be uncertain, and thus represented
them using T2- FL. The method was applied to a decision-
making system for ranking products based on their
aggregated sentiment results and decision maker
preferences. Preferences were the aspects of products in
which online reviews were analyzed. This study was the
first attempt to consider accuracy rates while representing
SA results.

In 2015, Ali et al. [27] highlighted the classical
ontology limitation in dealing with the uncertain nature of
Internet data when searching for reviews. They proposed
searching for reviews (i.e., hotel reviews) using an OM
ontology system that adopted T2-FL. Using such a system,
opinions about hotels were preprocessed and converted
into proper search queries, and feature opinions were
extracted using T1-FL ontology. The T2-FL ontology was
used to integrate the extracted features with the available
information about hotels and what was required by users.
Moreover, they aimed to improve the performance of the
system. Features were assigned polarity scores based on
the lexicon resource SentiWordNet. After aggregating the
polarity scores of each word in an opinion sentence, T1-FL
was applied to fine-grain the final polarity into five polarity
classes using predefined rules. Experiments verified the
ability of the proposed system to accurately analyze
reviews of uncertain data types.

Some researchers have investigated the differences
between FL and NL when dealing with uncertainty.
Bhutani and Aggarwal [28] applied both FL and NL to
classify appendicitis. They first identified the difference
between classifications using fuzzy probability and
neutrosophic probability, and their determination and
entropy criteria. Second, both methods were implemented
using the appendicitis dataset. The main difference was
that neutrosophic allowed a real-world sample that
included indeterminacy. Results using neutrosophic
probability and entropy could be complete (i.e., have zero
indeterminacy), incomplete (i.e., indicate the existence of
some indeterminacy degree), and paraconsistent with some
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attribute inconsistency. More realistic and accurate
classification results were obtained using neutrosophic
probability and entropy than fuzzy probability.

Radwan et al. [11] discussed the problems of different
uncertainty types facing knowledge representation and
analysis in expert systems. They proposed an uncertain
expert system for the quality evaluation of different
management systems specified for the learning process
based on predefined factors (e.g., ability to learn, ability to
remember, and process efficiency). They applied three
uncertainty models (T1-FL, intuitionistic FL, and NL) for
this purpose. The results showed the superiority of NL in
the evaluation due to FL and intuitionistic FL failure in
handling  indeterminacy and false = membership
representations, respectively.

Kandasamy et al. [12] attempted to represent the FL
classification results of SA by using refined neutrosophic
sets. They substituted the normal classes of SA into
positive, indeterminate, and negative. They applied multi-
refined, triple-refined, and single-value neutrosophic sets.
The FL results were converted into seven classes (i.e., two
positive, three indeterminate, two negative), five (i.e., two
positive, indeterminate, two negative), and three (i.e.,
positive, indeterminate, and negative) classes. They
applied refined sets to the SA results of ten social subjects
on Twitter. The results showed that the multi-refined
neutrosophic sets succeeded in improving the accuracy and
performance of SA and proved their superiority in
representing the indeterminacy and neutrality of opinions.

Ansaria et al. [32] discussed the neutrosophic
phenomenon, how it differs from fuzzy, and how to
implement it using the FL toolbox of MATLAB. They
built a neutrosophic inference system (NIS) using three
fuzzy inference systems (FIS): truth, indeterminacy, and
falsity components of NL. They highlighted the
overlapping region of fuzzy memberships as the region of
indeterminacy and falsity in NL. The region of no overlap
in the membership functions was represented by the truth
component of the NL. A comparison was conducted
between the results from both the NIS and FIS using the
iris dataset special for values that lie in the ambiguity zone.
Ambiguity in the FIS was defined by the results that lie in
the overlapping region between two adjacent membership
functions. However, for NIS, was identified by nonzero
indeterminate and falsity values. The ambiguity resulting
from the FIS was 36%, compared to 10% ambiguity
resulting from the NIS. Therefore, the proposed NIS
succeeded in handling ambiguity with a better accuracy
than the FIS.

Until recent, the application of the neutrosophic theory
to the OM process in social media is unfamiliar in the
literature despite the continuous necessity to mine public
opinion on social media and reduce the generated
uncertainty of the emergency events and the ability of
neutrosophic to deal with this type of uncertainty
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[2],[12],[29]. The authors in [30] attempted to combine
neutrosophic with the sentiment analysis process of online
reviews to rank products. They proposed a Neutro-
VADAR (valence aware dictionary and sentiment
reasoner) approach that assigned the online reviews a
neutral score based on the generated positive and negative
scores from VADAR and the combined neutral lexicon. If
neutral words were detected, then the neutrality score
equaled to 1. If both negative and positive words were only
detected, then the neutrality score equals to the resulted
subtraction of 1 and the compound score. Afterwards,
products were ranked using neutrosophic averaging and
similarity measures. The performance of the proposed
model was tested on real data from Twitter. The results
showed the ability of the proposed Neutro-VADAR to
handle uncertainties better than the traditional VADAR.

To deal with the problem of mining opinions about hot
events, the authors of [31] highlighted the indeterminate
nature of such opinions on Twitter. They attempted to
represent the opinions related to #MeToo movement based
on the neutrosophic theory by clustering and classifying
tweets into positive, indeterminate, and negative. The
tweets were assigned a polarity score using VADAR then
clustered and classified into positive, indeterminate, and
negative memberships to be represented as neutrosophic.
The authors applied k-means algorithm to cluster the
neutrosophic sets and k-nearest neighbors (k-NN), and
support vector machine classifiers (SVM) to classify the
neutrosophic sets, then a performance evaluation was
conducted on the chosen clustering and classification
algorithms. The results showed a better performance for k-
NN than SVM. The dataset analysis indicated that the
movement’s trend was indeterminate not positive as
demonstrated by other analysis methods. Table |
summarizes all the essential points covered in the literature.

Ill. PROBLEM DEFINITION
Decision quality is directly correlated with the accuracy of
the results required for the decision process. The same is
the case for decisions taken based on the OM process
applied to social media. The more real the data processing,
the more accurate and reliable the results, and the more
inerrant the decisions therefrom. Moreover, the more
emergent is the analyzed situation, the higher accurate is
the required decisions. On this account, those involved in
decision-making based on OM seek realistic opinions in
terms of being candid in nature and reflect real intention
when being analyzed. For a realistic OM, we should
consider mining opinions from social media platforms such
as Facebook and Twitter, which are far more popular
among everyday people. For accurate analysis, the
following problems need to be handled:

-- Opinions uncertainty nature: in the most cases in

social media, the OM process is applied to opinions that

reflect emergency events, where decision makers are
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required to accurately response to the online public
opinion at a given time. The emergencies and natural
human language increase the OM uncertainty in social
media. Uncertainty of opinions comes in many shapes
starting from using words that are vague with different
degrees of same polarity to ambiguous words with
different meanings for the same words.

-- Social media influence: When dealing with social
media, we should consider the influence of users on each
other. This influence can shift the polarity of opinions
when they are read by others (e.g., ratifiers).
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FIGURE 1. The proposed OM model.

IV. PROPOSED MODEL
To make the process of OM simulate human brain
reasoning, we propose this model on Twitter data. The
proposed model focuses primarily on the aforementioned
problems. The output of this model represents a more
accurate and realistic opinion polarity for effective
decision-making. The contributions of the proposed model
are as follows:
-- In line with the work done in [7], the proposed
OM model considers social perspectivism concerning
how people may perceive opinions on social media. It
performs SNA by integrating two types of influence:
not only the influence of users but also their opinion
text by considering reactions on their tweets.
-- In terms of the main OM process, the proposed OM
model attempts to improve the accuracy of the regular
OM process using a hybrid technique. It combines a
lexicon-based technique (i.e., TextBlob, effulgence in
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terms of accuracy) with ML that can handle
uncertainty.

-- The proposed OM model considers uncertainty in text
classification through the implementation of an
uncertainty classifier for opinions.

-- A comparative analysis of different uncertainty
classifiers was conducted to achieve better opinion
classification accuracy.

-- Finally, the proposed OM model is the first to
integrate results from SNA with the text polarity
score obtained from TextBlob using NL to handle
ambiguity. Moreover, it can avoid vagueness by fine-
graining tweets into seven classes (e.g., weak
negative, negative, and strong negative). Fig. 1
presents the proposed model and its components. The
phases of the proposed model are described as
follows:

A. DATA COLLECTION (TWITTER API)

This phase is concerned with collecting the data essential
for validating the proposed OM model. Twitter was chosen
to apply the OM model. Twitter can provide a real-time
trend list that reflects the hot topics of people’s interest at a
given time. Thus, Twitter, as an application domain, is an
effective source to collect data about both the
nonemergency (e.g., products reviews) and the emergency
topics (e.g., COVID-19) that possess higher uncertainty. In
our case, the data needed are of two types: main opinion
texts along with reactions to them (e.g., likes, shares,
comments). In addition, the social interaction of tweets’
authors on social media includes the following and
followers’ lists of authors. There is no benchmark dataset
of this type available online. Thus, the Twitter API is the
chosen tool for collecting desired data. The required data
were categorized as follows:

-- Tweet’s Text: includes text content in the English
language — one tweet text per user,

-- Tweet features: consist of different reactions to the
collected opinion tweet, including favorite, reply, and
retweet counts per each tweet, and

-- User’s features: include followers and following lists

per user.

B. USERS SOCIAL RANKING PROCESS

This phase is still one of the main contributions of our
work, although it was performed in [7]. It deals with social
perspectivism and attempts to determine user influence on
Twitter. The input to this phase was the tweet and user
feature data collected in Phase 1. In this phase, two basic
processes are performed: conducting the SNA and ranking
users. The output of this phase is the users’ weights ready
to be integrated with the polarity scores obtained from
upcoming phase #3.

1) SOCIAL NETWORK ANALYSIS (SNA)
In this analysis, a directed graph of users (G) is constructed
to form a user network [7],[33]. Each user in the graph
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network is assigned topology measures based on their
influence and importance in the entire constructed network.
These topology measures indicate how central the user is
(out-degree centrality Cq~ (u)), how effectively the user
can control information  diffusion  (out-closeness
centrality Cc~ (uw)), ), and how fast the user can spread
information to the entire network (between-ness
centrality C, (u)). Besides being inspired by [33], the
reason for choosing the centrality measures among the
other well-known measures was the ability of the centrality
measures to reflect the degree to which a user can support
his published opinion to gain interest. Being central, close,
and act as a bridge to different users’ clusters can benefit
opinions to spread in more diffusion paths with a higher
diffusion rate [7],[33]. The UCINET software tool
(University of California at Irvine Network) was used to
perform SNA. It can automatically draw a direct graph and
calculate the desired topology measures (see (1)—(4)). The
input to UCINET is the follower/ following list of users.
The output is the constructed direct graph (G) and each user
topology measures (i.e., Cqa~(w), Cc(w)), Co(w)).

G = (V,E) (1)

where, V = {u1, Uy, Us, ..., Un} is the set of nodes (users) in
the micro-blog networks, and E= {ei, ez, es, ..., €m} is the
set of edges (relationships between users) in the microblog
network. If u; is u;’s follower, then there exists a directed
edge ey € E from u; to u;.

Ca~ () =|N] @)

where, N ={jeV:(i,j) € E}is a set of neighbors of
node i which i is connected to [33].

Co =35 @)
where, d;; is the harmonic mean of the length of the

shortest paths between the i-th node and the rest of the
network [33].

Ch (W) = Xjk o (D)
4)

where, o (i) is the number of shortest paths that connect
j and k and contain i.

2) USER RANKING

This process is the final stage of the second phase. It is
concerned with obtaining weights for users that describe
how influent is the user in the social network constructed
using the collected data in Phase 1. User weights are
obtained using an artificial neural network (ANN). An
ANN is an ML technique that can deal with complicated
behaviors that have no mathematical basis. Social
behavior on social media follows no model; a tweet of
low influencer user in the network can cause him to be
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highly ranked owing to his valuable content that gained
influence. Considering users and their tweets influence to
classify users according to their combined influence level
required ANN for being suitable in representing such
complicated social behavior [34].

Based on [7], a single-layer feedforward ANN was
constructed and trained on more than ten thousand
samples. The trained data were well-prepared for this
mission based on similar social media cases and top most
followed users on Twitter. The input to this ANN is the
output of the SNA processed in this phase (i.e., user
topology measures) that represents the user’s influence
measures along with the text features obtained from the
first phase (i.e., retweets, replies, and favorites counts)
that represent the tweet’s influence measures. The output
of the constructed ANN is a user rank out of “100”.
Based on the given ranks, weights, ranged from [0 , 1],
were calculated for each user. A weight of 0 is given for
the lowest influencers, and a weight of 1 is given for the
highest influencers. The resulted weights are integrated
with the polarity score of the texts obtained for the
upcoming phase.

C. A REGULAR OPINION MINING PROCESS

In this phase, the usual OM process documented in the
literature is performed. As already mentioned in the
literature, most adopted techniques for obtaining a
polarity score from a text are lexicon-based or/and ML. In
this phase, lexicon-based OM was performed, and the
obtained polarity scores were processed using the ML
technique in the next phase. Thus, a hybrid technique for
classifying text polarity was applied. SentiWordNet,
TextBlob, etc. are examples of lexicon-based techniques
used in the literature [9],[12]. TextBlob is one efficient
lexicon technique implemented in python. TextBlob was
chosen for its highest provided performance among other
lexicons when being hybridized with ML classifiers [35].
Moreover, TextBlob provides a subjective score that
indicates the degree to which the analyzed text includes
opinion or factual information [35]. In addition to text
polarity classification, some important natural language
processing (NLP) is applicable when dealing with texts
[12].

Two processes are performed in this phase and are
implemented using TextBlob: Text Preprocessing and
Lexicon Classification. In text preprocessing, texts are
cleared (e.g., remove stop words, URLS, numbers,
usernames, punctuation) and edited (e.g., replace slangs
and emoticons) to represent the main body of the text. In
lexicon classification, the preprocessed text is assigned
both a polarity score and a subjective score ranging from
[-1, 1] and [O, 1], respectively. A subjective score of “0”
indicates an objective text, whereas “1” means a highly
subjective text [35]. The output from this phase and
output from Phase 2 are the inputs for the last phase.
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FIGURE 2. Ambiguity areas: (a) T1-FL MF (b) T2-FL MF.

D. OPINION CLASSIFICATION

The main purpose of this phase is to integrate the polarity
scores of texts with their users influence to obtain a
polarity score that is as close as possible to how people
really perceived the texts. Because of the importance of
such a step in our research, we attempted to obtain the
best result from this phase. The best results are those with
better classification accuracy, so they can improve the
OM process in general and the decision quality in
particular. Uncertainties classification is a real problem
when dealing with social media data. Consequently, the
core of this work focuses on choosing a better classifier
that can handle environmental uncertainty and improve
classification accuracy. A comparative analysis was
conducted in this phase to choose a better classifier for
the uncertainties from the chosen ones for comparison.
The uncertainty classifiers used for comparison were FL-
T1, FL-T2, and NL. The basic inference process of each
classifier is shown in Fig. 3, where the main differences
between the three classifiers are represented.
Classification efficiency was tested for ambiguity.
Ambiguity is the case when one instance has two
classification possibilities (e.g., lies in an intersection area
between two classes).

1) TYPE-1 FUZZY LOGIC CLASSIFICATION

The fuzzification, rule evaluation, and defuzzification steps
were implemented based on the work done in [7]. For
fuzzification, the chosen MFs for the inputs were inspired
by [7],[36]. The user weight MF has a triangular shape
ranging from [0 to 1] with three variables (i.e., low,
moderate, and high influence). The same is true for the
second input with a range of [-1 1] with seven variables
(e.g., strong positive, positive, and weak positive). The 21
rules designed in [7] were used for rule evaluation. The
designed rules, whether for T1-FL, T2-FL, or NL, played
an important role in reflecting human-like intelligence of
how humans could perceive texts of users of different
influence levels. These designed rules, for example,
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should consider a lower polarity score, than estimated by
machine, for texts that belong to low influencers. One
example of rules is, IF user weight is ‘Low Influence’ and
text polarity is ‘strong positive’, THEN Final tweet’s
polarity is ‘positive’. The output from the FL-T1 system is
a final polarity score of text ranging from [-1 to 1] with
seven polarity classes. Fine-grained polarity classes can
handle text vagueness.

2) TYPE-2 FUZZY LOGIC CLASSIFICATION

The main difference between T1-FL and T2-FL is that a
bounded region exists in the membership functions of T2-
FL, so called Footprint of Uncertainty (FOU). This FOU
can handle ambiguity to an acceptable degree owing to its
ability to minimize the intersection between two
classification classes [15]. T2-FL in the implementation is
the same as T1-FL; thus, the same steps and ranges are
considered. The output of this T2- FL system was a
polarity score based on the same seven classes in the T1-
FL system.

3) NEUTROSOPHIC LOGIC CLASSIFICATION

T1-FL provides the degree membership of an object in a
specific set, and T2-FL does the same with more
precision (owing to the presence of FOU). NL believes in
the existence of a gray area between the white (degree of
membership, i.e., truth) and the black (degree of non-
membership, i.e., false), so called indeterminacy
membership [12]. The main problem that can cause
ambiguity in the classification is the presence of objects
in the intersection area between two adjacent classes. In
this study, this problem is enlarged owing to the chosen
design of the MFs whose variables (i.e., classes) are fully
overlapped. As illustrated in Fig. 2, all classified objects
are in the overlapping region between any two adjacent
classes. NL can provide realistic results when applied to
the overlapping region of classification. It can give an
object a degree of truth, falsity, and indeterminacy
belonging to a certain class rather than the adjacent one
[28],[32]. Accordingly, based on the basic features of

each uncertainty classifier summarized in Tables II, I,

and N1, is expected to provide the best detailed
classification results for our research case, with a minor
presentation of ambiguity in classification.

In the implementation process, NL differs from FL
with its two types in the concept of having not only one
MF per parameter but three MF per parameter. For
example, in FL, one MF is constructed for user influence
(UI) and the other for the polarity score. In the case of
NL, the user’s influence has three MFs instead of only
one Ulrrye; Ulindeterminates and Ulgase- Thus, three
outputs are expected from the neutrosophic inference
system (NIS) compares to only one from the fuzzy
inference system (FIS) [32]. The FIS results show
ambiguity if they lie in the MF overlap region as shown
in Fig. 2. For NIS, MFs are designed with no overlap
areas and results show ambiguity if they have nonzero
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falsity and indeterminacy values [32]. Based on [32] and
what has been mentioned in Table Il regarding how FL
and NL can mathematically and graphically represent
numbers, Ul MFs for NL can be designed as shown in
Fig. 4, where, for example, the membership value to the
LI class (MVy;) can be mathematically described as
follows:

highertoLl, 0 <x<a
decreased to LI, a<x < (a+b)/2
MV;; =< equaltoLland M, x = (a+b)/2 (5)
increased to MI, (a+b)/2<x<b
highertoMI, b<x <c

a)
Fuzzy Fuzzy
Crisp Input Output Crisp
Input Sets Sets Output
—>| Fuzzifier —> I"E:;;’;‘” Defuzzifier ——
X Y
Truth Truth
Membership Membership
b) Y=f(X)
T2 Fuzzy T2 Fuzzy T1 Reduced
Crisp Input Output Fuzzy
Input Sets Sets Sets
| Inference Type
— » >
X ALadiils Engine Reducer ’
Truth l Crisp
Membership Output
Defuzzifier —>
Y
- Truth
Y=f(X) Membership
c)
Neutrosophic Neutrosophic
Crisp Input Output Crisp
Input [Qous Rl 521 [ Tnference Sefi b trosph] Output
-ication “| Engine "] -ication .
X = Y (t,if)
Truth, 1 Truth,
Indeterminacy, Indeterminacy,
and False and False
Membership Membership

H(x), i(x), f(x)

FIGURE 3. Inference systems: (a) T1-FL (b) T2-FL (c) NL.
The adopted neutrosophic steps are illustrated as
follows:

Stepl: Neutrosophication

The three MFs, representing truth, indeterminate, and

false components for each input, are designed to be used

in converting crisp inputs into neutrosophic input sets.

The expected inputs for our NIS are as follows:

- User Influence (Ul): The first input in the
neutrosophication process is classified into three levels:
low influence level (LI), moderate influence level (Ml),
and high influence level (HI). The designed MFs shown
in Fig. 5 are trapezoidal inspired by the work done in
[7], and range from O to 1. For example, UI=0.61—
Ul7rue=0.9, Ulingeterminate = 0.1, and Ulpqs.= 0.1.
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TABLE Il
COMPARATIVES ANALYSIS BETWEEN T1-FL, T2-FL, AND NL [9],[11],[14],[15],[16],[21],[25],[26],[38-49]
Points of Fuzzy Logic . .
Comparison Type-1 Type-2 Neutrosophic Logic
Logic’s Type 1 —infinite 1 - infinite 3 —infinite
t,i, f (independent)
¢, f (dependent) t, f (dependent) where, t corresponds to the truth value
Components where, t corresponds to the truth value where, t corresponds to the truth value component ; - -
; . component and i and f for indeterminacy
component and f to the falsity value. and f to the falsity value. -
and falsity values.
Components _ _ . a4
relations ttf=1 t+f=1 t+i+f ->170,1%[
" e, Called deneutrosophication, maps
Called dt_afuszlcatlon » maps a type-1 Conversion from an interval type-2 fuzzy set to a neutrosophic value to crisp value using the
fuzzy set into a number. There are many - " . .
- . number (usually) requires two steps called "type- three  membership  functions (T,I,F).
ways for doing this, e.g., COG (Centre Of T W e . - - - -
e . - reduction"then "defuzzification". Results of rulesis ~ Modulation techniques like COG (linear
Output Gravity): compute the union of the fired- - e - : )
. B distilled then defuzzified. There are as many type- modulation) or mean of maxima (modulation
Processing rule output fuzzy sets (the result is another - S .
reduction methods as there are type-1 by clipping), can be applied to the
type-1 fuzzy set) and then compute the defuzzification methods neutrosophic sets to generate the crisp true
center of gravity of the membership . indetermFi)nac an(gj falsit F\)/alues’
function for that set. Y y
components.
T e e Pl cutt gt s prsnes s
Output Only one output (Crisp numerical values) P P single crisp value which has triplet

Uncertainty
Data Type
Core
Advantage

Set4
Representation

Vaguness

The first to manipulate human thinking and
deal with vaguness
A fuzzy set A in a universe of discourse X is
defined as the following set of pairs: A =
{Cci, a(x))1x; € X}
where, p,: X — [0, 1]is a mapping called
the degree of membership function of the
fuzzy set A, u,(x;) € [0, 1]is called the
membership value of x € X in the fuzzy

set (is where an interval type-2 fuzzy set is reduced
to an interval-valued type-1 fuzzy set)

Vaguness and ambiguty

The presence of FOU to deal with uncertainties

A type-2 fuzzy set Adefined in the universe of
discourseX,
A= {((x, u),yg(x,u))Vx eX,vue], <o, 1]}
where, pi: X X J, = [0,1]: 0 < pz(x,u) < 1,x € A,
Jx © [0,1] isan interval for each x € X.

format(t, i, )

Vagueness, ambiguity, inconsistent, and
imprecision

The first to handle indeterminacy

A set A in X is characterized by three
functions t,(x) truth, i,(x) indeterminacy,
and f, (x)falsity memberships,

A={<x:t,(x),ig(x), falx) > x € X}
where, ty,is fi:X =2 [0,1]: 0<¢t, +iy+
fa<3,x€eA

set A.
TABLE II
TRIANGULAR NUMBERS REPRESENTATIONS BETWEEN T1-FL, T2-FL, AND NL [9],[11],[14],[15],[16],[21],[25],[26],[38-49]
Points of Fuzzy Logic . .
Comparison Type—1 Type—2 Neutrosophic Logic
ua
KA 1 r—
Ty(x)
L7 [ T S
1 ! A
Triangular 1 A\ i
Numbers “ Pa
Graphical g
Representation i | Vri
; » X 0 - >
0 c n x d ay az a3 X

Triangular
Numbers
Mathematical
Representation

Graphical representation of triangular

A =((ay, a5 a5); az 65 Bs ), where, a; < a, <

as u, : X —[0,1].

Upper and lower membership functions are .
fuzzy number represented by a triangular fuzzy number A = a5 and ay, 05, f; € [0, 1] denote the maximum
(¢,n,d; 1) e truth membership degree, minimum indeterminacy-
([IAIA] »Car [Ta Tal) membership degree, and minimum falsity-
membership degree
( 0,x<c Tx(x)
[x—c¢ _ xX— a
,c<x<n (x—1 _ (dj( ) (a, < x<ay)
1A (X) = g_c i o L<x<c [ a; —a,
d_x,n<x<d CA_l‘i‘ = ai (x=ay)
—-n N , X =cy a; — x
0x>d LMF;(x) = X =7, aj(a:‘x—a ) (azg xgas)
The membership function for a fuzzy le. =7, & Sx<n 0 3 otherwise
set A on the universe X is represented 4 A
0, otherwise
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(x— Ly
—, I, <x<c
ca—ly 4 4
UMFz) =4 L xX=a
X—1,4 —
—, Q<x<Ty
Ca— Ty
t 0, otherwise

where, L, 1, ca, 1, T4 are the reference points on the

triangular interval type-2 fuzzy set that satisfying the
condition, 0 <, < < ¢u <1 <7 <1

(az —x + 6z(x — ay))

(< x<ay)

a; —ap
64 (x=a,)
=1 % 2
(x —ap + z(az — x)) (4, < x < a3)
az —a,
1 N otherwise
(az —x + Bi(x —ay)) (@, < x<ay)
a, —a,
Fi(x) = Bi (x=ay)
(x — ap + Ba(as — x)) (4, < x < as)
az; —a,
1 otherwise

where, Ais a special neutrosophic set on the real
line set R, a4, 64, B are used to calculate T;: R €
[0,a:]. Ix:RE[041], Fx

TABLE IV
TRAPEZOIDAL NUMBERS REPRESENTATIONS BETWEEN T1-FL, T2-FL, AND NL [9],[11],[14],[15],[16],[21],[25],[26],[38-49]
Points of Fuzzy Logic . .
Comparison Type-1 Type-2 Neutrosophic Logic
u
1oy # 4
UMFA(x)
1 1 : )
w ] /
Trapezoidal
Numbers
Graphical
Representation | X i i X .
0 . f d ¢ o a2 of e ooa @ a3 a4 X
Graphical representation of Upper and lower membership functions are A =((ay, a5 a3a4); 505 P51 ),
trapezoidal fuzzy number represented by a trapezoidal fuzzy number Wgerevtalthﬁ a, < as ? ?ﬁand “GT' Bﬁ_ﬁﬁde [0,1]
cef,d; 1 A= u' u' u' U; 1), L' L' L, L; _er_10 e e mammgm ruth memi el_'s Ip degree,
(cef.d 1) ((a1,az, 05, 0551), (a1, 03, a5, 65w ) ) minimum indeterminacy-membership degree, and
minimum falsity-membership degree
xX— a
The membership function for a fuzzy ax (az —a ) e
set A on the universe X is represented L 40 ax, a, < x<a,
. xX—a ax) = —
asu, : X —[0,1]. W 1L' ab <x <ak a; (u)’ a; < x<a,
a; —ag a, —as
—_ L L .
i c<x<e LMF;00) ={ " Gsxsa 0, o otherwise
e—c F—x B B (az —x+ 0;(x —ay)) o< x<a
1, e<x<f YWk — az < x<ay a —a A1 S XS
HaX) = 4 d—x l ' 0 ’ otherwise 28 a4 < X <a;
Trapezoida' | d— f, f <x<d v aU’ Ij(x) = (x -~ 95((14 _ x))
Numbers L . B Ucy<al ,a3 < x <a,
0, th ) a; <Sx<a —
Mathematical otherwise [aé’ —af ! ’ 1 Q= s otherwise
Representation 1, ay <x<ady ’
P UMFs ) =1 Y, : 3 (4~ x + Bi(x — @)
a, —x v v ,a1 < x < a,
- U’ a; <x<a, a; —a;
dy — 43 _ ) Bx a, < x<a;
0, otherwise Fa(x) = (x — az + Ba(a, — x))
where, a¥,a¥,ay,ady, at, ak, ak, a are the | ,a3 < x < a,
If e = f then the trapezoidal T1Fuzzy  reference points on the trapezoidal interval type-2 4y — a3

number is converted into triangular
one.

fuzzy set.

t 1, otherwise
where, Ais a special neutrosophic set on the real
line set R, az, 8, B are used to calculate T;: R €

[0,a5], Ix:R€[6;1]
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- Polarity Score (PS): The second input and is classified

into seven polarity classes: strong positive (SP), positive
(P), weak positive (WP), neutral (N), weak negative
(WN), negative (Neg), and strong negative (SN). The
designed MFs for the neutrosophication process of this
input, as shown in Fig. 5, are in the range of 0-1
triangular shaped inspired by [7],[36],[39]. The output
neutrosophic sets of these two inputs were then
evaluated and aggregated in the next step.

STEP 2: Rule Evaluation (Inference Engine)

In this step, rules are designed and evaluated for strength
using the neutrosophic inputs output from the previous
step. This evaluation results in another neutrosophic set,
namely, neutrosophic output sets. Rules are designed for
all truth, indeterminacy, and falsity input-output MFs.
The antecedences’ measurements of the designed rules
(i.e., Ul and PS neutrosophic inputs) are used to fire the
satisfied rules and then aggregate the rules’ strength value
using the chosen operator AND. A sample of the design
rules is presented in Table V. For example, for the
obtained neutrosophic inputs, Rule #15 and Rule #27 are
fired for the true component of indeterminate. The
neutrosophic outputs are: 0.76 for WP-t, and 0.1 & 0.1 for
P-WP-i.

Ul

Y } i )

(a)

LI Class i MI Class HI Class

0
ULTrue . UlIndeterminate & ULFalse
3 | ]

xV

(b)

EMV o LI dcclrcnscs

. |
JI]l'\"IL‘J'I'HII'I'.]t‘}'
. ]
increases o

i Falsity value
: INCreases

LI Class | i HI Class

a (a+b)/2 b ¢ (exd)2 d x

FIGURE 4. NL MF design for Ul based on FL MF: (a) FL MF (b) NL
true, indeterminacy, and falsity components.

STEP 3: De-neutrosophication

The output of this step is the proposed model output (PS).
In this step, three MFs are designed for the output, and a
modulation technique is chosen (i.e., COG in our case) to
convert the neutrosophic output sets into crisp outputs.
The final output is represented in a triple formatPS(t, i, f),
donating true, indeterminate, and false component values.
Ambiguity can be generated in the results. In dealing with
ambiguity, NL can set a confidence value for the truth
component so that the falsity and indeterminacy
components are not significant if this truth value exceeds
the predefined confidence value. As a result of that, the
final output for ambiguity results is the truth component.
Ambiguity is significant if the truth component is less
than a predefined confidence value.
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TABLE V
SAMPLE OF THE DESIGNED NL RULES

Rules
IF Ulis ‘LI-t” and PS is ‘SN-t’, THEN PS is ‘NEG-t’
IF Ulis ‘LI-t’ and PS is ‘SP-t’, THEN PS is ‘P-t’
IF Ulis ‘LI-t’ and PS is ‘NEG’, THEN PS is ‘WN-t’
IF Ulis ‘LI-t” and PS is ‘P-t’, THEN PS is ‘WP-t’
IF Ulis ‘LI-t” and PS is ‘WN-t’, THEN PS is ‘N-t’
IF Ulis ‘LI-t” and PS is ‘WP-t’, THEN PS is ‘N-t’
IF Ulis ‘LI-t” and PS is ‘“N-t’, THEN PS is ‘N-t’
IF Ulis ‘MI-t” and PS is ‘N-t’, THEN PS is ‘N-t’
IF Ulis ‘HI-t” and PS is ‘N-t’, THEN PS is ‘N-t’
10 IF Ulis ‘MI-t" and PS is ‘SN-t’, THEN PS is ‘SN-t’
11 IF Ulis ‘MI-t’ and PS is ‘“NEG-t’, THEN PSis ‘NEG-t’
12 IF Ulis ‘MI-t’ and PS is ‘WN-t’, THEN PS is ‘WN-t’
13 IF Ulis ‘MI-t" and PS is “WP-t’, THEN PS is ‘WP-t’
14 IF Ulis ‘MI-t’ and PS is ‘P-t’, THEN PS is ‘P-t’
15 IF Ulis ‘MI-t’ and PS is ‘SP-t’, THEN PS is ‘SP-t’
16  IF Ulis ‘HI-t” and PS is ‘SN-t’, THEN PS is ‘SN-t’
17 IF Ulis ‘HI-t" and PS is ‘SP-t’, THEN PS is ‘SP-t’
18 IF Ulis ‘HI-t" and PS is ‘NEG-t’, THEN PS is ‘SN-t’
19 IF Ulis ‘HI-t” and PS is ‘P-t’, THEN PS is ‘SP-t’
20 IF Ulis ‘HI-t’ and PS is ‘WN-t’, THEN PS is ‘NEG-t’
21 IF Ulis ‘HI-t’ and PS is ‘WP-t’, THEN PS is ‘P-t’
IF Ul'is ‘MI-HI-i’ and PS is ‘SN-NEG-i’, THEN PSis ‘SN-
NEG-i’
23 IF Ulis ‘MI-HI-i’ and PS is ‘SP-P-i’, THEN PS is ‘SP-P-i’
IF Ulis ‘MI-HI-i” and PS is ‘NEG-WN-i’, THEN PS is ‘SN-
Neg-i’
25 IF Ulis ‘MI-HI-i’ and PS is ‘P-WP-i’, THEN PS is ‘SP-P-i’
IF Ul'is ‘MI-HI-i” and PS is ‘“N-WN-i’, THEN PS is ‘NEG-
WN-i’
27 IF Ulis ‘MI-HI-i’ and PS is ‘“N-WP-i’, THEN PS is ‘P-WP-i’
IF Ulis ‘LI-MI-i’ and PS is ‘NEG-WN-i’, THEN PS is ‘N-
WN-i’
29 IF Ulis ‘LI-MI-i” and PS is ‘P-WP-i’, THEN PS is ‘N-WP-i’

O©COO~NOUIWN PR H*

Accordingly, in this case, the indeterminacy and falsity
components should be considered, and the final output of
the NIS is manually determined. In line with the chosen
confidence level value for the truth component in [32],
this study considered the same value as follows:

i/f = { ©)

where, t,i,f are the truth, indeterminacy, and falsity
components, respectively. A full trace of the example is
shown in Fig. 5. The final output is PS(0.34,0.53,0.53)
which indicates ambiguity. Based on (6), the generated
ambiguity is insignificant because the true value is greater
than the assigned confidence value. Accordingly, the final
polarity class of this example was P.

significant, t < 50%
insignificant, t = 50%

E. OPINION POLARITY CLASS

The output from this OM proposed model is a polarity
class that reflects the real perceived opinion polarity
based on users’ influence in their network, considering
classification ambiguity problem. The polarity score
obtained from the 5th phase is given a class label out of
the polarity classes based on each class polarity range.
Table VI represents the seven polarity ranges and their
corresponding classes.
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TABLE VI

SEVEN POLARITY LEVELS [37]

Score Polarity Class

n > 0.75 Strong Positive
0.25 < n < 0.75 Positive

0 <n < 0.25 Weak Positive
0 Neutral

-0.25 <n <0 Weak Negative
-0.75 <n < -0.25 Negative

n < —0.75 Strong Negative

V. EXPERIMENTAL RESULTS

To obtain performance-related insights into the proposed
model, a desktop program was implemented using Python
and MATLAB libraries. The desired dataset for
application is the one used in [7], consists of tweets and
their associated counting of various reactions along with

their authors’ social relationship lists.
TABLE VI
SAMPLE OF COLLECTED DATA PER USER

> Q 0% 03 od
= Tweet & gz 25 g3
=4 o 2 23 2Z
=t o @ o =
His face after he accidentally
scored that goal just broke my
heart. The fact that he is
going to get back today while June
blaming himself for it is just 20 2 3 5
too hard for anyone to handle,
* | hope people go easy on him
and remember that mistakes
can happen. #WorldCup18
Following List Followers List Time
#1 2
#1 15 June 20
#134 #1

This dataset was collected from Twitter, based on the
provided trend-list at the time of data collection. Thus, the
proposed model was presented in the context of the
World’s Football Cup, but can be generalized to any other
emergency or nonemergency opinions. Table VI shows a
sample example of what this dataset may contain. Users
were given numerical symbols to avoid privacy
violations. Based on what is reported in Table VI user #1
has two followers (#2 and #15) and the following one
(#134). In addition to that, to assess applicability of the
proposed model, another two online available datasets
were utilized. The first one was the “farm loan” dataset
used in [12], the other one is publicly available at [50]
and contained more than 200,000 tweets about COVID-
19 vaccines. Authors in [12] followed a similar analysis
to the proposed model; they performed SA on the “farm
loan” dataset using both TextBlob and fuzzy technique
then refined the output as neutrosophic sets. Although the
“farm loan” dataset possessed no information about the
opinion holders of the provided texts, applying this
dataset on the proposed model can give some insights on
the effectiveness of the adopted hybrid classification
approach in the proposed model.
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Whereas, the enthusiastic concern to deal with a larger
dataset and to manage an emergency event of massive
interest and heterogeneous responses on social media, are
the reasons for choosing the second dataset. Moreover,
the vaccination dataset contained some important data
regarding perspectivism (e.g. the reactions on tweets
counts, followers count). Thus, considering perspectivism
can be achieved without measuring both the closeness
and the between-ness centrality measures because the
required data to perform the task are missed.
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Machine usually deals with the texts as if their writers
possess the same influence level (i.e. moderate influence
level). The first set of experiments was conducted to
investigate the significance of considering perspectivism
in the OM process. To achieve the experimental
objective, the constructed ANN was used to weight the
users of both the customized and the vaccination datasets
based on their importance in their social networks. The
results reported in Table
were moderate influencers; they could be low influencers
with the highest percentage. Thus, their texts should not
be considered as valuable as the texts of the other types of
influencers. To highlight how exactly perspectivism can
change the final polarity of texts, the second set of
experiments were run. Table IXand Table X summarize
the statistical representation of the polarity classes using
the same datasets. The results showed how perspectivism
could cause a makeable change in the polarity scores and
in the decision-making process in return.

The next set of experiments was performed to verify
the effectiveness of the proposed compared to the model
proposed in [12]. The “farm loan” dataset was utilized
for this experimental purpose. For this dataset to be
implemented on the proposed model, the influence levels
of users were considered “moderate” to assure a fair
comparison with [12]. It was obvious that the two
approaches shared close polarity distributions proving the
advantage of the proposed model as a hybrid classifier.
To highlight the differences in the polarity distribution
that could be resulted when the work done in [12]
consider the influence factor of the users, estimated
influence weights were given to the users in the datasets.
The weights distribution process was correlated with the
results obtained in Table
increase in the neutral opinions and a corresponding
decrease in both the positive and the negative opinions.
Some positive and negative opinions had a neutral effect
on readers. Accordingly, it was concluded that ignoring
perspectivism can doubt the effectiveness of the OM-
based decisions. The related results were reported in
Table XI.

TABLE VI
CLASSIFICATION OF USERS BASED ON ANN

Influence Level Using the customized  Using the vaccination

dataset dataset

Low (LI) 72.69% 54.46%

Moderate (MI) 16.85% 26.39%

High (HI) 10.46% 19.15%
TABLE X

POLARITY CLASSES DISTRIBUTIONS FOR THE VACCINATION DATASET

Before applying the After applying the

Pgllzrsléy proposed model proposed model
(TextBlob) (TextBlob+ NL+UI)

SP 1.74% 1.16%
P 16.97% 18.35%
WP 23.50% 17.19%
N 48.50% 60.70%
WN 5.66% 0.58%
Neg 3.48% 2.39%
SN 0.15% 0.15%
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TABLE X
POLARITY CLASSES DISTRIBUTIONS FOR THE CUSTOMIZED DATASET

Before applying the After applying the

Pgllz';;y proposed model proposed model
(TextBlob) (TextBlob+ NL+UI)
SP 13.89% 3.70%
P 21.48% 22.22%
WP 16.39% 14.91%
N 42.22% 57.04%
WN 2.96% 0.83%
VII showsNtat not all the users  2.96% 0.93%
SN 0.10% 0.37%
TABLE XI
POLARITY CLASSES DISTRIBUTIONS FOR THE FARM LOAN DATASET
The proposed The proposed
Polarity The work model model
Class done in [12] (without users (with the estimated
influence) users influence)
Positive 0.419 0.450 0.316
Neutral 0.438 0.438 0.639
Negative 0.143 0.112 0.045

To quantify classification ambiguity, which is the main
contribution of the proposed model, experiments were
conducted. The proposed model was implemented three
times using the customized dataset and three classifiers
(T1-FL, T2-FL, and NL). These experiments were
designed to test the ability of the three adopted
uncertainty classifiers to detect ambiguity in opinion
sentiment  classification. Fully overlapped output
variables of MFs were applied to obtain the maximum
ambiguity area that any classifier might face and to show
how the three classifiers could deal with such a threat.
The ambiguity percentage per each classifier is calculated
to investigate the classifiers” performance. According to
(5), Tables XII and XIII document the distribution of our
data instances in the overlap areas of each polarity class
using the TL-FL and T2-FL classifiers. The results
CSHEREE hRORY SSmBRyuity in T1 than in T2 images. The
reason for this result is that the existence of an FOU in
T2-FL by default decreases ambiguity.

Table XIV presents the differences between the three
uncertainty classifiers in terms of the existence of
significant ambiguity. The results were obtained based on
equation (6) for NL and the percentage of data points
belonging to the wrong class in Tables XII and XIII for
T1-FL and T2-FL, respectively. The results demonstrate
the superiority of NL in dealing with ambiguity in
opinion classification. The reasons for such results are the
nature of NL in giving each instance true, indeterminate,
and false values that precisely describe each instance’s
classification possibilities. Based on a 400 test samples, a
test is conducted to verify whether — for a chosen 400
samples — NL provided the best performance in terms of
classification accuracy. The results recorded in Table XV
confirm the superiority of NL not only in handling
ambiguity, but also in providing better classification
accuracy than its alternatives. To handle ambiguity,
especially the significant cases, human expert should be
involved for the final analysis. The proposed NL model
decreased the significant ambiguity in dataset by about
10% compared to T1-FL and 5% compared to T2-FL.
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Moreover, this proposed model tried to decrease the
human involvement in determine the proper class for the
ambiguity cases by an average of 20% for both significant
and insignificant cases. Intelligence is generally achieved
when machine performs the human task in an accurate
way. Thus, the proposed model stepped forward for a
human-like intelligence in dealing with ambiguity.

In an in-depth investigation of the classification
accuracy case, another experiment was designed on the
entire dataset to analyze the classification behavior of
each uncertainty classifier. The results summarized in
Table XVI highlight the ability of NL to correctly classify
classes that have been incorrectly classified by either or
only one of its alternative classifiers. Once again,
according to the presented results, the proposed model
considered a different polarity score than assigned by
TextBlob (i.e. machine) based on the designed rules that
reflect how people might perceived texts based on their
authors’ influence on them. The proposed model achieved
the goal with a higher accuracy than the other classifiers.

TABLE XII
SUMMARY OF T1-FL LYING IN OVERLAPPING RANGE
Overlap Higher to Equal to 2 Higher to
Range Correct Class Adjacent Classes Wrong Class
SN-Neg 0 0 0
Neg-WN 5 0 7
WN-N 7 0 20
N-Wp 68 0 101
WP-P 133 0 37
P-SP 55 0 8
TABLE XIII
SUMMARY OF T2-FL LYING IN OVERLAPPING RANGE
Overlap Higher to Equal to 2 Higher to
Range Correct Class Adjacent Classes Wrong Class
SN-Neg 0 0 0
Neg-WN 2 0 6
WN-N 5 0 20
N-Wp 92 0 67
WP-P 108 0 27
P-SP 16 0 1
TABLE XIV

RESULTANT AMBIGUITY IN EACH UNCERTAINTY CLASSIFIER
Uncertainty Classifier Ambiguity Recorded

Sig: 16.02%
) 0,
T1-FL 40.83% InSig: 24.81%
Sig: 11.20%
To-FL 31.85% InSig: 20.65%
Sig: 6.02%
0,
NL 16.02% InSig: 10%
TABLE XV

CLASSIFICATION ERROR OF 400 SAMPLE INSTANCES
The uncertainty Correct classified Classification Error

classifier Instances (%)
FL-T1 400-34 8.5
FL-T2 400-36 9
NL 400-18 4.5
TABLE XVI

CLASSIFICATION DIFFERENCES AMONG CLASSIFIERS

User Desired  T1-FL T2-FL NL
# TextBlob ul PS PS PS PS
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123 0.13 High P 0.29 0.19 0.53
188 0.13 Low Neu 0.00 0.05 0.00
204 0.29 Mo P 0.3 0.24 0.51
591 0.08 Low Neu 0.00 0.05 0.00
696 -0.21 Low Neu 0.00 -0.05 0.00

775 0.00

Note:
B NL isthebest B T1-FL is the worst

T2-FL is the worst

VI. CONCLUSIONS AND FUTURE WORK

In this study, we proposed an OM model suitable for
social media that can deal with perspectivism and handle
ambiguity in opinion classification. In the proposed
model, ANN had recourse to classify social media users
into three levels of influence owing to its human-like
intelligence in dealing with representing behaviors that
follow no rule. The advantage of the proposed model was
investigated using a customized and benchmark datasets.
The results emphasize the significance of considering
perspectivism in the OM process. A comparative study
was conducted among three uncertainty classifiers with
credibility in handling ambiguity in classification — T1-
FL, T2-FL, and NL. NL was adopted for the first time to
integrate polarity scores of texts with their authors’
influence level and was tested for significance in dealing
with classification ambiguity in comparison with its
classical alternatives T1 and T2 FL. The projected output
of this model is a text’s polarity score of seven
classification classes that represent the audience’s trust of
authors with as high a degree of certainty as possible.
Fully overlapped MF variables of the output polarity
score were applied to amplify the ambiguity for a
worthwhile test. The results show the ability of T2-FL,
with its developed features, to decrease ambiguity
compared to T1-FL. At the same time, NL reported the
highest attitude in dealing with classification ambiguity,
giving it primacy in such an application. Including
images of texts, considering more factors that affect user
influence, building a new benchmark dataset for such a
type of research, and more multiple comparisons with
state-of-art works will be our future work.
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