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Abstract— Human may have multiple reactions at a time. 

Social media is a real-life example where people can express 

their reactions or opinions. For example, Facebook has become 

a widely used social media where users express their opinion on 

different posts such as status or photo post. Therefore, user 

opinions can easily be achieved through social media and then 

analyzed and applied in different practical fields. Reaction 

assessment of Social media can be an excellent source of 

information. Therefore, an accurate assessment of human 

reaction is a must. Facebook provides six emoticons for each of 

the posts of its users. The six emoticons define six types of 

reactions. The user, who wants to react to any post, have to 

choose only one of the six emoticons. There is no scope for a user 

to express multiple reactions at a time. Moreover, if a user 

selects an emoticon, then the system takes that input as 100% of 

that corresponding reaction, or 0% if not selected, thus the 

reaction assessment system becomes a Boolean system. 

Therefore, the assessment of multiple reactions of the user 

cannot be measured with 100% certainty due to the existence of 

various types of uncertainties such as vagueness, imprecision, 

randomness, ignorance, incompleteness, and ambiguity in the 

system. Therefore, to assess multiple human reactions, an expert 

system is needed to handle all these uncertainties. The system 

design, development process, and applications of an expert 

system to assess multiple human reactions are described in this 

paper. For the development of the expert system, the Belief 

Rule-Based Inference Methodology using the Evidential 

Reasoning (RIMER) approach has been used and the system is 

named as a Belief Rule-Based Expert System (BRBES). The 

developed BRBES can mitigate all the uncertainties mentioned 

above. 

Keywords— Belief Rule-Base (BRB); ER; RIMER; reaction; 

uncertainty 

I. INTRODUCTION 

Social media is a popular way of exploring progress that 
means most to a wide number of viewers. It is a way of 
communicating between people where they can build, 
interact, and share information and ideas to their communities 
and networks. On social media, people update messages in 
real-time expressing their thoughts, opinions on different 
topics, discussing current issues, complaining, and expressing 
their reactions to products that they use in their daily lives. 
Many business and marketing policies have been built on 
social media. These companies often create polls about their 
products on social media posts’ to get a sense of general 
reactions from the customers toward their products. They 
study user’s reactions to their marketing strategies. Social 
media have a growing presence and significance in todays’ 

society. Opinions on various topics are expressed and spread 
in a fraction of seconds through social media. Facebook, being 
among the timeliest, has become the largest social media 
platform for one to express their opinion. Reaction (Emoticon) 
analysis of social media means observing the social media 
posts and discussions, and then finding out how interactors are 
reacting to that particular topic i.e. brand or event. Human 
reaction exists till he dies. Most of the time, people don’t hold 
a linear reaction. To get an idea about human attitude and 
behavior, his reaction should be acquired accurately. 

Facebook provides opportunity for its users to share their 
thoughts, writings, pictures, videos, etc. Other users can react 
to these posts. But humans are of multiple sentiments at a time. 
Even a tiny conversation between two humans has multiple 
levels of meaning. For this reason, both humans and machines 
need to be part of the reaction assessment process. Facebook 
provides reaction buttons on every post for its users to express 
their feelings or reactions towards the post. In the earlier 
system of Facebook, users could only express their opinion or 
reaction by hitting the “Like” button. But recently, Facebook 
has added one new feature where users can choose one of the 
six reactions (Emoticons: Like, Love, Wow, Haha, Sad, and 
Angry) to express their reaction to the posts. Here, users can 
find an option to react more than before. But there is a problem 
with the current system. In this system, users are allowed to 
choose only one reaction or emoticon, and if the user selects 
one reaction (emoticon), the system takes the input as 100% 
and 0% otherwise, which becomes a Boolean system. 
Moreover, there is no way for a user to express multiple 
reactions (emoticons) on the post whereas users may have 
multiple reactions at a time on the post. Sometimes the user 
has to write comments to express his multiple reactions, which 
is time-consuming and the user who shared the post cannot get 
other users’ overall feedback. So, this reaction assessment 
becomes foggy, less dependable, lacks usefulness, and 
sometimes may fail to assess the original sentiment of the user 
correctly due to the existence of uncertainty. 

For example, one user may like a post 80% and become 
sad 20% because of the mixed types of content in a post. But 
in the current system, a user can hit one of these two reactions 
which means he is 100% sad or he liked the post 100% which 
is not acceptable and the post holder gets false feedback. 
Sometimes, a false impression is created because of such a 
Boolean system especially in the polling system and social 
media-oriented business. Thus, in social media, acquiring 
users’ overall reaction is a big challenge under uncertainties. 
Uncertainty is a term that refers to values, functions, 
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expressions, or underlying deficiencies of organizations that 
are not specific and specific to their existence. Multiple human 
reactions or Overall reaction data are associated with such 
uncertainties. 

This research primarily aims to develop an expert system 
based on some methodologies which can deal with the 
uncertainties attached with the reaction analysis and produce 
an effective result for better assessment of multiple human 
reactions (emoticons). The uncertainty types found with the 
factors in analyzing multiple reactions consists of vagueness, 
imprecision, randomness, incompleteness, inconsistency, 
ignorance, and ambiguity are discussed in Table I. 

TABLE I. 

TYPES OF UNCERTAINTIES WITH REACTION ASSESSMENT 

Facebook 
Sentiment 
Factors 

Uncertainty 
Types 

Discussions 

 

 

 

Like 

 

Love 

 

Haha 

 

Wow 

 

Sad 

 

Angry 

Vagueness 
The reaction of the users is often not 
clearly and explicitly stated or 
expressed. 

Imprecision 
It’s hard to calculate with accuracy 
i.e. the degree of feeling. 

Randomness 
User’s reaction lacks of pattern or 
predictability which causes 
randomness. 

Incompleteness 
Assessment of reaction is 
incomplete because of possessing 
several reactions at a time. 

Ignorance 
The sentiment from the users often 
contains inadequate fact which is the 
clear ignorance. 

Ambiguity 
User’s reaction is often ambiguous; 
thus, several interpretations are 
plausible. 

Inconsistency 
Sometimes users face self-
contradictory proposition to express 
reaction which causes inconsistency. 

II. RELATED WORK 

The earliest researches dealing with the human opinion or 
reaction analysis concentrated on the phrase or word 
classification concerning semantic point [4]. These researches 
used pre-selected batches of linguistic heuristics or seed 
phrases. The obtained outcomes from these researches set the 
foundation for the document classification. The result 
considers that the average semantic expression of the words or 
phrases of the document in consideration may indicate if the 
document is biased [6]. Increased production in this research 
area was seen due to the appearance of WordNet [5] and, in 
general, of annotated corpora. 

 The term “sentiment analysis” was first used in the 
research presented in [13], which explores in-stock board’s 
messages to find out the market sentiment. In Current times, 
much of the researches in this field focuses on classifying 
documents on the basis of the sentiment disclosed in them. 
The reviews is one of the most well-known domains [9] [14]. 
Generally, accuracy is highly affected by the context in which 
words are used [6] [7] [8]. 

 Most of the popular techniques and approaches are 
included in the survey written by Pang and Lee [3]. 
Concerning the methods previously employed in opinion or 

sentiment assessment, machine-learning techniques and 
lexicon-based approach were used as widely.  

The mасhine-learning approaches can be used for 
document classification. A study presented in (Раng et аl., 
2002) used mасhine-learning approaches for саtegоrizing 
movie reviews. The work was able to асhieve 82.9% ассurасy 
by using Suрроrt Veсtоr Mасhines (SVMs) соmраred to 
various strategies for саtegоrizing movie reviews. In generаl, 
achieving better accuracy is hard due tо the nаture оf the 
nаturаl lаnguаge, but using mасhine leаrning approaches in 
sрeсifiс dоmаins рerfоrms well fоr сlаssifying them ассоrding 
tо their senses. Another study makes the use of а diсtiоnаry-
bаsed аррrоасh that рerfоrms аn асtivity tо аnаlyze text 
grаmmаr by соnsidering а рredetermined sensitive diсtiоnаry 
[6] [10] аnd tо give а sensitive mark tо the document. There 
exists some sentiment lexicon available, such as Senti- 
WordNet [15], but it has been noticed that most of the studies 
have managed to create semantic connections among words or 
phrases with tools like the already mentioned Wordnet [5] and 
create their lexicon ad hoc. 

In recent years, many researchers are concentrating on 
applying sensory analysis to the increasing amount of 
information provided through social networks [2] [12]. 
However, all of these essays relate to English words and can 
be retrieve from Twitter. Recovering data from networks like 
Facebook is easy. 

III. BELIEF RULE-BASED (BRB) EXPERT SYSTEM 

The Belief Rule-based Inference Methodology using the 
Evidential Reasoning (RIMER) [18] method is made up of an 
inference-engine and a knowledge-base. A Belief Rule Base 
(BRB) is used for the representation of domain knowledge 
under uncertainty. The BRB Expert Systems are an evolved 
version of the traditional IF-THEN rules that consist of several 
belief-rules consequent module of BRB using belief 
formation. The BRB Expert Systems can represent more 
complex relationships using several kinds of data with 
uncertainties. The inference procedure of a BRBES has the 
following steps: transformation of input values, rule-
activation, activation weight calculations, belief degree 
update, and finally, the aggregation of rules using Evidential 
Reasoning (ER). Evidential Reasoning (ER) is a multi-
standard decision analysis method that can process both 
quantitative and qualitative data [18]. The combined ER and 
BRBES can eliminate many types of uncertainties such as 
incompleteness, randomness, vagueness, ignorance and 
imprecision that are associated with reaction data. 

The antecedent and consequent parts of the BRB are the 
parts of the belief rules. The antecedent attribute has 
referential values and the consequent part has possible belief 
degrees. For handling different uncertainty knowledge 
representation parameters are used. These parameters are - 
rule weights, antecedent attribute weights, and belief degrees. 
We can represent a Belief Rule of the system as: 

Rk: IF Like is Low AND Love is Medium AND Wow is High 

AND Haha is Low AND Sad is Low AND Angry is High 

     THEN Overall Reactions Assessment is  

{(Enthusiastic, 0.7), (Mixed, 0.3), (Depressed, 0)} 
In the rule above, the antecedent attributes are “Like”, 

“Love”, “Wow”, “Haha”, “Sad” and “Angry”. The 
referential values are “High”, “Medium” and “Low”. 
“Overall Reaction” is the consequent attribute with 
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referential values “Enthusiastic”, “Mixed” and “Depressed”. 
The rule is complete, as the total sum of the degrees with each 
referential value of the consequent attribute is equal to one. As 
the input data may contain uncertainties i.e. ignorance or 
incompleteness, the total sum may become less than one. In 
this case the rule will be incomplete. Here, the relationship 
between the antecedent and consequent attributes is not linear 
but in the traditional IF-THEN rule, this relationship is linear. 

Among the various steps of the inference procedure (fig. 
1), the task of the input transformation step is to process the 
value of given input over the referential values of the attribute 
of a rule, known as matching degree. The rules are named 
packet antecedent after the matching degree is calculated. 
Thus, a rule becomes active and is stored in short-term 
memory (RAM) while long term memory stores the rule base 
(ROM). For finding the activation weight of each rule, the 
calculated matching degree is used. Interestingly, each rule 
gets a discrete weight when calculating the consequent 
attribute’s referential value. The sum of the rule activation 
weight is always one. 

The uncertainty type, Ignorance, of the leaf nodes can be 
removed by modifying the belief degree [18] of each rule. 
Consequently, for aggregating the rules, a repetitive evidential 
reasoning method is employed. For the final result calculation, 
the fuzzy value is transformed to a final crisp value using the 
utility score corresponding to the reference value. 

Fig. 1.  BRBES inference procedure 

IV. BRB APP ARCHITECTURE 

This part illustrates the architecture of the system, the 
design, and the implementation detail of the proposed BRBES 
for assessing overall reaction. Knowledge-based construction 
as well as the app interface development is also discussed 
here. 

A. Architecture, Design, & Implementation of the BRB App 

 The organization of the app’s components i.e. the inputs, 
the process, and the outputs are presented in the system 
architecture as shown in Fig. 2. It has three layers: 

Application processing layer: The core of the BRB App is the 
application processing layer. This layer has direct interaction 
with the system interface layer, the inference engine, and the 
training part of the Belief Rule-Based App architecture. 
Inference engine of the BRB App architecture is made of 
multiple steps. These steps are the input transformations, the 
rule activation, the activation weight calculation, the rule 
update method, and the aggregation of the rules of a Belief 
Rule Base. 

 The Android Programming Language consists of two 
major languages. One is XML (Extensible Markup Language) 

 

Fig. 2.  BRBES architecture 

which is used to build the user interface of the app. The 
other language is Java, which is an object-oriented 
programming language. Here, Java is used as the core 
language to build up the application processing layer. Java 
does all the controlling and managing the user interface 
and other system components. The BRB inference system 
of this App is also implemented using Java. The BRB App 
is developed using the latest Android SDK (Software 
Development Kit) for simplicity and efficiency, small 
development periods, easier maintenance. Android is 
adopted, especially to make this app easily accessible by 
users. 

Interface layer: The Interface layer provides an interact-
able interface that can capture and transfer the user-
provided input data app and shows the expert system-
generated output to the user. In Android, XML is used to 
build the user interface. XML stands for Extensible 
Markup Language. All the components, styles, colors of 
the user interface of the BRB App is designed using XML. 
The organization and visualization of the layouts are well 
maintained in XML. XML elements or simply known as 
XML tags are used to define the structure of the user 
interface (UI), such as <TextView>… </TextView>, is a 
UI component in XML, which creates a view on the UI 
that can display texts or results, <EditText>…</EditText> 
creates a view that enables the user to give input. The main 
advantages of XML are, it is very easy to understand and 
the same XML file can be reused to design another UI. 

Data Management Layer: The Data Management Layer 
stores the knowledge base of the BRBES App in the 
storage of the smartphone. Moreover, the BRBES App 
uses the storage to read and write the necessary and 
generated data with the help of the data management layer. 
As the BRB system requires large amount of data to be 
stored in databases, a flexible and reliable database is 
needed to serve this purpose. SQLite is one of the most 
popular technologies for smartphone-based systems. As 
the app demands lots of data to store in the database, 
SQLite is selected as the most reliable database technology 
currently available for the BRBES App. SQLite also 



2021 International Conference on Information and Communication Technology for Sustainable Development (ICICT4SD), 27-28 February, Dhaka 

ensures the security for the application & most importantly 
faster access of data. 

 As the BRBES is to be used by the human, a user-friendly 
interface is mandatory. In the presentation layer, a user-
friendly interface has been developed for BRBES. The 
inference procedure is in the application processing layer of 
the three-tier architecture. The user given input values are 
processed in this layer using the values of the data 
management layer’s knowledge base. Thus, the interface layer 
gets the values from the user and then the processed values are 
fed into the application layer where the application layer uses 
the values of the knowledge base from the database. After 
completing all steps, the result is shown through the interface 
layer to the user. Thus, three layers interact with each other. 

B. Knowledge Base Development 

The knowledge base development is discussed in this 
section. For the development of the knowledge base on the 
basis of the reaction factors previously mentioned in Table I, 
a framework is drawn in Fig. 3. The individual bottom nodes 
denote the multiple reactions of user. The top node of the BRB 
framework outputs the overall reaction of user depending on 
the given input. The value of overall reaction of a user is 
measured from the values of the leaf nodes as: 

  RT
n

R v
=                        (1) 

Here, T R
   =   Total rules 

          Rv
   =   Referential value 

            n       =  Attribute number 

 
Here, “High”, “Medium”, and “Low” are the three(3) 

referential values. Attributes are “Like”, “Love”, “Wow”, 
“Haha”, “Sad” and “Angry”. Thus the attribute number is 6. 
So the total rules for overall reactions assessment are 36 =  729. 
Initially, all rules are assigned equal rule weight. The rule base 
is shown in Table II, where D1(Like), D2(Love), D3(Wow), 
D4(Haha), D5(Sad), and D6(Angry) are antecedent 
attributes and X1(Overall reactions assessment) is the 
consequent attribute. A BRB can be developed by the 
extraction of Belief Rules 

 

Fig. 3. The BRB framework for overall reactions assessment 

from the knowledge of experts, analyzing past knowledge, 

integrating already available rule base, and forming 

indiscriminate rules having no supervised-knowledge. 

C. BRBES Interface 

The user and the system can interact with each other through 

a system interface. The (Fig. 4) shows the user interface of 

the BRB App. The leaf nodes’ data (Fig. 3) can be collected 

from the users by using this interface. 

 

 
Table II 

RULE BASE FOR OVERALL REACTIONS ASSESSMENT 

Rule 
ID 

Rule 
weight 

IF antecedent attribute THEN consequent 
attribute 

  D1˄D2˄ D3˄D4 ˄D5 ˄D6 X1 is 

1 1 H˄H˄ H˄H ˄H ˄H {(Enthusiastic, 1.00), 

(Mixed, 0.0), 
(Depressed, 0.0)} 

2 1 H˄H˄ H˄H ˄H ˄M {(Enthusiastic, 0.8), 

(Mixed, 0.2), 

(Depressed, 0.0)} 

3 1 H˄H˄ H˄H ˄H ˄L {(Enthusiastic, 0.0), 

(Mixed, 0.6), 

(Depressed, 0.4)} 

4 1 H˄L˄ H˄H ˄H ˄H {(Enthusiastic, 0.0), 
(Mixed, 0.7), 

(Depressed, 0.3)} 

5 1 H˄H˄ M˄H ˄H ˄H {(Enthusiastic, 0.7), 
(Mixed, 0.3), 

(Depressed, 0.0)} 

..... … ……………………… …………………… 

 

727 1 L˄L˄ L˄L˄H ˄H {(Enthusiastic, 0.3), 

(Mixed, 0.0), 

(Depressed, 0.7)} 

728 1 L˄L˄ L˄L ˄L ˄H {(Enthusiastic, 0.2), 

(Mixed, 0.0), 

(Depressed, 0.8)} 

729 1 L˄L˄ L˄L ˄L˄L {(Enthusiastic, 0.0), 
(Mixed, 0.0), 

(Depressed, 1.00)} 
 

This will allow us to determine the overall reaction of the 
particular user at that time. Here the assessment of the overall 
reaction is 50% in crisp value. 

 

Fig. 4. BRB App Interface 

V. RESULTS AND DISCUSSION 

For the demonstration of the applicability and reliability of 
the BRB Expert System to assess overall reaction, the user 
given input data has been supplied to the system (Fig. 4). 

      The input data, associated with six leaf-node attributes, 
of 80 social media users, here referred to as expert opinion, 
have been collected. For simplicity, Table III shows only 10 
out of 80 of the assembled data of the six antecedent attributes 
in a sequence from Column 2 to Column 7 followed by the 
overall reaction with a header BRB(%) that is computed by 
BRB App on Column 8 of Table III. The expert social media 
user opinion is displayed on the 9th Column of Table III with 
header EXP(%).  
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Table III.  

MULTIPLE REACTION ASSESSMENT BY BRBES AND EXPERT 

1 2 3 4 5 6 7 8 9 10 

SL 
FACTORS BRB 

(%) 
EXP 
(%) 

REF 
D1 D2 D3 D4 D5 D6 

1 H H H H H M 90.0 65 1 

2 H H H H M H 89.64 78 1 

3 H H H H M H 79.75 73 1 

4 L L L L H M 27.47 45 0 

5 L M H L H M 33.58 40 0 

6 H H H L H L 72.45 67 1 

7 H M M M M L 74.67 70 1 

8 H L L L M H 64.03 65 0 

9 H H H H H L 84.82 65 1 

10 L M M H H M 32.01 50 1 
 

 To compare the reliability of the result generated by the 
BRB app with the expert opinions, we take into account all the 
data to generate a ROC curve to analyze the accuracy of the 
BRB app and expert social media user expression. The 
accuracy of the system to assess multiple reactions can be 
calculated from the Area Under Curve (AUC). The outcome 
is considered 1 when the expert’s opinion on level reactions 
exceeds 45%, otherwise the outcome is considered as 0. With 
this baseline consideration the outcomes are shown separately 
on column 9 of Table III with header REF. To get the ROC 
Curve for the reaction assessment results, False Positive Rate 
(FPR) are plotted on the X-axis and the True Positive Rate 
(TPR) are plotted on the Y-axis. The Area-Under-Curve 
(AUC) can be calculated by a definite integral of two points. 
Thus, the accuracy of performance of the BRB App in 
assessing multiple human reactions can be calculated from the 
AUC [19] [20]. Higher AUC value denotes that the system 
with higher AUC produces more accurate and reliable results. 

Fig. 6 illustrates the ROC curves plotted for BRBES App 
and Expert Social Media User Opinion. 

 

Diagonal segments are produced by ties 

Fig. 6. Result comparison of ROC curves of BRBES App and Expert Users 

The blue ROC curve in this figure is associated with the output 
by the BRB App with an AUC of 0.590 (95% confidence 
intervals 0.4777 - 0.697) and the green line indicates the ROC 
of Expert Opinion with an AUC of .580 (95% confidence 
intervals 0.467 - 0.688). However, Table IV compares AUC 
for BRBES and users. 

 

 

 

Table IV.  

RELIABILITY COMPARISON FOR BRB APP AND EXPERT USERS 

TEST Result 
Variables 

AUC Asymptotic 95%  
Confidence Interval 

BRB App 0.590 0.477 0.697 

Expert 0.580 0.467 0.688 

VI. CONCLUSION AND FUTURE WORK 

The paper illustrates the system design, the implementation, 

and the applications of a Belief Rule-Based Expert System 

App that can effectively assess the multiple human reactions 

hence overall reaction in the context of Facebook posts’. The 

BRB App described in this paper uses a belief rule base as the 

knowledge representation schema of the system, which can 

handle multiple uncertainties that exist with the currently 

available reaction assessment system as shown in Table I. It 

also takes into account the knowledge representation 

parameters such as rule-weights; attribute-weight and belief-

degrees. The reliability of the system results are highly 

affected by these parameters. The performance of the BRB 

App described in this paper is better than the expert users' 

opinion demonstrated in the previous section. Thus, it can be 

concluded that the system is a less time consuming, and 

reliable tool to assess the overall reaction of users. In the next 

phase, optimization of rules and training of the BRB will be 

applied, so that the system can maintain a self-learning (Self 

Trained BRB) mechanism for a more accurate result. 
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