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Abstract

With the advanced technology and state-of-the-art models, natural language process-
ing and sentiment analysis have been a major area for research. In this research, we
have included the implementation of temporal analysis along with sentiment analysis
models. The work is based on news article data from a Bengali news channel. View-
ers share their opinions below the comment section of the corresponding news item.
These news and comments have been a great source of information and research.
In this work, we first proposed a dataset containing 7,62,678 public comments and
replies from 16,016 video news published from 2017 to 2023 from a renowned Bengali
news YouTube channel. The dataset is then processed and data labels are annotated
using a machine-learning model after repetitive testing. Data temporal analysis have
been done later to identify how the data pattern changes over time for news data.
The temporal study has been segmented as year-oriented and topic-oriented analysis.
The work reveals that public sentiment shifts based on events that trigger people’s
opinions. Based on some events, temporal pattern changes from 2017 to 2023 both
for the news topic and public sentiment. The work identifies that people are more
likely to comment on negative news articles compared to others. Some frequent users

are found whose sentiment polarity is mostly positive.
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Chapter 1

Introduction

The idea of this thesis is to track the public sentiment on news articles and evaluate how those
change over time. Sentiment analysis is a branch of natural language processing. Therefore, NLP
and different sectors of using NLP are discussed in this chapter followed by a basic discussion
of sentiment analysis and methods, the motivation of this work, the scope of the project, and

the organization of the thesis work.

1.1 Natural Language Processing

Language processing is mainly used to refer to how the human brain uses words and language to
express emotion or communicate [1]. The idea of language processing used by the human brain
has then been tried to imitate and developed using computers and named Natural Language
Processing. Natural Language Processing (NLP) is a merged field of artificial intelligence and
linguistics. The idea of NLP evolved during the 1950s. The implementation of NLP was very
challenging at the beginning since it asserts complex grammatical, syntactical, and linguistic
perfection. The earliest approach of NLP was to machine translation where Russian to English
word-for-word translation was one [2]. After several improvements through trial basis, the
idea of syntactic Analysis (Backus—Naur form - BNF and Context-Free Grammar - CFG) was
included with the translator for the derivation rule [3, 4]. During the 1970s, a new language
“Prolog” was created with the goal of NLP application with the concept of top-down parsing
[5]. However, eventually, applying natural language processing using hand-written rules became
difficult and demanded the use of statistical NLP where machine learning showed its expertise
with the availability of data and computational power [6]. From feature-vector and annotated
data machine learning algorithms, like decision trees were able to build statistical rules for

parsers [7, 8]. In recent years, with the advancement in deep neural networks and representation
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learning, NLP has reached its highest peak and is being used in language modeling, medicine,
healthcare, etc [9].

Natural language processing is a large sector to work with. The reason NLP tasks have
been segmented into different interdisciplinary parts. The sub-parts of NLP are Sentiment
Analysis, Chatbots, Question Answering, Optical Character Recognition, Speech Recognition,
Social Media Analysis, Text-to-speech conversion, Voice Assistant, Automated Translation, and
many more.

Out of all the segments of natural language processing, sentiment analysis is the focus of

this work. Some fundamental discussion about sentiment analysis is represented in section 1.2.

1.2 Sentiment Analysis

Sentiment Analysis is a branch of natural language processing (NLP) to identify the emotional
tone from text analysis. It also refers to the concept of text analysis and linguistics. Sentiment
can mostly be categorized into two-way classification (Positive and Negative) and three-way
classification (Positive, Negative, and Neutral). It is a widely used process for psychological
research to identify the psychological state of a person [10]. According to [11], methods of
sentiment analysis are knowledge-based techniques, statistical methods, and hybrid approaches.
Knowledge-based sentiment analysis is mainly for social networks where the unambiguous ef-
fect of words is classified and stored in contextualized sentiment lexicon [12, 13]. Statistical
approaches include machine learning models like support vector machines, bag-of-words, etc.
Sentiment ratings are then evaluated by statistical tests like z-test, chi-square test, p-test, etc
[14]. Hybrid methods combine the concept of both the knowledge-based approach and the

statistical approach [15].

1.2.1 Applications of Sentiment Analysis

The applications of sentiment analysis are many. It can be applied to evaluate the customer
calls for different products [16], analysis of the customer reviews and responses [17], public
sentiment analysis from social media contents [18], improving the quality of healthcare [19], and
so on. To implement sentiment analysis modeling, there are several tools and libraries available
now. Some of the popular tools that are being used by the researchers are RoOBERTa, Natural
Language Tool Kit (NLTK), Bidirectional Encoder Representations from Transformers (BETR),
DistilBERT, and AFINN Lexicon. These pre-trained language models have later been discussed
in section 2.1.3. Figure 1.1 represents the basic phases of sentiment analysis and its scope from

the collected sentiments mainly from different social platforms.



1.3 Temporal Analysis

The goal of this work is to apply sentiment analysis models to news article data to identify
the changes in public opinion. The task can be broken down into two complementary tasks:

Sentiment analysis and sentiment tracking.
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Figure 1.1: Basic block diagram for sentiment analysis model

1.3 Temporal Analysis

Temporal analysis refers to the study of how patterns, behaviors, characteristics, and trends of
data change over time [20]. It is also referred to as time-series analysis because of its time-based
mapping. Figure 1.2 represents three different types of time-series plots over a time T1-T8. The
behavior of data with time can be positive, thus, upward in direction, it can be downward or
even may show a mixed pattern. In NLP, temporal analysis can be used to identify how people’s
viewpoints change with time.

To further address the temporal pattern of data, we are considering comments from all the
published Bengali news in our dataset. Table 1.1 represents the number of comments from 2017
to 2023 for each sentiment polarity. From the table, we can see that the number of neutral
comments is always smaller compared to positive and negative comments. Whereas, positive

and negative comment varies. There are years where positive comments are higher in number.
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Figure 1.2: Different patterns of data over time

In others, negative comments are higher. There must be some events that made this shift in

sentiment.

1.3.1 Applications of Temporal Analysis

There are vast applications of temporal analysis. It can be used in business to analyze market
trends, predict possible changes, and many more [21]. Environmental study and climate change
is another branch where spatiotemporal analysis is used widely to identify long-term climate
patterns [22]. In healthcare, temporal analysis can be applied to study the trend of a disease,
how the treatment for any particular disease evolved over time, and how the patients are reacting
to the updated treatment and technologies [23]. One vast application of temporal analysis is
in social media platforms. Using the time-series models, social media platforms can determine
the most active time of their users, and thus, they can include marketing and advertisement.
Also, by following the sentiments of the users on social media, they can update their features
and include new ideas to enhance their performance. Over time, social media platforms can

determine whether the behavior of their users is in a churn or no-churn trend. If more people
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Year | Neutral | Positive | Negative
2017 650 917 878
2018 1,619 2,219 2,087
2019 4,420 6,056 6,267
2020 9,141 13,427 13,075
2021 27,977 39,388 39,556
2022 59,034 81,036 78,580
2023 | 100,816 144,906 130,629

Table 1.1: Number of comments for each polarity over the years

are engaging in their platform, they should work on how to keep them along. If the customer

are being inactive or leaving their platform, they should impose new policies to return them.

1.4 Motivation

With the advancement of machine learning and natural language processing, public sentiment is
being observed and corresponding actions are taken by the stakeholders. For example, Facebook
observes the activity of the users and correspondingly suggests relevant pages and advertisements
[24]. Several research have also been done in the past years on analyzing public sentiment based
on the posts they share on Facebook or Twitter [25-27]. The outcome of the research helped
the psychologist to interpret human mental health, especially during the COVID-19 period
[28, 29]. In recent years, sentiment analysis has been a widely popular research topic in natural
language processing. Not only in mental health analysis or social media recommendation, but
public sentiment can also be studied regarding election [30], vaccine review [31], news articles
sentiment [32], and so on.

Some recent research and their outcomes are represented in section 2.2 where most of them
are mainly based on social media context. We have found a research gap and scope in senti-
ment analysis in news article data mostly in Bengali. All the recent research and investigation
intrigued our work on this topic. The work was started to combine the study of the sentiments
and identify the pattern using time series analysis. In this thesis, we have annotated the public
sentiment on different news articles and estimated how the sentiment evolves over time. Track-
ing opinions over time can be useful for sentiment prediction and identifying the possible reasons

for a sentiment change.
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1.5 Objectives of the Thesis

The Internet with mobile phones and computers has made our life much easier. Social platforms
like Facebook, Twitter, YouTube, etc. have been great sources of information. People are
simultaneously the producer of information and the consumer of it. Before the evolution of the
internet, Newspapers used to be the most common and easiest source of information. People all
over the world used to read newspapers every day to get informed about what’s happening at
home and abroad. But people nowadays prefer reading news online. News publishing sources
have updated their publishing policies accordingly. Numerous online portals share the news from
home and abroad over the internet. Additionally, most news media have their own YouTube
channels and Facebook pages where they share important news text, graphics, and videos.
People who read the articles or watch the graphics and video materials share their opinions
as comments below the corresponding media item. Public opinion over different categories is
also different. The opinions that the public shares can have positive, negative, or neutral vibes
so as the content. Moreover, the news items were also tagged using different keywords based
on the criteria. Public opinion towards a specific topic changes over time. We can segment
the opinions into two-way or three-way classifications. In two-way classification, the comments
can be segmented either as positive or negative. And in a three-way classification, it can be
positive, negative, or neutral. Furthermore, we can analyze the aspect-based sentiments of these
comments. If we can gather these opinions and examine the viewpoints, it can be a significant
source of feedback for the government, policymakers, and everyone. Analyzing public opinion
and how it evolves is an interesting part of sentiment analysis.

In this work, we have prepared a dataset from a news portal along with the comments shared
corresponding to the news. Then, we implemented some sentiment analysis models to determine
the polarity of the comments and news. Alongside, we analyzed how sentiment changes over a
while. There are points where we have found changes in the sentiment with time. We identified
the factors that trigger this shift in polarity. These factors can be analyzed later to predict

public views over a particular topic.

1.6 Organization of the Thesis

This book represents the background study of the work, elementary discussion about natural
language processing and sentiment analysis, the idea of the thesis, the motivation and objectives
of this work, other related research, the working methodology maintained throughout the task,

the scope of the work, result analysis and visualization, challenges, and limitation that we faced
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during the thesis, and finally the conclusion and future work. The organization of the book is

as follows:

Chapter 2 discusses some preliminaries and relevant research in this sector.

Chapter 3 is focused on the discussion about the data collection, challenges, outcomes, and
preprocessing of the data along with several sentiment analysis models to annotate the

data polarity.

Chapter 4 is to explain some assumptions and analysis of the data based on time and to

incorporate the result analysis.

Chapter 5 concludes the study and describes the plan to extend the work.



Chapter 2

Related Work

With advanced machine learning and a large amount of data, research interest and scope in
the particular sector of sentiment analysis have grown over the past years. Before starting
the implementation of our thesis, we had to perform a background study on available research

publications and articles with similar contexts. This chapter sums them up in short.

2.1 Preliminaries

The basic idea and applications of sentiment and temporal analysis are described in Chapter
1. Here, we are going to explain some widely used models to identify sentiment and temporal

patterns so that further reading of the article becomes more intuitive.

2.1.1 Word Embeddings or Vectorization

Word embeddings are distributed representations of words allowing words with similar meanings
to be closer in the vector space. It has become a fundamental component in natural language
processing (NLP) and machine learning applications for text data. Vectorization can also be
applied where words are represented as numerical vectors. TF-IDF is one of the widely used
vectorization techniques that stands for the term frequency-inverse document frequency. It is
commonly used in information retrieval and text mining to evaluate the significance of words in
a document. Term Frequency measures how often a term (word) appears in a document. Inverse

Document Frequency evaluates the importance of a term across a collection of documents.

2.1.2 Sequential Feature Extraction

For text analysis, language modeling, and machine learning, N-grams are commonly used in

NLP and computational linguistics. N-grams are contiguous sequences of n items from a given
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sample of text or speech depending on the context. The value of N determines the number of
items in a sequence. For example, a 1-gram or uni-gram represents a single item in a sequence.
In the sentence ‘Sentiment Analysis is required’ the uni-grams would be [‘Sentiment’, ‘Analysis’,
‘is’, ‘required’]. A 3-gram or tri-gram represents a sequence of three adjacent items in a text.
It can capture more complex relationships between words. In the sentence ‘Sentiment Analysis
is required’ the uni-grams would be [‘Sentiment Analysis is’, ‘Analysis is required’]. N-grams of
higher orders can be generated similarly, capturing longer sequences of items. N-grams are used
in language modeling, text analysis, speech recognition, and other NLP tasks. N-grams provide
a simple and effective way to capture the local context in a text, however, it may struggle with
capturing long-range dependencies or understanding the semantic meaning of phrases. More

advanced models, like transformer-based models such as BERT, have been developed to address

these limitations by considering the bidirectional context.

2.1.3 Pre-trained Language Models

Apart from the machine learning models, some language models are now widely popular for
sentiment analysis. BERT is one of the state-of-the-art language models. BERT stands for
Bidirectional Encoder Representations from Transformers which is a pre-trained language model
developed by Google. Other than sentiment analysis, BERT is used for several natural language
processing (NLP) tasks. BERT is a transformer-based model on large unlabeled text corpora to
learn contextualized representations of words using two unsupervised tasks: Masked Language
Model (MLM) and Next Sentence Prediction (NSP). The MLM task involves masking some
words in a sentence and predicting them based on the context, while the NSP task involves
predicting whether two sentences follow each other. As the name incorporates, BERT is bidi-
rectional. That means BERT considers both the left and right context for each word. This
bidirectional nature helps intuit more accurate and nuanced meanings of words.

BERT converts the input text into WordPiece tokenized embeddings, breaking down words
into subwords or tokens. The last layer of the BERT model generates [CLS] token (classification
token) which is fed into a classification layer for predicting the sentiment label (positive, negative,
or neutral).

Since the BERT model is large and requires substantial computing power, several variations
of BERT have been developed to reduce the computational cost. DistilBERT, DistilBERT,
RoBERTa, XLNet, and Electra these all are variations of BERT with a reduced number of
parameters and model size. BanglaBERT is also one of the variants specially designed for the
Bengali language dataset. BanglaBERT (small) and BanglaBERT (large) are available on two

different parameter sets.
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Similarly, Azure Sentiment Analysis is also a sentiment analysis tool developed by Microsoft
Azure. It uses machine learning algorithms to analyze text and provide sentiment scores and
labels. The sentiment scores range from 0 to 1, where 0 is negative and 1 is positive. It gives
multilingual support and, thus, is suitable for a variety of languages. It provides both real-time
and batch-processing options for large datasets. To use Azure Sentiment Analysis, developers
typically make API calls to the service, passing the text to analyze and receive the sentiment
scores and labels in return. There are other sentiment analysis models like VADER and AFINN

lexicon.

2.2 Literature Review

In [33], Park et. al worked on sentiment and temporal analysis of Russian campaign messages in
the 2016 election and the manipulation of partisan and racial identities. from Facebook adver-
tising and Twitter using Internet Research Agency’s (IRA) strategies. The research considered
three aspects of communication propagation that are communication platform, partisan iden-
tity, and social identity (African-American identity). The authors observed emotions during the
campaign period, Russian trolls’ strategies to mask left and right-leaning identities, and emo-
tions representing African-American identity. The study identifies a notable presence of arousal
and emotional intensity in IRA campaign messages. It also claims that comparatively Facebook
messages hold a positive sentiment while tweets are mostly negative (using mean sentiment
scoring). The variance of emotions in tweets is smaller as well. The study identified monthly
and daily means of sentiment trend and a negative swing was found until 5 months before the
election date which later showed a slight positive trend even after the election. On the other
hand, the temporal pattern of emotions on Twitter was below 0 and depicted negative emotions
throughout the time. The monthly mean was constantly negative yet, it showed a slight pos-
itive trend before the election. Another interesting finding from their study is, that monthly
emotional variance on Facebook (12.25) is greater compared to Twitter (1.73). The study also
identified a notable difference in left and right troll messages on both platforms. The num-
ber of left-troll messages (less positive) seems dominant in Facebook whereas right-troll tweets
are twice of left-troll tweets (more positive). According to the research, the left-troll messages
probably discouraged people from voting and African-American identities seem to show more
negative emotions, thus, race may act as a strong form of manipulation.

In [34], Hu et. al proposed Geo-Tweets data from the year 2016 initiated by Harvard Center
for Geographic Analysis (CGA). The temporal analysis for the positive, negative, and neutral

sentiments is done on a monthly, weekly, and hourly basis. To identify the spatial clusters,

10
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the Local Indicators of Spatial Association (LISA) is employed. According to the findings,
during weekend events and F&F gatherings, users are more likely to post positive tweets. From
the spatial context, the study finds that people in the western US tend to share pictures of
good moments on Twitter compared to other regions. To create a workflow for reproducing
and extending the data, the researchers used the Alteryx platform. For sentiment analysis
and scoring, the Valence Aware Dictionary and Sentiment Reasoner (VADER) model is used
which is a rule-based tool requiring no training data and providing positive (score > 0.05),
neutral (—0.05 < score < 0.05), negative (score < —0.05), and compound scores (average).
To identify the text pattern in the context, the LDA model is used to generate a summary
of topics as a discrete probability of distribution over words of each topic. Finally, the study
shows monthly, weekly, and hourly Geo-tweets sentiments and the top 30 most salient terms. A
weekday distribution of positive sentiment topics is also depicted.

In [35], authors proposed a Graph-based approach for sentiment analysis to detect early
cyberbullying on Twitter. At first, keywords are identified using data mining tools Tweepy and
Textblob. These keywords are formed as nodes in a graph. The weight of edges is determined
by the average polarity of two corresponding keywords in a specific time window.

Paper [36] presented a systematic review and meta-analysis (PRISMA) from the studies
on sentiment analysis in research and academia. A total of 41 research articles were reviewed
and discussed their objectives, domain, SM platform used, dataset, techniques, and challenges.
According to the study, 11 out of 41 research are conducted in the political context. From the
platform study, the authors claimed that Twitter focuses on a wide range of subjects including
social problems, marketing issues, etc. from different views. Most of the enlisted research
used the t-test, ANOVA test, Chi-square test, and Wilcoxon test to determine the significance
of sentiment. For sentiment modeling Naive Bayes, Multinomial Naive Bayes, Decision Tree,
SVM, and Neural Networks were mostly used.

The study [37] is based on a Chinese dataset from the platform Weibo and detects the
temporal pattern in sentiment and emotional fluctuations during COVID-19. The dataset is
collected from 31 December 2019 to 31 April 2020. Sentiment rating was generated using
SnowNLP, a Chinese language-based NLP tool for sentiment analysis. Posts are clustered into
5-time groups for a single day - early morning, morning, afternoon, evening, and night. The study
focused on the emotions of surprise, depression, anger, and fear. According to the article, the
emotions of fear and anger were more prevalent during the morning and afternoon, and the rest
were prevalent during the afternoon and night. They used “groupby” method to calculate the
frequencies of emotions at a particular time of the day. The authors created a heatmap based on

the geolocation of the users and demonstrated a correlation pattern between the number of Weibo

11
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posts published by users and their distance to major hospitals. To address the temporal study,
the authors found an increase in all emotions during mid-January 2020 when the confirmation
of human-to-human transmission of the virus was stated. A smooth pattern in the emotions
was addressed till the first week of April 2020. Fear was the prevalent emotion during the end
of January. A peak in depressive emotion was found just after Chinese New Year’s Day and
was at its highest around Tomb Sweeping Day. A peak of emotion in surprise was identified on
January 30, 2020, when the last province of China declared the outbreak of COVID there. The
emotion of anger reached its highest peak when the declaration for isolation came.

Lorentz et al. in [38] discussed how public comments and corresponding sentiment on
YouTube videos affect the like proportion of the videos. For the data, the authors used the
trending top list of YouTube videos of the UK in 2017, and also, used the data from Twitter
for comparative analysis. The study claims comments on Twitter hold a negative tone more,
whereas YouTube comments are mostly neutral. According to the methodology, the authors
considered neutral comments in several ways for model implementation. The neutral comments
were considered to be positive, and negative, and also segmented equally in both groups. They
implemented Logistic Regression, Support Vector Machine, Stochastic Gradient Descent Classi-
fier, Complement Naive Bayes, and Multinomial Naive Bayes. Among them, Logistic Regression
performed best to identify the video liking proportion. Though the study was thorough enough,
the authors claimed that it has a less real-world application. They also suggested that the model
can be improved if emoji sentiment is considered.

In [39], the authors used a deep neural network model for the Brazillian Portuguese Language
to classify comments on YouTube videos. For the data, they used two video data along with the
comments from a renowned journalist and YouTuber of Brazil, Joice Hasselmann. The focus
of the work is to analyze the sentiment of viewers regarding the video quality, the relevancy
of the video, and how well the video is explained. The authors segmented the methodology as
Lexical preprocessing (to remove unnecessary punctuations), word dictionary extraction (most
frequent words only), vectorization, and deep neural network for automatic feature learning. A
6-layer neural network is used for the model. The first embedding layer removes unnecessary
information and represents a compact dimensionality of the data. The next two layers are the
convolution layers with 64 and 16 features respectively. After that, a dense layer is implemented
with 50 neurons and finally, a dropout layer is used to overcome the overfitting problem. They
used the ‘tanh’ activation function for the output later that outputs the value from -1 to 1
where [-1, 0) represents negative sentiment, 0 represents neutral sentiment, and (0, 1] represents

positive sentiment.
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2.2 Literature Review

In [40] authors prepared a news corpus on Arabic news and its associated sentiment tracking
system to monitor the sentiments towards news entities in the Arab world. The researchers
collected the data from Twitter along with the geographical location of the tweets. For data
labeling, they used semi-automated and manually annotated datasets. The tweets are labeled
as a positive-negative-neutral, geo-location label, organization, list of hashtags, etc. Four ma-
chine learning classifiers were used including, Logistic Regression (LR), Multilayer Perceptron
(MLP), Naive Bayes (NB), and Support Vector Machine (SVM) where semi-automated anno-
tation showed a better result for different machine learning models. They generated a tool
for semi-automated sentiment annotation. The work then differentiates how sentiment changes
based on geographical locations. The research identifies that people from Egypt share more
tweets both for positive and negative sentiments compared to the other twenty locations of
Arabs.

Paper [41] explored conventional time series analysis methods and their applicability to topic
and sentiment trend analysis. For identifying the opinionated terms, the AFINN Lexicon was
used. The AFINN lexicon is one of the simplest and most popular lexicons that can be used
extensively for sentiment analysis. Using the time series, the authors identify the outliers of
the data that cause sentiment change corresponding to some manually detected tweets. They
used frequency measures of tweets for a specific sentiment (android lollipop, Merkel, Michelle
Obama). Trend (Tt), seasonal (St), and random (Rt) are considered components of time series
decomposition. Another paper [42] reports on the design of a sentiment analysis tracking algo-
rithm, a web-based application called the Villanova Analytical Sentiment Tracker (VAST) for
Twitter with two main components of tracking and evaluating.

Public health emergencies at the same time are national and global concerns where pre-
cautions and actions should be taken as early as possible. In [43], Xiang Ji et al. present an
Epidemic Sentiment Monitoring System (ESMOS) that provides tools for visualizing Twitter
users, a tool for public health specialists and government decision-makers to gauge the degree of
concern (DOC) expressed in the tweets towards different diseases. They used disease keywords
to distinguish the tweets. Among the implemented machine learning models are Support Vector
Machine (SVM), Naive Bayes (NB), and Multinomial Naive Bayes (MNB). MNB achieved the
best results with a time of 0.18 sec to build the model.

Other research has been done to predict dangerous events from social media posts [44]. Ac-
cording to the research, events that have a common ground are represented as dangerous events.
The dangerous events can be segmented as sentiment-based (emotional and psychological atti-

tude), scenarios-based (not previously planned), and action-based events (human involvement).
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2.3 Summary

Sport is a field where sentiment analysis has a lot to contribute. In [45], authors Faruque et
al. used Naive Bayes, Support Vector Machine, and Logistic Regression to analyze the sentiment
polarity of people regarding Bangladesh Cricket. For data collection, they used Facebook posts
and comments from newspaper pages and another ABSA dataset. According to their result,
Logistic Regression performed the best to identify the polarity (Positive, Negative, Neutral) of
public opinion.

We have found a research gap in sentiment analysis with the news articles data. Most of the
works are mainly focused on Twitter or Facebook. To our knowledge, public sentiment tracking
on news channel publications and users’ comments is a fresh field to work on. Moreover, minimal
work has been done on the Bengali language since no proper dataset is available. The work’s
objective is to analyze the public sentiment on the comments of the news events published on
different news portals and identify how people’s sentiments change over time on a particular

event.

Data Collection - Removing Stop words
. > - Stemming (Normalization)
— Node.js Data Cleaning | - Lemmatization (Base Word)
ﬁ —— 1 & - Vectorization (word2vec, sentence2vec)
Puppeteer Preprocessing
News Article Targeted
sources Attributes

Headline Hashtags

Date || Link ‘ Likes ‘

Sentiment Analysis
‘ Description H Views ‘ & TrackingModels

N-grams

ML

‘ Comments ‘ ‘ Replies ‘

Result
Interpretation

Visualization

Figure 2.1: Working breakdown for proposed methodology

2.3 Summary

Though some research works have been done in other languages like English, Chinese, and

Arabic, Bengali news article data remain uncovered. To start with, we need to prepare a
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2.3 Summary

dataset. A tentative workflow and methodology of our work are depicted in Figure 2.1.
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Chapter 3

Dataset Creation

After conducting the background study and literature review, we discovered that many minimal
works have been done in the context of sentiment and temporal analysis. Moreover, no proper
Bengali dataset was available that covers enough period for temporal analysis. Thus, we decided
to prepare a dataset focusing on our goal; this data collection was the most challenging part of
this task. In this part, we will describe the steps of data collection, the challenges we faced, and

how we processed our data to prepare a final dataset.

3.1 Data Collection

To understand how native Bengali-speaking individuals feel about national and international
news articles, we need a proper dataset that covers a variety of news. With that goal, the data
collection process was initiated.

For data collection, initially, we targeted the news portals and websites of Bangladesh. The
news agencies shared their collected news in these portals and people can share their opinions
below in the comment box. After collecting around 1200 data from these portals, we figured out
that the number of comments here is below 40%. This means people are less likely to share their
opinions via these news portals or news websites. Therefore, we rethought to change the source
of our data. Considering different social media platforms, we decided to collect the data from
YouTube since it engages 122 million people daily according to the YouTube Statistics 2023 by
Global Media Insights [46].

The source of our data collection is Somoy TV, a renowned Bengali YouTube news channel
with more than 20 million subscribers [47]. The main reason behind choosing this channel
was their highest number of views among Bengali news channels. The data is gathered from

YouTube using NodeJS (v18.12.1). The Chrome browser is controlled for URL retrieval using
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3.1 Data Collection

Table 3.1: A Sample of the raw dataset

video | title | total | views| date| hashtags| descrip| comments
Url Likes tion
https: | &= | 81 2,201 | Apr | [#bhola, | @=e [‘cauthor’: ‘Author A’, ‘ctime’:
// Rl 3, #s0- f@iff® | ‘28 minutes ago’, ‘comment’: ¢ &
wWwWw. | SWI 2023 | moytv] TICS SRR 7+, AR AFAE RTFES T
you TART fefed i, ‘likes: ‘0 ’, ‘replies [],
tube | @red P ‘cauthor’: ‘Author B’; ‘ctime’: ‘2
.com/ | | https: | hours ago’, ‘comment’: ‘&R BN
watch?| Bhola //www. | SR @ S TN SA[R g (A
v=TU| | somoy | ¥ F®q 7, ‘likes’: ¢ 0 7, ‘replies’:
Ckedc | Cot- news.tv | [], ‘cauthor’: ‘Author C’, ‘ctime’:
An0Q | ton ‘2 hours ago’, ‘comment’: ‘Y3 784
Ware- G 9o 7, ‘likes: ¢ 0 7, ‘replies’:
house ]
| So-
moy
TV
https: | @B | 119 | 5,494 | Aug | ] I [‘cauthor’: ‘Author D’; ‘ctime’
// [SEIE] 5, ‘1 year ago’, ‘comment’: ®If¥ 47
WwWw. | CTIIBI3 2020 it ol o eI, ‘likes ¢ 0 7,
you Q3 ‘replies”: [], ‘cauthor’: ‘Author
tube ol E’, ‘ctime’: ‘1 year ago’, ‘com-
.com/ | CIC=A ment’: ‘Nice mama ’, ‘likes: ¢
watch?| =<1 0 7, ‘replies”: [], ‘cauthor’: ‘Au-
v=H8 | | So- thor F’, ‘ctime’: ‘2 years ago’,
UMpR/| hel ‘comment’: ‘Amar jelar , Amar
YipFg | Rana gourob’, ‘likes’: ‘2’ ‘replies’:
] [‘rauthor’:  ‘Author G’, ‘rtime’:
Bang ‘2 years ago’, ‘rep’: ‘Manikgonj
lade er kothai bari vai’, ‘rlikes: * 0,
shi ‘rauthor’: ‘Author H’, ‘rtime’: ‘8
Foot- months ago’, ‘rep’: ‘FRER AR
baller AFARA A, ‘rlikes”: ¢ 07]]
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3.2 Data Features

the Puppeteer NodeJS library by Google. We used Puppeteer to automate the browser for web
scraping. It enables dynamic interactions with the content and simultaneously retrieves the
data. A delay time of 2000ms was used to let the browser scroll down and load the content and
comments.

Both sequential and keyword-based searching were used for data collection purposes. The
data collection process was initiated in May 2023. A sequential data collection method is used
to retrieve all of the news information from 23 May 2023 back to 27 December 2022. A total of
13 features were collected for each data including news URL, title, views, likes, date, hashtags,
description, comment author, comment time, comment, reply author, reply time, and reply. The
features are described briefly in Section 3.2. Additionally, a keyword-based search was integrated
to collect particular categories of news. A total of 19 keywords are used to retrieve the data.
The keywords are mentioned in Table 3.2 as “Categories of Data”. Duplicate news entries were
not checked during the data collection phase. A total 0f 22, 757 news data were collected at
this point. These data represent news within the timeframe of 2017 to 2023. The raw data is
retrieved in a JSON file for further processing. Two samples from the raw dataset are shown in

Table 3.1. To ensure the commentator’s privacy, their names have been hidden.

3.2 Data Features

We collected a total of 9 features corresponding to each news as described in Figure 2.1. At
first, the URL for the corresponding news data is stored as a feature “videoUrl””. The title for
the news articles is the second feature stored as “title””. For most of the samples, the video title
is represented as the title in Bengali, the title in English, and the channel name, separated by a
vertical bar (]). After that, the total number of likes and the total number of views are stored

M

as two different features named “totallikes”” and “views”” respectively. The date on which the

news was published is stored in the “date”” feature. While publishing news, the publishers use
some hashtags relevant to the news to make the search convenient to the users. These hashtags
were also collected as a feature. Publishers can choose to publish news without hashtags. When
no hashtags are found for the news an empty square bracket [|. There is a description box below
each video on YouTube that involves some relevant information regarding the news or publishers
along with Copyright details as well. Discarding the copyrights, the rest of the details are stored
in the “description”” feature. After that, the comments and replies were collected which are the

main focus of this dataset. For each comment and reply, four different attributes were stored as

(1343 979 Ll 999 Ll 9999 Ll 9999

commentAuthor””, ““commentTime””, ““comment””, ““commentLikes””, ““reply Author””,

(1343 9999

replyTime””, ““reply

79 79

, and ““replyLikes””. Here, the author is the person who comments or
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3.2 Data Features

Table 3.2: A comparison among other relevant datasets

Specifica- | KanCMD | Russia- | ABSA BAN- Proposed Dataset [52]
tion [48] Ukraine | [50] ABSA
War [51]
[49]
Number of | 7,671 10,861 5,091 9,009 7,62,678
Comments
Platform YouTube YouTube | Facebook | News YouTube
Portals
Language Kannada, Bengali Bengali Bengali Bengali
Latin, and
English
Categories Movie trail- | Russia Cricket Politics, | Latest news, Special news,
of Data ers, Trends | and and Sports, Politics, Bangladesh, World,
of banned | Ukraine | Restau- | Religion, | Crime, Trade, Opinion,
mobile apps | War rant and Sports, Entertainment, Job,
in India, Review Others Lifestyle, Education, Elec-
India-China tion, FIFA, Earthquake,
Border, Price hike, Padma bridge,
Mahab- Metro rail
harat,
Transgen-
der
Attributes Comments, | Video Cricket: | Comment| Video URL, Title, Likes,
or Features | Class URL, Source, Aspect, Views, Publish Date, Hash-
Com- Date, Polarity | tags, Description, Commen-
ments, Text, tator, Comment, Comment
Annota- | Cate- Time, Comment Likes, Reply
tion gory, Author, Reply, Reply Time,
Polarity, Reply likes
Restau-
rant:
Text,
Cate-
gory,
Polarity

19




3.3 Data Preprocessing

replies. To ensure the privacy of the commentators, the name of every person who comments and

[13%3 999

replies is replaced with a unique author count. ““commentTime”” and ““replyTime”” represents

[1313

the time of the statement made from the data collection date. ““comment”” and ““reply”” here

are the statement made by people regarding the video which usually depicts public’s sentiment

(1343 9999

and point of views. The number of likes in the statements is stored as ““commentLikes”” and

““replyLikes””. Though there is a dislike option attached to each video, comments, and replies,
the value of dislikes couldn’t be retrieved. According to YouTube policies of 2021, the count of

dislikes will not be public anymore.

3.3 Data Preprocessing

Since the raw data contains duplicate new data, all duplicate news stories are first removed.
The elimination process is maintained as such so that the data collected later remains since it
may reach more views than the previously collected one. The distinct number of news in the
dataset is 16,016.

The raw data is stored in a JSON file. The date was stored as a string which was later
converted as a Date type using the Pandas to datetime() method. Videos on YouTube that
receive more than 1,000 views and 100,000 views are sometimes annotated with the Greek letters
K and M, respectively. A similar concept applies to video likes as well. To convert the object
type data to numeric form, the Greek annotations are replaced by numbers. After that, the
data is sorted based on their publishing date in ascending order.

While collecting the data, all the comments, replies, and respective information were stored
as a single attribute. At this point, each comment and reply are separated along with the
author’s information, time, and likes. To assure the privacy of the author, their names are
replaced with annotated values for publicly available datasets. Data is then stored in an Excel
file for further implementation.

The dataset is a Bengali dataset which is the novelty of this work. However, an English-
translated version is also published for research purposes. To translate the Bengali titles, de-
scriptions, comments, and replies, Google Sheets are used as a tool. From Google Sheets, we
used the formula of “GOOGLETRANSLATE” which takes three parameters to translate a given
context. The first one is the text that we want to translate, the second parameter is the source
language for the text, and the third parameter is the target language. For the proposed dataset,
the source language was Bengali (bn) and the target language was English (en).

For publication and censorship issues, we have replaced all the commentator’s information

with a unique number so that no one can retrieve it. After completing the basic processing, the
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3.4 Data Annotation

scope of the dataset is compared to some other relevant available datasets and features in Table

3.2.

3.4 Data Annotation

The raw data that we collected was not labeled with the corresponding sentiment. Since the size
of the dataset is quite large, we preferred automated sentiment labeling over manual annotation.
For labeling the data, we tried several machine learning and language models to identify the
best-suited one. In this chapter, we are going to implement different models to annotate our
dataset for sentiment modeling. Then, we prepared a comparative analysis to identify the model

that performs best for annotation.

3.4.1 Examplary Dataset

To check the model performance, we need to use an annotated dataset. A sample-labeled dataset
has been used to test the models. The SentNoB dataset contains public comments in Bengali
from social media from 13 different domains that include politics, education, agriculture, and
much more [53]. There are three polarity labels in the dataset where 0 refers to neutral sentiment,
1 refers to positive sentiment, and 2 is for negative. Thus, the dataset is tripolar.

The dataset contains 12,575 samples for training, 1,567 for validation, and 1,586 samples
for testing. Out of the total 15,728 samples in the data, 3,609 samples were labeled as neutral,
6,410 samples were positive, and 5,709 samples were negative. The ratio of the labels identifies
the dataset as an imbalanced one.

To balance the dataset “RandomOverSampler” was used from “imblearn” package. After
sampling the data, the total number of samples becomes 19,230 with 6,410 samples for each
class. We have combined all of them and used 80% of the data for training purposes and the

rest 20% of the data for testing.

3.4.2 Model Selection

To start with, we have implemented 7 machine learning models to determine the performance.
The models we used are Multinomial Naive Bayes, Logistic Regression, Decision Tree, Ran-
dom Forest, KNN, and Support Vector Classifier (both for linear and RBF kernel). First, all
the unnecessary punctuations were removed using the natural language toolkit (nltk) regular
expression. The Python package for “bangla-python” was used to remove the stopwords [54].
Using the BanglaStemmer package, the words are converted to their root word. These steps were

used as preprocessing to reduce the complexity of the data. For feature extraction, a TF-IDF
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3.4 Data Annotation

Table 3.3: Model accuracy result

Models l-gram | 2-gram | 3-gram
Multinomial Naive Bayes 79.62 83.52 82.32
Logistic Regression 76.0 81.72 82.87
Decision Tree 77.15 77.56 77.93
Random Forest 82.76 82.71 83.02
KNN 62.4 63.26 63.31
Support Vector Classifier (Linear) 68.56 69.99 71.35
Support Vector Classifier (RBF) 70.88 74.75 76.44
BERT 45.8
BanglaBERT 68.99

Azure Sentiment Analysis 45.78

vectorizer was used. To consider the continuous sequence of words, we used n-gram models for
unigrams, bigrams, and trigrams. The size of the feature vector for 1-gram, 2-gram, and 3-gram
methods are 27,530, 151,721, and 307,317 respectively. The accuracy of the machine learning
models is represented in Table 3.3. Traditional machine learning models have been implemented
here due to the high dimension of the data.

After implementing the machine learning models, two language models were also used. We
have used Bidirectional Encoder Representations from Transformers (BERT) and BanglaBERT.
We have used the BERT base from the BERT language model. The output sentiment scored
from 1 to 5 which we later segmented as negative, neutral, and positive. A similar approach
is applied to the BanglaBERT! model. The accuracy for BERT and BanglaBERT language
models are 45.8% and 68.99% respectively.

There is another sentiment analysis tool developed by Microsoft named Azure Sentiment
Analysis. The tool offers remarkable accuracy for the English text dataset [55, 56]. However,
for our Bengali reference dataset, the accuracy of the tool was 45.78%.

Among all the machine learning and large language models (LLMs), Multinomial Naive
Bayes (MNB) outperformed the rest for 2-gram methods with an accuracy of 83.52%. Thus,
MNB was used to annotate our proposed dataset. We have used annotation for three features

in the data: title, comment, and reply corresponding to each news.

"https://huggingface.co/ka05ar/bangla-bert-base-VITD
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3.5 Summary

3.5 Summary

The comparison demonstrates that the proposed one outperformed the others in terms of data
volume, categories, and attributes. A corresponding article is published proposing our dataset
in Elsevier Data in Brief journal [57]. For model selection, considering all the results from
different models and tools, we noted the maximum accuracy using the Multinomial Naive Bayes

for the Bigram method. Therefore, we decided to implement the model to annotate our dataset.
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Chapter 4

Temporal Analysis

This chapter will describe some of our analysis of the dataset we prepared. Later, it focuses on
the time-based analysis of the data. In temporal analysis, the pattern of the data respective to
time has been incorporated. Here, we tried to depict how time and different events have affected
shifts in the reaction of people to news topics. To conduct temporal analysis, both year-based
and topic-based analysis have been used. Another segment is included to describe the analytics
of the data other than year and topic-based analysis. The sentiment of regular and irregular

commentators has also been discussed.

4.1 Data Analysis

Data analysis has a significant role in generating intuition about the data. Before moving on
to temporal analysis, we incorporated some analysis of data through statistical analysis and

graphical representation.

4.1.1 Statistical Analysis

Our dataset contains various news articles data and responses from 21 June 2017 to 23 May
2023. We prepared a bar plot in Figure 4.1 to generate the frequency of comments in news data
for each year. According to the diagram, the number of responses in news keeps increasing as the
year progresses. The year 2017 has the minimum number of comments whereas the year 2023
has the maximum. The number of comments shows that viewers are becoming more engaged
with YouTube news reports.

The ratio of views and comments was also calculated to understand how they are related to
each other. A corresponding diagram is presented in Figure 4.2 which also depicts an increasing

pattern in view-comment ratio. Some possible assumptions for the change could be that the
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4.1 Data Analysis
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Figure 4.1: Number of news comments in the dataset from 2017 - 2023

number of users has increased over time, people have become more interactive on YouTube,
people don’t hesitate to express their opinions on public platforms, and many more.

According to Figure 4.1, the year 2023 has the maximum number of samples in the data
with 3,76,351 comments. To identify the time frame where the highest news was published, a
percentage is generated in Table 4.1. The data denotes that 30.7% of the news was published
in March 2023. From January to March, the rate of publishing news was increasing. Whereas,
the percentage declined during April.

Figure 4.3 displays the results of a correlation analysis that was carried out to determine the
pattern of the data’s numerical features. The correlation value depicts that all the attributes
have a positive correlation among them. The maximum correlation is between the view of the
videos and likes which is 0.63.

As discussed earlier, we have collected the news from 19 different categories for keyword-
based searching. A frequency distribution is shown in Figure 4.4. From the diagram, we can see
that the maximum number of news are from the categories Politics and Bangldesh whereas the

categories Crime, Opinion, Lifestyle, and Special News have comparatively lowers number
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4.1 Data Analysis
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Figure 4.2: The ratio of comments and views for the data

of news data.

4.1.2 Descriptive Analysis

In Figure 4.5, a word cloud was plotted on the hashtags used in the data to identify the most
frequently used words. In some news, people don’t prefer showing their opinions. There are a
total of 1,453 news articles found with no comments.

Detailed information for category-based news is depicted in Table 4.2. It highlights the total
number of comments for each category and the maximum number of comments respectively. The
table also demonstrates the related keywords corresponding to the news that gained maximum
comments.

We have identified an interesting intuition about the people who comment frequently. The
number of unique authors in the dataset is 242,221 out of 761,627 comments. Thus, 68.20% of
people comment frequently on news articles discarding no-comment data where the no-comment

data is 1,051.
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4.2 Year-oriented Analysis

Table 4.1: Rate of news published in 2023

Month’23 | Percentage of total news
January 25.6%
February 28.0%
March 30.7%
April 12.5%
May 3.3%

4.1.3 Hypothesis Testing

We started with a null hypothesis (H0) which is the number of comments doesn’t increase as
the views for a particular video increases. Thus, the alternate hypothesis (H1) is the number of
comments increases as the views for a particular video increase. After performing the test using
Pearson Correlation, we got a statistical result of 0.60 with a p-value of 0. Since the p-value
is less than the significance level of 95%, we reject the null hypothesis. Thus, the number of
comments depends on the views for corresponding new data.

For the next hypothesis, we started with the assumption that the number of likes doesn’t
increase as the views for a particular video increase (H0). The result of the test is 0.50 with
a p-value of 0. Thus, we reject the null hypothesis and conclude that the number of likes is

positively related to the views for a particular video.

4.2 Year-oriented Analysis

The dataset represents data within the time frame of 2017 to 2023. The news and comments
over time are not constant. Figure 4.6a and 4.6b depict how the number of news and comments
changed from 2017 to 2023 respectively. From the diagram, we can see that public engagement
in news videos tremendously increased in late 2020 and was at its peak in 2023. There is an
unusual pattern observed in September 2018.

For a similar number of news compared to the collateral months, the number of comments
increased around 10 times. After observing the news source, we figured out that the maximum
number of comments came from two news articles. One is about including a Boeing 787 to Bi-
man Bangladesh Airlines! (1010 comments) and another is a political movement of Bangladesh
Nationalist Party, BNP (major opponent political party of Bangladesh)? (873 comments) fol-
lowing the national election of Bangladesh which was held on 30 December 2018 [58]. A similar

'Boeing 787 Dreamliner | SIBMRIeNE FH(C5 (%14 2T | Sheikh Hasina
*Exclusive: G Y47 RAAM GepTergs | ¢ el ik (ofes S0 | BNP Assembly | Somoy TV
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4.2 Year-oriented Analysis

Table 4.2: Category-wise news information

Category Number | Total Maximum News Topic for Max-
of News | Comments | Number of | imum Comments
Comments

Politics 760 26,158 1,258 Sohel Taj, Politician,
Fitness And Health Ac-
tivist

Bangladesh 760 12,441 1,186 France News, Pinaki
Bhattacharya

World 655 14,758 1,192 Afghanistan News,
World Bank, Interna-
tional News

Crime 191 33,323 1,239 Kishor Gang, Khulna
Court, Khulna News

Trade 613 13,005 1,063 Export Goods Theft,
Dhaka News

Opinion 144 25,700 1,945 Kurigram News

Sports 659 33,226 1,123 Eleta Kingsley, Sports
News

Entertainment | 394 28,691 1,729 BTS, Interview on BTS

Job 588 13,882 1,339 Chanchal Chowdhury

Lifestyle 171 8,042 1,423 Army Life, Bangladesh
Army

Education 541 41,589 1,103 Dipu Moni, Education
Minister

Election 652 31,125 1,275 DSCC Election

FIFA 334 28,828 899 Argentina vs Saudi Ara-
bia

Earthquake 314 14,797 1,236 Poran, Bangladesh Po-
lice, New Market

Price Hike 443 43,882 1,355 Bongo Bazar Fire,
Dhaka Fire News

Padma Bridge | 308 39,176 1,103 Padma Bridge Visit

Metro Rail 312 15,687 790 Metro Rail, Public Re-
action

Latest News 517 27,834 1,180 Alcor, Life Extension
Foundation

Special News 93 7,881 1,173 Ramadan Special Moon
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4.2 Year-oriented Analysis
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Figure 4.3: Correlation between the numerical attributes

pattern is also seen from March 2019 to May 2019. Public reaction increased for a lower number
of news. Here, the maximum comments came from a speech by Nurul Haq Nur (26" Vice Pres-
ident of Dhaka University Central Students’ Union - DUCSU) for the honorable Prime Minister
of Bangladesh! (1442 comments) and a crime report which is about a rape incident in March
2019 from Feni, Bangladesh? (915 comments).

In December 2020, both the news data and public engagement were raised. Maximum public
comments are noted from two news articles regarding Padma Bridge where the construction
development of the bridge® (944 comments) and the toll payment* procedure (790 comments) are
presented respectively. Padma Multipurpose Bridge (Padma Bridge) is one the most important

leyeTaal (14 AR WG @ e 2fewfd e A2 | nurul haq nur

2(FAIF PTATS R9Jl oK (@NIT 31 et @2 | nusrat jahan rafi | omar faroque

3979 FOICHE G4 e I #@ (Tg! | Padma Bridge | Khaleda Zia | Somoy TV
Lo (TQr® (Ble e TS 21 (@19 ISt | Padma Bridge
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Figure 4.4: Number of news from each category
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Figure 4.5: Word cloud from the news hashtags

30
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4.3 Topic-oriented Analysis

and challenging construction projects of Bangladesh with a two-level road-rail across the Padma
River constructed by China Major Bridge Engineering Company Ltd. It is the longest bridge
in Bangladesh consisting of 41 sections with a total length of 6.15 km. It is the longest bridge
in Bangladesh. The construction was challenging due to the width and depth of the Padma
River. Padma Bridge has the world’s deepest pile of any bridge at 127 meters. It connects the
southwest of the country to the northern and eastern regions. Though the construction of the
bridge was expected to commence by early 2011 and be ready for major completion by 2013, the
bridge was inaugurated on 25 June 2022. Following the bridge’s opening, economic activity in
the southwestern regions is expected to be boosted. The bridge is expected to boost the GDP
of Bangladesh by 1.23% [59].

While observing the year 2021 the number of comments in November showed a lower pattern
compared to other months for a similar number of news data. It means people became unin-
terested in showing their reaction to this news. The news topics during this period are mostly
regarding the Union Parishad (UP) Election, Dhaka Metro Rail, and Padma Bridge where the
least public reaction is noted from the news regarding UP Election® (1 comment). The pattern
of comments for the years 2022 and 2023 is almost similar to the number of news data. Like
Padma Bridge, Dhaka Metro Rail is another notable construction project in Bangladesh to en-
sure a mass rapid transit system in Dhaka. With the goal of Dhaka’s 20-year-long Strategic
Transport Plan, the Japan International Cooperation Agency was invited by the government of
Bangladesh to survey the transport system of Dhaka in 2009-2010. In 2012, the project was
approved with a loan agreement between the Bangladeshi government and the Japanese Interna-
tional Cooperation Agency. The construction was combined by the engineers of the Italian-Thai
Development Public Company, China’s Sinohydro Corporation, and a Tokyo-based construction
company. On 29 December 2022, the first phase of MRT line-6 was opened for public use within
the terminal Uttara to Agargaon [60].

In the dataset, the maximum number of comments appeared on the news where people

gathered to see a grave with some miraculous feature. The news got a total of 1945 comments?.

4.3 Topic-oriented Analysis

To observe how the sentiment of published news and comments change over time, we have done
some temporal analysis for specific topics. We tried to plot the sentiment for the news related
to the Padma Bridge from 2017 to 2023 in Figure 4.7.

19O 4t OF TEF e “Afeam FEbeTa (@b ©F! | up election | 2021 | somoy tv
AT FI9 AT T[T &7l f¥C | Kurigram News | Somoy TV
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Figure 4.7: Sentiment on Padma bridge from 2017 - 2023

The news sentiment varied over time. It started with a highly positive sentiment in 2017. The
corresponding news was about the development of Padma Bridge' and the architectural design
of Padma Bridge?. However, the positive sentiment dropped between the year 2018 to 2023.
During 2021 the negative (1,954 comments) sentiment became higher than the positive one (1,730
comments). From the percentage of comments polarity, we can notice that in 2018, positive
public comments slightly decreased, and negative comments increased. One possible reason for
this change could be the completion of the works of Padma Bridge which was supposed to be
completed by 2018 and news published regarding the construction complexity of the bridge?.
Padma Bridge was opened for public use on June 25, 2022, and the positive sentiment started
to develop after that.

Figure 4.8 represents the corresponding news and comments sentiment for the news on
Bangladesh. For the news sentiment, it started with a negative polarity in 2018. The comments

became positive in 2019 when the news was about acquiring the 45th position of Bangladesh’s

oMl (Tgd I wiaeife! | Padma Bridge Latest Update | Somoy TV
29/f3q$ 2R *Wl (TgA 7! | Padma Bridge Latest News | Somoy TV
sfsfitel wfbere! | B2 r&t AAMdz A AT Padma Bridge Lastest Update | Somoy TV
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Figure 4.8: Sentiment on Bangladesh news from 2018 - 2023

GDP in Asia'. However, the comment’s polarity was constantly positive afterward. We noticed
a change in the comment sentiment in 2020 where the number of negative comments dropped.
To investigate the possible reasoning, we tried to explore the news data for 2020 and figured out
that most of the positive comments were sourced compared to negative news about reopening
the flights after the COVID-19 period?.

Similarly, Figure 4.9a, 4.9b, 4.9¢, and 4.9d represents the corresponding news and comments
sentiments for the news regarding Earthquake, Education, Lifestyle, and International news

respectively. In such a way, we can analyze the public reaction to a particular news topic.

4.4 Others

Another interesting finding from our data is how often the users return to share their opinions.
After excluding the news with no comment, we identified that only 31.80% of the commentators

are unique, and 68.20% people commented more than one time. Then, we tried to identify the

Laferg 8¢5 (eea Wox AT A ARG (Tt | AK Abdul Momen
Qio{me FIZG beIbe1 78F 7 | AK Abdul Momen | Somoy TV
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Figure 4.9: Temporal analysis of sentiments for corresponding news

pattern of their comments for particular news videos. In Figure 4.10, the ratio for frequent and
non-frequent users is depicted for the news categorized as neutral, positive, and negative news
data. The ratio narrates that the ratio between regular and irregular users for all sentiment of
news data is almost identical.

Figure 4.11 represents the comments received for the news data on each polarity. The ratio
shows that the maximum number of news data collected have a negative sentiment so as the

comments.

4.5 Result Analysis

In this study, we implemented 7 machine-learning models and 3 language models for sentiment
analysis on a labeled dataset. The N-grams method has been applied to select successive items

in a text. According to the result, Multinomial Naive Bayes (MNB) for the 2-gram method
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4.5 Result Analysis

outperformed the rest for news data annotation, Figure 4.12. Thus, we used MNB to label the

news titles, comments, and replies.
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Figure 4.12: Result of sentiment annotation Models

After annotation, the temporal pattern of the data has been observed. The temporal anal-
ysis of the data for different topics depicts that public sentiment varies as time goes on. There
are events that trigger the corresponding polarity to shift from positive to negative and vice-
versa. Documenting and understanding these events is important for contextualizing sentiment
shifts or specifying if certain types of events consistently lead to positive or negative sentiment.
For example, we have seen that initially, the sentiment related to the Padma Bridge was more
negative. However, people showed a positive reaction as the development of the bridge contin-
ued. Such intuition may help the government and policymakers with early prediction of public
reaction to their action in the development sector.

According to the data, people are more likely to comment on negative news compared to

positive and neutral. There is a repetitive pattern found among the commentators. The pattern
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4.6 Summary

shows that most of the users come back to share their opinions on the portal. These frequent
users mostly share their opinions on negative news data. The pattern of temporal analysis also
reveals that the news and comments sentiments are mostly bipolar. Thus, the number of neural

sentiments compared to positive and negative sentiments is negligible.

4.6 Summary

Through descriptive and statistical analysis, we now have some idea about our data and its
properties. This intuition may later guide us to focus on significant features. The temporal
analysis represents that public sentiment changes over time based on some triggering event or
topic. However, people tend to show positive sentiment more compared to negative and neutral
sentiment in the news videos. Some users frequently comment on the news and are more likely

to comment negatively.
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Chapter 5

Conclusion and Future Work

5.1 Conclusion

To conclude, the analysis successfully linked specific occurrences to changes in sentiment, high-
lighting the interconnectedness between real-world events and public perception.

The study proposes a dataset containing public comments on published Bengali news from
2017 to 2023. The dataset contains a total of 8 features for each news sample. For sentiment
polarity annotation, after implementing different machine learning and large language models
(LLMs) and comparing the results, an optimal model for sentiment analysis for news data has
been proposed.

The study exhibits notable temporal patterns in public sentiment over the specified time
frame. Two topics have been focused on discussing the temporal pattern of the data (Padma
Bridhe and Bangladesh). Events were identified as significant triggers for shifts in public senti-
ment for the news regarding these topics. Another four topic-based sentiment temporal pattern
is depicted.

Visualizations, such as time series plots and heatmaps, were utilized to effectively commu-
nicate temporal patterns and the impact of events on sentiment. These visual aids enhance
interpretability and facilitate a clearer understanding of the results. For any transition point
of the polarity, we can further investigate the news topic to answer the reason for sentiment
change.

In summary, the analysis not only identified an effective model for sentiment analysis but also
uncovered temporal patterns and event-driven sentiment changes in the news dataset. These
findings contribute to a deeper understanding to provide valuable insights for future research,

decision-making, and applications in sentiment analysis for a time range.
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5.2 Future Work

5.2 Future Work

The incorporation of temporal patterns and event-driven sentiment changes adds depth to the
understanding of public sentiment dynamics over the specified time frame. Having a better
intuition regarding the fluctuations is required for gaining insights into how sentiment evolves
over time. Specifying the nature of these patterns - whether sentiment changes were gradual,
sudden, or periodic, can lead to further areas of research.

In the future, we plan to create a recommendation model based on the dataset to predict
whether a particular user will react to a specific news or not. Predicting the plausible reaction

to news data is also on our list.
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