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Abstract: Text analytics are well-known in the modern era for extracting information and patterns
from text. However, no study has attempted to illustrate the pattern and priorities of newspaper
headlines in Bangladesh using a combination of text analytics techniques. The purpose of this paper
is to examine the pattern of words that appeared on the front page of a well-known daily English
newspaper in Bangladesh, The Daily Star, in 2018 and 2019. The elucidation of that era’s possible
social and political context was also attempted using word patterns. The study employs three
widely used and contemporary text mining techniques: word clouds, sentiment analysis, and cluster
analysis. The word cloud reveals that election, kill, cricket, and Rohingya-related terms appeared
more than 60 times in 2018, whereas BNP, poll, kill, AL, and Khaleda appeared more than 80 times
in 2019. These indicated the country’s passion for cricket, political turmoil, and Rohingya-related
issues. Furthermore, sentiment analysis reveals that words of fear and negative emotions appeared
more than 600 times, whereas anger, anticipation, sadness, trust, and positive-type emotions came
up more than 400 times in both years. Finally, the clustering method demonstrates that election,
politics, deaths, digital security act, Rohingya, and cricket-related words exhibit similarity and belong
to a similar group in 2019, whereas rape, deaths, road, and fire-related words clustered in 2018
alongside a similar-appearing group. In general, this analysis demonstrates how vividly the text
mining approach depicts Bangladesh’s social, political, and law-and-order situation, particularly
during election season and the country’s cricket craze, and also validates the significance of the
text mining approach to understanding the overall view of a country during a particular time in an
efficient manner.

Keywords: newspaper; headlines pattern and context; word cloud; cluster analysis; sentiment
analysis; Bangladesh

1. Introduction

Text mining is a technique for extracting information from text by recognizing patterns
and trends. The term text mining, text analytics, or text analysis refers to the process of
retrieving information through lexical resources, tagging or annotation, and techniques
such as association, visualization, and prediction. After successfully developing basic
natural language processing (NLP) in the 1960s, different adoptions of techniques such
as dimension reduction, latent factor identification, and database text processing have
contributed to the flourishing of the new era of information retrieval. Moreover, the topic
model or latent semantic analysis and machine learning algorithms seemingly gave a more
substantial base after the 1990s—sentiment analysis and opinion mining methods have
emerged from analysing the sentiment of humans from text, which enthrals intellectual
fields including computer science, statistics, linguistics, and social science. Additionally,
a successful implication for the analysis of journals, social network services, and online
customer reviews, along with email filtering, product suggestions, fraud detection, search
engines, and bankruptcy predictions, has increased its significance in all aspects [1–7].
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Interestingly, a distinct feature of elucidating the insights of text makes the text mining
procedure more convenient. The term word cloud is derived from the word tag cloud, firstly
used by the community-oriented website Flickr, which uses several techniques, including
text shortening (a most crucial feature of tag clouds) and visualization [8]. Indeed, the
word cloud cannot give an accurate statistical summary and/or the context, emotion, and
linguistic knowledge, but it elicits the overall concept of the text [4]. Several advanced
methodologies of word cloud data handling have emerged in the last two decades, such
as Kaser and Lemire’s rectangular form to reduce and balance the white space [9], Seifert
et al.’s (2014) polygon type layout for space-filling word clouds, along with Wordle, Tagul,
and Taxedo [10]. For instance, ConcentriCloud uses a concentric design to implement a
simple layout over the data; nevertheless, several layouts need to be allotted the weighted
words and assigned the word-by-word relationships [11].

Another imperative method of analysing the emotions of humans from text is senti-
ment analysis—a procedure of detecting or defining eight primary emotions of humans
and animals, including anger, fear, sadness, disgust, surprise, anticipation, trust, and joy
emotions (defined by the eminent psychologist Robert Plutchik) through words. In addi-
tion to emotional states, another straightforward approach is the polarity of a document,
which develops the method of detecting polarity, particularly positive and negative expli-
cation, through distinct algorithms [12–14]. Moreover, the adaptation of this analysis led
businesses to accumulate people’s opinions to determine their following business policy
and political parties to manipulate people through election strategies, newspapers, Twitter,
Facebook, and blogs, along with the application to novels, movie reviews, and product
reviews [15–17]. Similar to the word cloud, sentiment analysis concedes constraints, such
as the number of data sets, measurements, distinct meanings for identical text, different
languages, shortcut words written by the author, typing mistakes, and the rhetoric of
writing [1,12,18]. However, besides these problems, sentiment analyses are still recognized
as one of the most precise techniques to analyse texts in terms of emotion, where lexicon-
based analysis techniques are primarily used [13]. Correspondingly, cluster analysis is an
unsupervised machine learning technique of classifying or grouping the text or documents
through distance or similarity-based algorithms. The reduction of dimensionality of a mas-
sive document may include millions of words through clustering by having a meaningful
and interpretable number of similar groups or clusters that may occur naturally in the
data. However, a significant improvement of text mining models has been observed in the
recent past with the intense use of modern supervised and unsupervised machine learning
algorithms, especially for the high dimensional setting of data [19]. For instance, NLP
frameworks for online opinion mining based on GA and ontology [20], a prediction model
for creativity education using clustering methods based on discussion and records [21], and
forums hotspot detection and forecast through a newly developed mixed unsupervised
machine learning-based text mining and sentiment technique [22] have been observed in
the literature.

Moreover, in many cases, social scientists rely on conventional qualitative research
techniques, e.g., FGD, interviews, and others. Most of these cases also depend on few
respondents because of constraints, including money, time, and others. However, several
social researchers adopt this cutting-edge technology to find the social pattern, sometimes
as an alternative or mixed with conventional qualitative methods [23–27].

2. Related Work

Electronic and press media have increasingly usurped newspapers as the primary
source of news for the general public. Additionally, they are occasionally referred to as
a society’s mirror. One can obtain an overview of the entire country at any particular
era by simply reading a few pages or headlines of a newspaper. Summarizing various
reports on several subject matter occurrences helps news readers to quickly browse through
news topics. Since readers tend to follow events, keywords, and subjects, presentation
and identification are significantly implied techniques for all news. By synthesizing large
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bodies of newspaper text information into summaries, a proliferation of studies has been
seen that have employed both long-form and unstructured newspaper data with social
media, such as Twitter and Tumblr, to retrieve the opinion of the general public [16,22,28].

In addition, new technologies of automatic identification, especially in the fields of
online finance and health, economic news article mining for understanding the economic
consequences of Turkey [29], empirical financial modelling and decision making [28–30] in
order to predict and recommend stock market trades [30–33], and risk management [34]
have also been seen in the literature. In addition, consumer general and brand senti-
ment [35–37] and the economic impact of product reviews [38] have also been studied to
understand, predict, and make decisions for furthering business strategy through a text
mining approach [39]. Moreover, the study of media coverage in times of political crisis,
along with measuring online political dialogue [33,40] and ethnographic assessment [26],
is also found in the literature.

In Bangladesh, as in many other countries, most of the text mining approaches are
primarily built for the language English. However, researchers are currently trying to
build their own corpus and sentiment using modern machine learning and deep learning
techniques; for instance, a group of scholars recently proposed an algorithm for Multiclass
classification of Bangla Newspaper tag using level data augmentation [41]. Similarly,
several proposed algorithms for Bangla newspaper sentiment analysis have been seen in the
literature, including Supervised Machine Learning with Extended Lexicon Dictionary [42],
Support Vector Machine (SVM) and Logistic Regression [41,43], Long Short-Term Memory
(LSTM) Recurrent Neural Network [44]. Moreover, analyzing cricket supporter sentiment,
online shopping reviews (Ismail Siddiqi) [45], microblog posts [46], movie reviews [12],
E-commerce business [47] sentiment through text mining approaches have been seen in
the literature.

Nevertheless, a recent review revealed that most sentiment analysis-based research
analyzes social media and microblogging sites and are based on the use of lexicons [13].
Conventional qualitative analysis, such as thematic, discourse and content analysis of
agriculture news [48], crime monitoring [49], and extrajudicial execution [50], have also
been observed in some academic studies. The text mining of English newspaper editorials,
in particular, the daily English newspaper, The Daily Star, over the period 1 January 2018 to
30 June 2018 [51], use only the word cloud and frequency distribution by expressing the
graphs—not others manuals of text mining including sentiment and cluster analysis.

However, most Bangladeshi text mining-related studies propose their own algorithm
or analyze it through a particular frequency, sentiment, or classification method. Fur-
thermore, to the best of our knowledge, no study involved word cloud, sentiment, and
cluster analysis combined to find the patterns and overview of the news and link it with
the social and political context. Most of them focus only on the Bangla newspaper and
short-period data. At the same time, a study finds that English newspapers’ enormous
impact and readability with a short circulation [52] set the significance of analyzing English
newspapers. Moreover, social scientists can also adopt this study as an example of modern
technological advancement as no study has been found in Bangladesh where these methods
are used in their analysis, to the best of our knowledge. Therefore, this paper attempts
to explore the newspaper headlines with the help of text analytics techniques to find the
pattern of the word and link them with the social context of that time. The word cloud,
alongside sentiment and cluster analysis have been implemented to find the most frequent
words used, emotion base (positive or negative), and similar words in the headline and
then visualizes this data to create a supposition about the overall situation of Bangladesh
over the last two years.

3. Materials and Methods
3.1. Data Preparation

This paper focuses on the writing of newspaper front-page headlines for Bangladesh’s
most popular daily English newspaper, The Daily Star, as front-page headlines of the
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newspaper contain vital issues. The texts were collected manually for two years, from
1 January 2018 to 31 December 2019, from the newspaper’s official website (www.thedailystar.
net, accessed on 11 July 2020) [53]. Then, the data were pre-processed and analyzed using
several R-packages for text mining, as detailed in the following section.

3.2. Methods

Text mining is a process that has been making our daily life smoother by using various
methods of it through deciding on the text of related objective. The most prominent
methods of text mining are word cloud and sentiment analysis. The following flowchart
exhibit the popular text mining process (Figure 1).

Figure 1. Overview of Text Mining, Source [50].

Essentially, text pre-processing operates on the raw text and removes superfluous
information. Tokenization, standardization, and cleansing and stop word removal and
stemming or lemmatization constitute the pre-processing stage. The procedure is critical
in gathering information and simplifying it. Typically, the preposition, URL, numbers,
conjunction, and other superfluous elements that have no bearing on the sentence are
omitted. The following diagram depicts the pre-processing of text data, which is the most
critical step before beginning any text analytics procedure (Figure 2).

3.2.1. Word Cloud

Word clouds or tag clouds are a type of text data visualization technique that conveys
a concept about a subject through the visual representation of words and being an effective
technique for analysis, survey, and the collection of written opinions, among other things.
Among the other methods for visualizing text data in a graphical format, the word cloud
is the most beneficial and straightforward process; not only does a word cloud represent
an image of some words, but it also represents something other than the word [1,54,55].
Generally, the term “cloud” has been used to refer to the initial stage of a text document’s
analysis. Therefore, the frequency of words is the primary consideration when categorizing
or visualizing a word cloud.

www.thedailystar.net
www.thedailystar.net
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Figure 2. The Text Data Preprocessing, Source [1].

This study used the R package ‘quanteda’ to pre-process the data after importing
the texts, particularly for word cloud and frequency visualization [56]. After removing
numbers, punctuation, symbols and hyphens, a lower-case conversion of tokens has been
performed with the application of the stemmer. Quanteda, on the other contrary, can
automatically use a wrapper for a specified stemming algorithm, such as Martin Porter’s.
The matrix conversion of the pre-processed data, on the other hand, has been used to apply
the subsequent methods. Furthermore, the same package has visualized the word that
appeared more than 40 times using a bar chart. The R package ‘wordcloud2’ has been used
in our analysis [57]. We use a circular shape cloud with the size of 0.5.

3.2.2. Sentiment Analysis

When a human peruses a text, sentiment analysis assists in analyzing the human
emotion in order to determine its polarity. However, the author of this article follows
the tidy text procedure by utilizing a sentiment lexicon and visualization as described in
Julie Siege’s famous book on the tidy text procedure [18]. The ‘tidytext’ [58] package in R
includes several methods and dictionaries for detecting the presence of defined opinion or
emotion in the text by utilizing a sentiment lexicon. In contrast, unigram-based lexicons
split lexicons into three categories: AFINN, BING, and NRC [18]. Each of these lexicons
has a unique feature for analyzing the output. AFINN is the smallest lexicon developed by
Finn Arup Nielsen; It contains 2476 English words with valance scores ranging from minus
five to five [59]. On the other hand, Bing is the world’s most extensive lexicon, developed
by Bind Liu and collaborators. It contains 6788 English words and words with a score
of −1 for negative words and +1 for each word. In contrast, NRC is a critical lexicon for
various aspects of human sentiment and can significantly impact analysis. Moreover, Saif
Mohammad and Peter Tumey classified the NRC lexicon through 6468 words as positive
or negative, anger, anticipation, disgust, fear, joy, sadness, surprise, and trust [36,60].

The analysis made use of several R packages (dplyr, ggplot2, tidyr, and textdata) [61–64]
as well as the core package ‘tidytext.’ Initially, the raw data were converted to tidy text,
and then the NRC lexicon was applied to the data, resulting in a bar chart of about ten
specified emotions for each different year. Additionally, the Bing lexicon was used in this
study because it contains the most significant number of containable English words. After
applying the BING algorithm to the tidy approach, the most frequently occurring positive
and negative words were visualized.



Information 2021, 12, 414 6 of 15

3.2.3. Cluster Analysis

In-text analytics and clustering can be accomplished using two popular terms: term-
document matrix (TDM) or document-term matrix (DTM). The distance and similarity
between terms or documents are typically calculated. However, the procedure is primarily
implemented as a clustering concept similar to the multivariate statistical tool or data
mining concept. Since text analytics utilizes conventional hierarchical clustering techniques,
the technical procedures have not been discussed in detail. Readers are recommended to
consult the referred book for a more comprehensive and concise review of the clustering
methodology [1,18].

Similar to the sentiment analysis, the cluster analysis was implemented using several
supporting R packages, including cluster, fpc, tm, clue, dbscan, skmeans, proxy, and
colorspace [65–71]. Pre-processing the data entails creating a corpus of the data by removing
punctuation, numbers, and other unnecessary elements. Then, following creating of a
vector space, a matrix of the final data is created following creating a term-document matrix
and removing sparse terms. However, the clusters were visualized after calculating the
normalized distance using the hierarchical clustering method ‘ward.D2′. These specific
methods were chosen due to their efficacy in visualizing graphs following a trial of all
other methods.

The entire procedure of the analysis and methods have illustrated in Figure 3.

Figure 3. Flowchart of the working procedure.

4. Results

After pre-processing and generating a bag of words, the word cloud was applied
because its appearance aids in the precise analysis and word size, position, and boldness.
Apart from the visual representation of the word cloud, the top 15 words that appeared
more than 40 times were represented by a bar diagram, even though both the bar and word
cloud serve the same purpose. For example, in 2018, the “BNP, Awami League (AL), Kill,
Rohingya, Khaleda, Tigers, case, bank, government, and attack” were the most frequently
mentioned terms (Figure 4a,c). In comparison, the most frequently published front-page
title words in 2019 were “Kill, Rohingya, Murder, Tiger, PM, Road, Dhaka, Dengue, Rape,
and other” related terms (Figure 4b,d).
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Figure 4. Bar diagram of most frequent words (2019 (a) and 2018 (b) bar diagram and 2019 (c) and 2018 (d) word cloud).

The findings presented in word cloud signifying the country’s cricket craziness, po-
litical turmoil, and Rohingya-related issues. In general, this analysis demonstrates how
vividly the text mining approach depicts Bangladesh’s social, political, and law-and-order
situation, particularly during election season and the country’s cricket craze, and also
validates the significance of the text mining approach to help understand the overall view
of a country during a particular time, in efficient manner.

Additionally, sentiment analysis utilizes the NRC lexicon to express emotions, such
as anger, anticipation, disgust, fear, joy, sadness, surprise, trust, positive, and negative.
Negative, positive, and fearful sentiments ranked highest in both years, while Anger, Sad-
ness, Trust, Anticipation, and Disguised sentiments ranked second in 2018. In comparison,
the type words Trust, Anger, Sadness, Anticipation, and Joy appeared in the year 2019
(Figure 5a,b). The BING lexicon was used to represent two different group sentiments for
words, e.g., positive and negative. In general, positive words outnumbered negative words
in 2018. However, among the positive words, “win, freedom, top, fresh, support, and
safe” appear to have been the most frequently used in 2019. On the other hand, the terms
“top, free, unity, win, reform, freedom, trust, fair, support, and safe” appear to be the most
frequently used positive terms. In comparison, the most frequent negative words in 2018
were “killed, death, crisis, crash, attack, and concern”, whereas the most frequent negative
words in 2019 were “killed or killing or kills, murder, rape and raped, death, attack or
attacks, dead, and graft” (Figure 5c,d).

However, by grouping the words and calculating their similarity using a clustering
algorithm, one can gain additional insight into the appeared words. The Wards method
of hierarchical clustering was used and produced some exciting results for both years in
order to determine the similarities and roots of the words. In 2018, election-related terms
such as “oikyafront, election, Khaleda, BNP, polls, killed, bail, case, and police” were also
the most similar (Figure 6 (top)). In comparison, terms such as “assault, cops or police, city,
and rape; fire and death; dengue and new; and road, and murder; government, poll, killed,
tigers” exhibit the most significant similarity in 2019 (Figure 6 (bottom)).
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Figure 5. Sentiment Analysis in emotions (left panel, 2019 (a) and 2018 (b)) and words of sentiment (right panel, 2019 (c)
and 2018 (d)).

Figure 6. Clustering of the Headlines of Two Years.
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5. Discussion

After extracting text from Bangladesh’s daily newspaper headlines, The Daily Star,
the data was pre-processed to create a bag of words. Then, the discussed word cloud,
sentiment analysis, and clustering methods were used to determine the most frequently
occurring words, the sentiments associated with the appeared words, and clusters or
similarities between the words, respectively. The bar diagram and word cloud indicate
that the most frequently used terms in 2018 were Awami League (AL), Rohingya, Kill, BNP,
Poll, Khaleda, Tigers, case, and bank. Furthermore, the most frequently used words in
2019 were Tiger, PM, Road, Dhaka, Dengue, Kill, Rohingya, Murder, and Rape. As 2018
was Bangladesh’s national election year, the political terms BNP (Bangladesh Nationalist
Party), Awami League (AL), Khaleda (BNP Chairperson), and Poll have appeared most
frequently in newspapers. The terms Rohingya and Kill may appear in reference to the
Myanmar ethnic cleaning issue and migration of Rohingyas. Additionally, the term “Tiger”
may appear due to the burgeoning popularity and excitement surrounding cricket in the
country. In comparison, Kill, Murder, Rohingya, and Tiger may reappear for the same
reason they did in 2018.

Newspapers and social media have always been significant sources of information
about political and social issues, and their impact is magnified during times of political
crisis; for example, the Cambridge Analytica controversy is widely known throughout the
world [72,73]. Studies are being conducted to ascertain the impact of newspaper political
crises and online political debates [26,33,40]. However, only one study, specifically for
Bangladesh, attempts to comprehend the editorial of the same English newspaper, which
did not elaborate on the reason for the word’s frequency, to the best of our knowledge [51].
However, the appearance of the word Dengue may indicate that dengue fever is flourishing
during the mild months of the year, and Rape may come forward due to some immoral
rape incidents throughout the year. Finally, the word Road may appear due to an internal
road accident or construction issues, as Bangladesh is one of the most dangerous countries
in South Asia [74–76], and the word Dhaka may indicate the capital’s importance in
various issues.

On the other hand, using the BING lexicon, the tidy approach of sentiment analysis
defined the topmost positive and negative words, whereas NRC defined the emotion. The
visualization used the top fifteen words that contribute to newspaper front-page headlines’
positive and negative sentiment. Similarly, in both years, the most prevalent sentiments
were Negative, Positive, and Fear. As mentioned previously, the political crisis dominated
both years. This may explain why negative and fear-based emotions rank first while
positive words rank similarly. Additionally, sentiment analysis using a tidy process reveals
that writers frequently use the most hurtful words in headlines, including Killed, Murder,
Death, Attack, Crisis, Graft, Dead, Raped, Terror, Illegal, and Attack. This term may
elucidate the period’s crisis, as elections have historically been a bad time for Bangladesh,
dating all the way back to the country’s independence. Furthermore, these words reflect
the state of the country’s law and order at the time.

In addition, positive words such as Top, Fresh, Support, Safe, Win, Freedom, and
others appear to be more prevalent in 2019, whereas negative words appear to be much
less prevalent in 2018 than in 2019. Similar terms such as Top, Free, Unity, Reform,
Liberty, Trust, Fair, Support, Safe, Additionally, Prepared, appear to be prevalent in both
years. However, negative terms such as killed, death, crisis, crash, attack, and concern
appear to have appeared more frequently in 2018. Newspaper and social media sentiment
analysis is relatively common in studies. For example, Zulfadzli Drus’s study elucidates
24 related research findings and applications toward text analysis and pattern discovery
in a variety of fields, including community development, airport service, threat and fear,
business performance, depression level, security, employment, food habits, stock price, and
government election, among others [13]. Other studies are also conducted to ascertain a
variety of social, political, and business issues. However, while the majority of Bangladeshi
newspaper-related studies attempt to provide an algorithm or method for extracting
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Bengali newspapers, only two studies have been identified where one attempts to identify
patterns of crime according to time and location, and the other proposes a new method for
precisely understanding positive and negative news. Thus, our study is unique because it
elucidates emotion using well-validated lexicons and attempts to develop a rationale for
the analysis results.

Clustering was completely absent from the literature for Bangladeshi articles, even
though classification and machine learning models are widely used in international com-
petitions. Additionally, one of our objectives was to determine the pattern of words and
their sentiment and frequency. However, the cluster dendrogram illustrates the same thing
as the word cloud and sentiment analysis discussed previously. Notably, in 2018, the
dendrogram demonstrated the highest degree of similarity between the terms Oikyafront
(Political parties’ collaboration) and Election. The following similar terms also appeared:
Khaleda, Bail, Case, and Police.

Furthermore, BNP, Polls, and, Murder appeared to be most similar, as 2018 was
Bangladesh’s election year. These facts corroborate the election-related issues, and political
crises described previously. However, the Rohingya issue and the digital security act
appear to be synonymous, as Bangladesh is currently facing a massive refugee crisis
following ethnic cleansing in Myanmar. The year 2019 was fraught with controversy, as the
dendrogram words Attack, Cops or Police, City, and Rape demonstrate. Alternatively, fire
and death occurred in the same group, indicating a high rate of fire accidents. However,
dengue fever was the hot topic in 2019, with new cases reported daily in the newspaper,
as reflected in the dendrogram. Rohingya issues were given similar prominence to those
in 2018, as they appear to be in a similar cluster. In addition, road accidents and poll-
related deaths appeared to be occurring concurrently, as shown in the dendrogram for 2018.
Finally, this analysis initially tries to bridge three distinct text analytics techniques to find
the pattern and in-depth view of the words, which also linked and discussed with the social
and political context of that time. This research can also be an example of capturing an
overall summary of a particular time period of a country. Social scientists can also use these
techniques to identify the social norms and adopt their research along with conventional
research techniques, including interviews, FGD, and others.

6. Conclusions

Text analytics is a growing field that aims to improve people’s perceptions of various
issues by revealing important hidden information and patterns in text. The rapid growth
of natural language processing models and implementations enables the prediction, clas-
sification, and identification of real-time information [77]. This research uncovered the
pattern and similarity of words on the front page of Bangladesh’s The Daily Star newspaper
over the last two years. The texts were pre-processed using one of the numerous pre-
processing and text mining packages available in R. However, among the methods used,
the word cloud technique was used to determine the most informative word, indicating
that Election, Politics, Cricket, and Rohingya-related terms appeared most frequently in
2018. In comparison, PM, Rohingya, Deaths, Road, Rape, Tiger, Dengue, Poll, and Kill
were the most frequently used terms in 2019. The mutual or frequent occurrence of the
terms Tiger, Poll, and Rohingya may indicate that in addition to cricket craziness, political
and Rohingya-related issues dominated the front page.

On the other hand, using the tidy approach, sentiment analysis was used to determine
the most positive and negative words. It reveals that, among other emotions, words
associated with Negative, Positive, and Fear emotions were most frequently used in both
years. Apart from the preceding, the words “Anger” and “Sadness” ranked second and
third, respectively, in 2019. Additionally, trust and anger-related terms ranked second and
third, respectively, in 2018. Finally, the clustering methods illustrate similar groups based
on the word’s distance, indicating that Election, Politics, Deaths, the digital security act,
Rohingya, and cricket-related terms shared similarities in 2018. The similarity of the rape,
death, road and fire-related word groups added in 2019 complements the 2018 group.
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However, this study vividly depicts Bangladesh’s social, political, and law-and-order
situation, particularly during election time. Interestingly, the refugee crisis and other issues
are brought up, demonstrating the similarity. Moreover, social science researchers can
also use these methods of analysis as an alternative and adopt them into their qualitative
research as it portrays a lucid view of society at a particular time. However, there is
scope for applying classifications, models, and a newly proposed algorithm to newspaper
text analysis. Additionally, researchers can also use the Bengali newspaper sentiment
and text processes. The comments on social media and the online version of the news
can be used to analyze and cross-validate the conspicuous pattern of people’s views and
newspaper sentiment in the future. Moreover, more years and texts can also be considered
in further study.
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Abbreviations

AL Awami League

AFINN
Lexicon assigns words with a score that runs between −5 and 5, with negative scores
indicating negative sentiment and positive scores indicating positive sentiment

BING Lexicon categorizes words in a binary fashion into positive and negative categories
BNP Bangladesh Nationalist Party
DTM Document-Term Matrix

NRC
Lexicon categorizes words in a binary fashion (“yes”/“no”) into categories of positive,
negative, anger, anticipation, disgust, fear, joy, sadness, surprise, and trust

PM Prime Minister

R
Is a programming language and free software environment for statistical computing
and graphics supported by the R Foundation for Statistical Computing

URL Uniform Resource Locator
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