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Abstract - Social media platforms have been substantially
contributing to stoner- generated content. Similar social
media data correspond of colorful themes bandied online
and are associated with sentiments of the druggies. To catch
up with the speed of streaming data at which it generates on
social media platforms, it's pivotal to descry the motifs being
bandied on social media platforms and dissect the
sentiments of druggies towards those motifs in an online
manner to make timely opinions. Sentiment analysis (SA) on
social networks like Twitter and Facebook has numerous
uses and has developed into a important tool for
understanding stoner opinions. Sentiment analysis also
assists in determining the feelings. In the proposed design,
sentiment analysis is employed to identify reviews using an
RNN. A machine learning methodology that provides amore
accurate estimation of the sentiments than the presently
employed styles. Delicacy is enhanced when used on a larger
body of big data, where it'll demonstrate its significance
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1. INTRODUCTION

Social networking's rapid expansion has altered how people
engage with one another, impacting and ultimately
changing their way of thinking their opinion on some issues.
Therefore, the examination of content created by users’
great approach to instantly detect Developments and
perspectives on a topic [11]. Twitter, LinkedIn, Facebook
and many other popular online social networks it's
becoming more and more popular. In addition, numerous
multimedia networks Flickr has also become popular in
recent years. Many Such social networks are very content-
rich and typically huge amount of content and link data
available for analysis. Link data is Communication between
units is generally represented by a social network diagram,
whereas content data on the network comprises text,
photos, and other multimedia data. In the context of social
networks, the wealth of this network offers Unimaginable
opportunities for info. Analysis. Extracting preferences is
the science of analysing text. Understand the factors behind
public opinion. Assessment of sentiment [15] is the
examination of opinions. Examination of perspectives is
another level of a ball game. Mood for an instance this looks
at how everyone thinks (positively or negatively) about a

particular topic. Examination of opinions to find out why
individuals experience what they do. In this application, we
present an application based on available information from
twitter. Our system uses Bayesian logic to perform
probabilistic inference network. Our approach will be useful
in most of the domains like healthcare, tourism, political
opinions, economic issues, etc. Using Twitter data collected
via API, create a Bayesian algorithm that can be used to
analyses new user-identified tweets.

In this, we demonstrate a technique for mining opinions
using data from Twitter. Our approach uses Bayesian
networks to carry out probabilistic logical reasoning. Our
method can be used in many different areas, including
health care, travel, political views, economic concerns, etc.
Use the joint probability distribution to calculate the
likelihood of getting from one position to the next. The
combined distribution of probabilities, as defined by
mathematics, is the likelihood that two or more occurrences
will occur simultaneously. To build and train a Bayesian
algorithm and embed it in an application that can be
embedded into new Tweets detecting user’s wishes, we
used Twitter data that was gathered through APIs. For
instance, every social media member has the ability to share
images of locations they have visited

2. LITERATURE REVIEW

Everyone is eager to convey their political inclination of the
aftermath in the social involvement among young people in
particular [5]. But as intrigued by the voice of the people.
Social media applications, where the many facets of
preference of the people can be quickly extracted and taken,
are widely acknowledged as the ideal outlet to this rising
need of political activism. These websites are the impact of
social media is becoming increasingly pronounced in
shaping people's thoughts and actions. It is commonly
acknowledged that the views held by the general public
greatly influence the outcome of political parties and are a
direct reflection of their governance. While increasing
public feedback sharing has fostered accountability and
raised awareness, it has also caused turmoil and uncertainty
for many. This paper proposes a method to facilitate
opinion mining through linguistic analysis and opinion
classifiers. The study aims to streamline the process of
sentiment analysis, using the popular microblogging
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platform, Twitter, to identify neutral, negative, and positive
opinions related to political parties in Pakistan. A
methodology is presented to categorise this data which is
shown in figure 2.2 that pre-processes the Twitter raw data
and contrasts two categorization strategies. Aiming to take
a snapshot of the current political landscape will help
Pakistani politicians feel more responsible, self-aware, and
forward-thinking.

3 PROPOSED SYSTEM

In this section, we provide the details on the dataset used, the
proposed architecture for the process of examining opinions
from tweets. In this, we demonstrate a technique for mining
opinions using data from Twitter. Our approach uses Bayesian
networks to carry out probabilistic logical reasoning. Our
method can be used in many different areas, including health
care, travel, political views, economic concerns, etc.

Data Integration Tweepy is one of the mostbasic APIs we can
use in python [2]. In order to authorize Twitterto access, we
need Keys and Access Tokens. For quickly iterating through
multiple object types, Tweepy provides the useful Cursor
interface. By using this Cursor interface, we can extract tweets
by the search key or by a Hashtag. It gives access to all tweets
as they are published on Twitter as shown in figure 3.1. We
search the particular tweets according to the tourism domain
we need. are determined by the architecture.

system boundaries

choose the trainset
train the model

Evaluation of model

<include>

user
Enter tweet and
location

Figure 3.1 Use case diagram
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Use caseillustration an example of abehavioral diagramis the
Unified Modelling Language

choose valid

Train model choose trainset trained successfully

invalid
choose again Test

Test the trained
inform user

. oW show input new tweet and
location

Figure 3.4 State chart diagram
4. EXPERIMENTAL RESULTS

Certainly, A state chart diagram, also known as a state
machine or state chart diagram, is a representation of the
states that an object may reach as well as the transitions
between thosestates using the Unified Modelling Language
(UML). It is shown in the above figure. In allforms of object-
oriented programming (OOP), state diagrams.

vvvvvv

choose trainset

trained successfully
Test the trained model
input new tweet and
put ne eet a ohow .
location

Figure 4.1 Activity Diagram

An activity diagram is a visual representation of how a
specific job leads to the next, using a system operation to
describe the process. The flow of control is indicated by
connecting one activity to the next

4.1 Module DescriptionPre-Processing Module

Evaluation of sentiments and entity detection automatically
produce independent of the provided training dataset for the
parameters and conditions. The sentiment analysis
technique uses the VADER tool, and its output is used to
automatically generate up to two Random variables. Entity
recognition is often used in the process of locating the
independent variables created on the purpose of a given
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tweet when a unique value that makes an independent
variable true if discovered on a tweet.

4.2 Sentiment Analysis: The VADER tool returns an
emotion value. When the value reflects a positive emotion,
the value of the parameter gets established, indicating that
this variable is good and running. If the value indicates a
negative sentiment or a negative integer, a randomly
generated negative Sentiment is created, signaling thatthis
variable is false otherwise. If VADER yields a value of zero,
the positive Sentiment and negative Sentiment random
variables are given the value Null.

This process involves the following steps

4.2.1. Processing: The tweets are pre-processed to
remove noise, such as URLs, hashtags, and user mentions.

4.2.2. Feature extraction: Features such as n-grams,
emoticons, and hashtags are extracted from the pre-
processed tweets

4.2.3. Classification: The extracted features are used to
classify each tweet into one of three sentiment categories:
positive, negative, or neutral [10].

4.2.4. Bayesian inference: The sentiment classification
results are used to update the hidden sentiment variables in
the Bayesian network model using Incremental Learning.

4.3 Entity recognition: Entity recognition is a Identifying
and extracting entities from text, such as names of people,
places, and organizations, is a Natural Language Processing
(NLP) problem. In the context of sentiment analysis on
Twitter data Entity recognition can be useful for identifying
the entities that are being discussed and their associated
sentiments, which can provide additional context and
improve the accuracy of the sentiment analysis The model
that our framework creates identifies Twitter users who may
be tourists visiting A place; as a result, the randomly selected
user Location refers to users whoown tweets and have home
locations that are not in A location.

Algorithm:
Input: Twitter data

Output: likelihood that a person will visit a location
4.3.1 Creation of Random Variables and Rules

Using the algorithm shown below in the figure 3.6, discrete
random variables are automatically generated. Random
variables are generated by the algorithm for sentiment
analysis. The random variable user Location is first entered
in list random Variables. The user's residence makes up this
random variable. Additionally, the function creates the

random variable positive Sentiment and returns 1 if the
arrayof tweets contains a positive sentence-tweet.

procedure sentimentIdentificationWithVADER(in: array0fTueets; out:
randonvariables)

begin

randomvariables := [“userLocation”];

if (sentimentAnalizer(array0fTuests) = 1) then

randonvariables := append(randomvariables, [ “positiveSentiment’]);

if (sentimentAnalizer(array0fTueets) = -1) then

randonvariables := append(randomvariables, | “negativeSentiment’]);
end

Figure 4.3.1 creation of random variables and rules

The inputs for the functions prefix, infix, and postfix are a
tweet's tweet Text and the value from the table's row
Synonyms [field Value] field. If the row's field value is present
at the start, middle, or end, they return true. The tweet's
conclusion. In that scenario, the list random Variables is
updated with the field's associated value

4.3.2 Create Random variables using E.R Method

Each rule is assigned a probability based on the frequency of
each incident of evidence in the evidence set. The probability
of rules is calculated in follows: Probability of a rule equals
number Of Occurrence / size of Array of Tweets, where
"number of Occurrence" denotes the quantity of times each
piece of evidence appearsin the twitter array and "size of
Array of Tweets" denotes the size of the data inside the tweet
isinthe form of array. Therefore, the corresponding evidence
setis used todetermine the probable cause of the modes

=1

N
I
RMSE = VMSE = Jﬁz(}" — 9)2

© 2023,IRJET | ImpactFactor value: 8.226 |

IS0 9001:2008 Certified Journal | Page 395



u, International Research Journal of Engineering and Technology (IRJET) e-ISSN: 2395-0056

JET Volume: 10 Issue: 11 | Nov 2023

www.irjet.net

p-ISSN: 2395-0072

procedure createRandonVariables(in arrayOfTieets; out randonVariables)
legin

for each tueetText € arrajOfTheets do

for ach rouSynonyns € synonynsCSVable do

for fieldvalue := 1 to size of rowsymanyns do

if (prefix{tweatText, roiSynonyns]Fieldalue]) or

Infix(tueetText, rouSynonyus{fielcValue]) or
postix(eetTeet, rouSynonyus|fieldvalue])) then

if fieldnane 3 randonVariables then
randonvarizbles: = append (randonVariables, fieldnane);
ond

Figure 4.3.2 creation of random variables using E.R
Method
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Figure 4.4 Evaluation Metrics

4.4 Mean Squared Error (MSE): MSD is another name
for MSE. The MSE detail of action computes the average of
the wrong squares (2). Additionally, itis non-negative, and a
worththat is to say nearer to nothing advances the model's
accuracy. When investigator of crime the foresaw worth and
is the noticed worth, the mean regulated wrong in a
mathematical model is deliberate utilizing the ability below

4.5 Root Mean Squared Error (RMSE): This gauges by
virtue of what correct a machine intelligence model is. It is
the average of the satisfied disagreements between the
indicator and the real note, expected more exact [13]. It is
completely complementary to the MAE measure; two
together versification most frequently share otherwise-

familiarize scores, that way that the tighter to nothing a
calculation is, the more correct the model is (3)

4.6 Mean Absolute Error (MAE): is a measure of
dissimilarity 'tween two unending variables.It is top-selling
rhythmical for weighing the veracity of model. Additionally,
MAE mainly stands by to the following rule: Actual Value -
Predicted Value: Prediction Error [13]. Actual Value: is the
worth found by way of scrutiny or calculation of the facts
within reach. The noticed worth is another name for it (4).
Value expected for one reversion model is famous as the
average value. Every record in the dataset has allure
prognosis mistake planned, and before we turn all negative
mistake into a beneficial individual

Evaluation Metrics

Value

MSE RMSE MAE

Figure 4.5 Graphical Representation of metrics

Where,
— predicted value of y
— mean value of vy

b AR )

The values which we calculated for out model are as follows:
o) RMSE: 0.45

o MAE: 0.44

o MSE: 0.20

We also calculated the accuracy (5) and F1 Score (6) to make

sure how efficient our modelis running. Accuracy and F1
score are two commonly used performance evaluation
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metrics in machine learning. Accuracy measures the
percentage of cases in the dataset that were correctly
categorized out of all the instances. It is a simple measure
that can be used when the classes in the dataset are
balanced. However, it can be misleading when the classes are
imbalanced, as it may give a high accuracy rate even if the
model is only predicting the superior class.

ol SV i
TP + FP~+ TN + FN

F1scoreis an average of the precision value and recall value,
and it is often used in binaryclassification problems

2

1 1
Precision Recall

F1 Score =

The accuracy and F1 Score of our model are as follows:
ACCURACY: 93%

F1 SCORE: 0.96
5. CONCLUSION:

Our algorithm, which primarily focuses on determining if a
user is likely to travel to a location, does opinion mining on
social media data using probabilistic logical reasoning. This
has real-world implications for the travel sector, particularly
travel agents. We use entity identification and sentiment
analysis to automate critical processes including producing
random variables, formulating rules, and establishing
evidence, which are crucial components of a Bayesian
Network. The Prolog toolset is then used by the system to
train the model. Our method is simply adaptable to analyze
social media data on numerous themes, including Facebook,
Instagram, and other sites in addition to Twitter. Our
technology also supports incremental learning, allowing the
model to keep becoming better overtime. Our system's
automated chores are finished, and then it moves on to
training the model with the Problog toolset. Our approach
may easily be modified to different social media subjects in
order to do opinion mining. We used Twitter in our
technique, but it could be done to any other social
networking application, including Facebook, and others. Our
methodology encourages gradual learning so that the
resulting model can be made better. Our strategy makes use
of Twitter data as well as a probabilistic opinion mining tool.
The actions that come next give an overview. First, the
structure of our method uses the Twitter API to import a
large number of Tweets. Following the automated handling
of the imported Tweets, a set of random variables and
untrained rules are generated. A Bayesian Network is then

constructed utilizing a set of data, random variables, and
untrained rule sets. The trained model can then be used to
assess recent Tweets. The built-in model can also be
incrementally retrained to increase its resilience. We choose
to use tourism as the application domain because it is among
the most widely used themes on social media. We were able
to create this model with a 93% accuracy rate.
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