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Abstract

Afghanistan has witnessed increasing polarization in the online public discourse in the post-
2021 period, highlighting a widening division of perception over critical social and political
issues. This research explores the evolving socio-political polarization trends and aims to
analyze and categorize Twitter conversations using keyword frequency analysis, clustering
algorithms, and trend analysis over time. We use topic modeling in Natural Language
Processing (NLP) with Machine Learning (ML) to analyze positive and negative sentiments
across predefined themes such as governance, gender, social justice, terrorism/security, and
culture. The study reveals significant shifts in the focus of Twitter conversations with varying
emphasis on different themes and the interrelation of discussions over time intervals from 15
August 2021 to 9 May 2023. As the first study to pinpoint central issues in Afghanistan’s public
discourse and polarization trends in the online public sphere, this study highlights key trends
and thematic clusters. It offers a timely contribution to understanding the complex dynamics
of political discourse in Afghanistan.
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1. Introduction

Afghanistan’s fragmented social structure and political culture, in the words of Almond and
Verba, has been embedded in its sub-cultures of fragmentation, producing an inbuilt conflict
[Almond and Verba, 1956]. Identity politics and persistent traditionalism have been the two
major forces of continuity and change in Afghanistan’s society and politics that have shaped
inter-ethnic and state-society relations. Throughout its modern history, politics of domination
and subjugation, coupled with endemic injustices, inequalities, and discrimination, have
resulted in the activation of ethnic boundaries and their political mobilization. Over four
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decades of continued conflict and violence have deepened the social divides and aggravation
of grievances, resulting in increasing polarization across the social and political spectrum. In
addition, urban-rural divides and relentless conflict of traditionalist forces with modernization
and progressive social change have been an inbuilt feature of Afghan society, causing value
polarization.

The rise of radical Islamism in the aftermath of the Soviet invasion gave rise to extremism that,
to a certain degree, underpins the tribal social structure and traditional rural layers of society.
Value polarization in issues such as women's rights and their access to education and
employment have been at the core of social and political contentions, which Sima Samar, a
well-known human rights activist, called the ‘politicization of women’ [Samar, 2019]. The
coupling of identity politics and Islamic radicalism has been the major underlying factor in
successive failures of state-building and nation-building, resulting in political discontinuity.

In the post-2001 period, the democratization and peacebuilding processes initiated by the Bonn
Agreement facilitated the establishment of a more inclusive constitutional political order. The
introduction of democratic values and norms highlighted issues of human rights, justice, and
particularly women's rights, contributing to a more constructive political culture that
transcended ethnolinguistic divisions. However, the failure to decouple Pashtun
ethnonationalism from Islamic radicalism hindered efforts to overcome historical challenges
and implement effective constitutional nation-building based on shared values and a
democratic civic culture.

The collapse of the republican government on August 15, 2021, and the return of the Taliban
to power had a profoundly regressive impact on the country’s society and politics. The
Taliban’s ethnonationalism and Islamic radicalism, manifested in their exclusive and
repressive rule, caused a cataclysmic shift in public discourse and precipitated a new wave of
increasing affective polarization. The imposition of strict, self-interpreted Sharia law and the
termination of the 2004 Constitution has been followed by a crackdown on media, freedom of
expression, and associations, along with the banning of political parties and the imposition of
gender apartheid. This sudden alteration of values and norms in political culture has prompted
a significant contextual change, dictated a reconfiguration of public opinion and public
discourse, and necessitated a reexamination of issues that were once considered normal and
crosscutting values. New patterns of contention and confrontation over such topics have
emerged, leading to increasing polarization in Afghanistan’s society and politics.

Given the unprecedented restrictions on freedom of expression in Afghanistan, social media
has gained more importance in reflecting and amplifying social and political divisions. Social
media platforms, especially Twitter, have become the main battleground of opinion and ideas
for various Afghan political groups and civic activists. However, access to the internet in
Afghanistan is limited, at about 22.9 percent [Internet World Stats, 2023], and only 5.4 million
people have accounts on social media platforms [StatCounter, 2022; ITU, 2022]. Despite these
limitations, social media significantly shapes public opinion and drives polarization over
critical issues. Facebook has been the leading platform, with over 4.4 million users [Kemp,
2023], but due to restrictions on Taliban accounts, Twitter has become the main battleground
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for all parties upholding opposing ideas and conflicting values. Klinger aptly argued that social
media are not suitable platforms for rational discourse, and if a society’s political
communication is shifted to social media, one should expect some collateral effect [Klinger,
2021].

As society and politics in Afghanistan remain mired in ethnic politics, politicization of issues
pertaining to human rights, and women's rights, active sub-cultures of fragmentation are
increasingly generating divisive online content. For example, top-trending hashtags such as
#LetHerLearn, #LetHerWork, #StopHazaraGenocide, #FreeAfghanistan, #United Afghanistan,
#BanTaliban, #StandWithNRF, #TalibanAreTerrorists, #Peace, #DoNotRecognizeTaliban,
etc., manifest a shift in the public discourse and a tense polarization in online conversations.
Before the Taliban's return to power, public conversations such as #LetHerLearn indicating a
campaign for girls' education would not have been a serious concern or part of the public debate,
in the absence of hindering factors. Noting the increasing polarization and grasping the
emerging shift in public discourse, this study attempts to explain polarization in political
discourse at the intersection of ethnic politics and radicalism. We examine five themes—
governance, gender, social justice, terrorism/security, and culture—highlighted in the most
popular hashtags shared between August 2021 and May 2023.

2. Literature Review

Studying affective polarization, divisive online content and behavior, as well as their
sociopolitical implications, has gained increasing importance in recent years. Affective
polarization refers to an individual’s emotional attachment and identification with a particular
identity, including ethnicity, ideology, or political party, giving rise to favoritism, mistrust, and
bias [Druckman, 2019]. While issue-based or opinion-based polarization is a constructive and
integral part of democratic deliberation and an essential component of a vibrant and dynamic
society [Wafayezada, unpacking], affective polarization evolves into a sharp in-group and out-
group division, where individuals dislike and distrust members of another identity group
[lyengar, 2019]. In deeply divided societies, plagued with politicization of identities and social
cleavages, ample grounds of discontent and conflict exist, and therefore, opinion-based
polarization can metamorphose into affective polarization. Lack of trust in political institutions
or the existence of injustices, horizontal inequalities, and discrimination precipitate divisive
expression and practices. Social media platforms, providing more personalized features and
affordances, contribute to translating the divisions into affective polarization in the online
public sphere.

Online divisive content and resulting affective polarization do not happen in a vacuum or in
isolation from the social and political context in the physical world. As Schwab [Schwab, 2017]
argued, the digital and physical domains are connected, and a meaningful interaction exists
between the online and offline domains. The expansion of online platforms and internet-based
communications has resulted in the emergence of “virtual communities” [Rheingold, 1991], a
term that gained currency in the early stages of internet use [Miller, 2020; Porter, 2004], which
denotes a certain networking and interaction pattern in the virtual sphere as an extension of the
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physical sphere, however, with virtual characteristics. Today, these virtual communities are an
integral part of public spheres, described by Habermas [Habermas, 2019], as an online sphere
for discussion and debate of often political and social issues. However, some scholars have
expressed concerns over the merger of virtual and real worlds [Putri, 2023]; there is a consensus
among scholars and politicians alike that online public spheres are a core component of the
political process in every country [Dahlgren, 2005].

In divided societies, online public opinion gets fragmented into ‘micro-publics’ or public
sphericules [Bradley, 2022], which are either emanating from real-world social polarization or
amplify those polarizing subjects by projecting them into the social context at large. An
important explanation that most of the scholarship on online affective polarization has focused
on is linked to ‘echo chambers,” where ‘opinions are isolated and reinforced’ [Garrett, 2009;
Colleoni, 2014], as well as homophilic patterns of communication [Tornberg, 2021; Figeac,
2023]. However, this approach to explaining online affective polarization has been challenged
by more recent sociopolitical literature, which argues that polarization is driven by ideological
partisanship and identity politics [Bright, 2018]. Some experimental studies suggest that
polarization is motivated by policy preference rather than identity [lyengar, 2012].
Nevertheless, in divided societies, where ethnic identity is salient and politically relevant,
ideological polarization shifts toward affective polarization, because power politics and
economic opportunities and redistribution systems are structured based on such identity
boundaries [Orr, 2023].

In addition, social media affordances, such as hashtag indexing, help amplify or signify certain
themes and topics, which, in the words of Bruns and Burgess, ‘aid in the formation of ad hoc
publics’ around these themes in the online public sphere [Bruns, 2015]. In this sense, Hashtags
represent action/policy priorities or political values of a group that are confronted by an
opposing hashtag, which Garimella and Weber called ‘hashtag polarization’ [Bruns, 2011].
Hashtags have been widely used to highlight issues of common concern, to draw focus and
attention, and to turn an issue into a trend. Weber et al. suggested Political Hashtag Trends
(PHT) to analyze political polarization [Garimella, 2017]. Another widely used method for the
analysis of political polarization and its underlying sentiments is a keyword-based approach.
In this method, commonly used words or a set of words on online platforms that are widely
debated are identified to analyze the surrounding conversations and their underpinning
sentiments [Putri, 2023].

Scholars have used different analytical and algorithmic approaches to analyze affective
polarization in online platforms. Yarchi et al. used a combination of discourse content
extraction with networked interactions analysis that would enable the tracking of changes in
both content and interactions over time [Weber, 2013]. Discourse and networks are closely
related in the online public sphere, where public discourses can be as diverse as the echo
chambers and homophily groups that constitute numerous mini-networks. An important aspect
of affective polarization analysis is its measurement within time and subject clusters. Different
methods have been applied to measure affective polarization. Sentiment analysis or opinion
mining is a method widely used in recent studies [Yarchi, 2020] for identification and
extraction of sentiments embedded in the text using natural language processing and text
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mining [Mao, 2024; Ignatow, 2016]. Sentiments can be extracted in simple positive/negative
forms [Wankhade, 2022], or on a Likert scale ranging from extremely negative to extremely
positive [Mentzer, 2020]. Generally, depending on the type of text and scope of the study,
sentiments can be analyzed more inclusively by capturing feelings in a more detailed manner,
such as surprise, trust, anticipation, anger, fear, sadness, disgust, joy [Bose, 2020], and other
expressible ways of passion and affection.

Agarwal and Mittal noted three main approaches to sentiment analysis: semantic orientation-
based approaches, knowledge-based approaches, and machine learning algorithms [Agarwal,
2016]. In the semantic approach, analysis is based on word-level sentiment scores that are
extracted from a large data corpus or existing lexicons [Agarwal, 2016]. The knowledge-based
approach is a concept-level approach to opinion mining and sentiment analysis that departs
from unstructured data and merely textual information to structured and machine-processable
data [Cambria, 2013]. Knowledge-based approaches leverage structured representations of
information, such as ontologies, taxonomies, and rule-based systems, and, therefore, are more
effective in handling complex sentences and domain-specific sentiment nuances. However,
some studies have used a combination of both approaches to maximize the efficiency of
analytical frameworks for sentiment analysis [Vizcarra, 2021]. In addition, machine learning
approaches have also turned into a commonly used method in sentiment analysis. The machine
learning approach relies on large datasets of labeled examples (i.e., text annotated with
sentiment) to train models. These models learn patterns and correlations between text features
and sentiment labels, in which accuracy is based on sufficient training data and proficient
annotation and labeling processes. An important merit of the machine-learning approach is its
adaptability to different domains and languages [Boiy, 2009].

Usually, researchers undergo a series of pre-processing steps to eliminate non-textual and
irrelevant data, feature extraction, and sentiment classification [Liu, 2020]. For languages with
substantial linguistic and technological resources, sentiment analysis can be done through
existing NLP tools based on pre-developed lexicons and libraries and smoother machine-
learning processes. However, for low-resource languages, this process is more complex and
usually requires supervised machine learning to capture the proximate polarity of sentiments
across units of text within large text corpora [lgnatow, 2016]. Therefore, developing
independent and contextualized topic modeling word lists and sentiment polarization datasets
can help overcome this challenge. Topic modeling is primarily a form of unsupervised machine
learning and a text-mining methodology for identifying topics in documents [Gupta, 2021].
However, scholars tend to use semi-supervised [McAuliffe, 2007] or supervised topic
modeling [Lu, 2008; Zhu, 2009; Sridhar, 2022] that combine elements of topic modeling with
supervised learning. In the study, as elaborated further in the methodology and resources, we
have adopted a hybrid approach, benefiting from the existing literature and considering the
challenges in conducting research in Farsi/Dari as a low-resource language. Our focus when
developing the topic modeling and polarization dataset was their capability to deal with the
correlation between topics and the changes in topics over time, as highlighted by VVayanski and
Kumar in their review of topic modeling methods [Vayanski, 2020].
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3. Resource and Data

The data was collected from the X social network using an API with the Tweepy library and
the Python programming language. The tweet collection focused on top trending hashtags
related to various topics, including education, women's rights, social justice, government,
security and terrorism, and culture, posted between August 2021 and May 2023. The
introduction of new restrictive policies by Twitter in data-sharing hindered our efforts to extend
the data collection period to mid-2024 in the absence of necessary financial resources. However,
the collected data in terms of time span and coverage of thematic variety was sufficient and
resulted in approximately 3.5 million tweets. The collected data was stored and filtered to
remove duplicates, reducing the dataset to 2,166,535 unique tweets.

3.1 Data Preprocessing

We performed data filtering on the collected tweets to remove extraneous information such as
URLs, external links, hashtags, mentions, and HTML tags. These elements were excluded
because they do not contribute to a comprehensive textual analysis. Duplicate tweets were also
removed to ensure the integrity and accuracy of the dataset.

3.2 Developing topics modeling Sets

A significant challenge for researchers working with low-resource languages like Dari is the
inadequacy of existing lexicons or datasets in capturing the full spectrum of slang and
expressions used to convey positive and negative sentiments. Furthermore, varying literacy
levels among online users lead to the frequent incorporation of local slang, unique expressions,
and the interchangeable use of Pashto and Dari within Afghanistan's bilingual online spaces.
To address these challenges, this study developed two distinct datasets: one for topic modeling
and another for polarity evaluation.

Our methodology for developing the dataset began by reviewing a random sample of at least
1,000 tweets in Farsi/Dari to ensure a comprehensive and representative analysis. Each tweet
was carefully read and analyzed, allowing us to identify five key thematic categories:
Governance, Gender, Social Justice, Terrorism/Security, and Culture. These categories were
selected based on their prevalence and relevance to the data, ensuring that they align with
critical socio-political issues in Farsi/Dari speaking regions.

After establishing the five categories, the next step involved a detailed analysis of the tweets.
By incorporating Llama3, we leveraged its capabilities to assist in categorizing the tweets.
Specifically, Llama3 was tasked with assigning words from the tweets into the relevant
categories—Governance, Gender, Social Justice, Terrorism/Security, and Culture—based on
the predefined categories.

Following categorization based on Llama3, we cleaned the developed dataset to ensure
accuracy. This process involved removing irrelevant or redundant information, such as tweet
replies that included descriptions or unrelated content. To ensure consistency and accuracy in
the annotation process, we developed a comprehensive set of instructions for the human
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annotators. These guidelines were carefully designed to cover all aspects of the five thematic
categories, ensuring that the annotators understood the nuances of each category. The
annotators were then tasked with verifying and refining the categorization by reviewing the set
of words or phrases for each category. This word set was constructed to reflect the dimensions
and subtleties of each category, ensuring that the dataset would effectively capture the thematic
content relevant to governance, gender, social justice, terrorism/security, and culture.

An overall 18,000 randomly picked tweets were used to create the word list in our topic
modeling for all five thematic categories. As depicted in Table 1 on sample words, the five
thematic categories in our topic modeling included a list of words from the user-generated data
and online discourse and were evaluated as relevant to each category by annotators.

Table 1: Sample words for thematic categories with Persian and English translations

Thematic Total English translation of the | Samples in Persian
Categories | word Samples language
list

Governance | 3005 Hegemony, executive, judiciary, | «-ulb cailbizad ¢ ol ja) ¢ gaa
policy, law-enforcement, | «mbs) o518 (Ol b ¢ I () 58
parliament, CoNStitution, | e si ¢ la) dlud calas el ) jia
regulations, order, corruption, | » «wsse (olkal (adlal
development, reform, obligatory, | ¢S = « 518
restriction, lawlessness, central

Gender 580 Women, rights, equality, right to | G~ «JS B ¢l p ¢ (L)
work, right to education, girls, | «isia «Jaand (Ol A3 ¢ ) gal
education,  sex,  paternalism, | Cuesse ¢s uie () eV led s
misogyny, deprivation

Social 3686 Apartheid, freedom, | «cslail bl (g2l 31 eali )

Justice humanitarian, fairness, justice, | ¢ ©la Culil @) Dl
ethnic groups, minorities, | « S alls (BgEs sl
equality, rights, OpPressor, | (sl casme caslla
oppressed, deprived, adjudication

Terrorism/ | 2170 Suicidal, explosion, murder, | «Slx) RIS ¢ ladil (g il

Security imprisoned, incident, missing, | «alda ¢ 558 «Cuial eldla cpals
security, Talib, terror, armed, | «ouls cole g ¢ 555 cxlua
force, intimidation, threatening, | i sl 68
police, security forces

Culture 3999 Farsi, Dari, Pashtu, Uzbeki, | ¢le «0b) ¢Sl ¢ sy ¢ o )l8

language, national, history, past,
cultural, heritage, dance, music,
singer, science

‘UAJ‘)EY‘GQAJA‘%‘@)U
B3 (Ol 3 5 gl e
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3.3 Polarization Dataset

To identify polarization in tweets and due to the lack of available sentiment analysis datasets
with binary labels, we developed a specialized sentiment dataset with two classes: positive and
negative.

Due to time constraints and limited human resources, we randomly selected a sample of 8,650
records for annotation. The annotation was conducted by two native Persian speakers, who
diligently classified each tweet as either positive or negative in sentiment. The dataset consists
of 4,771 negative and 3,879 positive labels, providing a balanced and reliable resource for
training and evaluating sentiment analysis models.

Table 2: Sample of the Sentences with Negative and Positive Sentiments

Sentiment | Original Sentence (Persian) English Translation
N1 :’;gj SRR S 68 A 52 05 | vesterday, Herati girls cried, but the
world only observed!
o Ll (g ab i S ke laa o o Wil | Here, the pains are not shared;
N2 oS a2 il eld ol Jds& 5 <l 4K | 'compatriot’ is just a word. And as that
Casl o 53 ye a2y poet said, here, everyone's pain is their
own concern.
O3y Sl Gl () 938 S JEndsd | Afghanistan s an  Islamic country.
b1 Lkl i 33 ol ol 8l 4t 5SSl | Tajiks, Pashtuns, Hazaras, Uzbeks, and
WS o8l s A 5 JE ) all ethnic groups are brothers. Please
prevent killing and bloodshed.
) sl Al 4 AL s la lam Gy o | One hand alone doesn't make a sound:;
P2 A0 S ) Cast s s 0 sl s 28a 5 | we must all stand together against these
savages and set aside prejudice.

4. Methodology

As explained above, we developed two datasets in this study: 1) the topic modeling dataset and
2) the polarization dataset. These datasets aid in thoroughly analyzing the data and capture
sentiments in Dari, a low-resource language with limited computational analysis studies. K-
means clustering was also utilized to categorize the user-generated data into thematic and time
clusters.

The topic model was used to analyze tweet data and extract keywords related to various topics.
Initially, raw tweet data was collected and carefully preprocessed to ensure accuracy and
consistency [Blei, 2003]. Using the topic model, keywords related to each category were
identified, and the occurrences of these keywords in each tweet were counted. This information
was added as new columns to the tweet data. The process involved defining appropriate
functions for counting keywords and using regular expressions to increase counting accuracy,
as Sasaki has aptly noted [Sakaki, 2010].
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K-Means Clustering

This study applied K-means clustering to analyze and categorize the tweets into different
clusters, as explained by [Pedregosa, 2011]. The process was as follows:

4.1.1.

4.1.2.

where:

4.1.3.

where:

4.1.4.

where:

Feature Selection: Columns related to the keyword counts for each category were
selected.
Data Standardization: The data was standardized to improve clustering.

X —
Z = s

g

Z is the standardized value

X is the original value

u is the mean of the data

o is the standard deviation of the data

K-Means Clustering: The standardized data was divided into 5 clusters using the K-
means algorithm.

MY )

k n
i=1j=1
] is the objective function

k is the number of clusters

n is the number of data points
x” i the jjj-th data point in the ii-th cluster
u; is the centroid of the iii-th cluster

Principal Component Analysis (PCA): To visualize the clusters, the data was reduced
to two principal components.

Z=XW

Z is the matrix of principal components
X is the standardized data matrix

W is the matrix of eigenvectors of the covariance matrix of X
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5. Data Analysis
5.1 Cluster Analysis of Social and Political Tweets

Table 3 displays the clustering outcomes of tweet data using the K-Means Clustering algorithm
and Principal Component Analysis (PCA). Each column represents a cluster, and the rows
show the mean, standard deviation, and count of tweets in each category (i.e., Governance,
Gender, Social Justice, Terrorism/Security, and Culture).

Table 3: Corrected Cluster Analysis Results

Category Metric | Cluster 0 | Clusterl | Cluster2 | Cluster3 | Clusterd
Count | 156,779 94,363 486,009 672,981 | 202,522
Mean | 10.96 12.99 5.45 1.97 9.17
Governance
Std 3.25 3.71 2.39 1.52 3.19
Mean | 3.23 7.61 2.76 1.06 5.91
Gender
Std 15 2.58 1.46 1.02 1.93
) . Mean | 9.04 13.47 5.27 2 9.27
Social Justice
Std 2.66 3.23 1.91 1.39 2.55
. . Mean | 7.2 7.59 2.82 1.04 3.72
Terrorism/Security
Std 2.12 281 1.53 1.05 1.62
Mean | 7.33 11.84 5.31 2.19 7.95
Culture
Std 2.77 3.38 2.37 1.53 2.85

Figure 1, resulting from PCA and K-Means clustering, shows the tweets divided into five
clusters. Each point in the graph represents a tweet, categorized into one of the clusters based
on the occurrence of different keywords. Different colors (blue, orange, green, red, and purple)
represent the five clusters. The horizontal axis (Principal Component 1) and the vertical axis
(Principal Component 2) represent the two principal components that best visualize our data.
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Figure 1: K-Means Clustering of Tweet Categories

® Cluster 0
Cluster 1
67 © Cluster 2
© Cluster 3
Cluster 4
4 -
(o]
e
(=
g
o 21
(=1
S ° )
V]
F
S 01
£
=
=8
_2 -
_4 .
T T T T T T T
—2.5 0.0 2.5 5.0 1.5 10.0 12.5

Principal Component 1

After segmenting user tweets into five clusters, it becomes evident that Cluster 3, which
contains the most data, records the lowest averages across various categories such as
Governance, Gender, Social Justice, Terrorism/Security, and Culture. This cluster engages in
expansive yet unfocused discussions, reflecting a broad discourse in which specific topics do
not receive intense focus. Such a pattern could symbolize the intricate and diverse socio-
political fabric of Afghanistan, where multiple issues vie for attention concurrently. Notably,
the minimal averages of 1.97 for Governance and 1.04 for Terrorism/Security in Cluster 3
suggest a widespread engagement with these vital subjects, crucial in the context of
Afghanistan’s persistent governance and security challenges. This broad focus might stem from
a fragmented media landscape and varied public awareness or access to information on these
issues.

In contrast, users in Clusters 1 and 4 demonstrate more significant engagement with
Governance, Social Justice, and Culture. For example, Cluster 1 exhibits the highest averages
for Governance (12.99) and Social Justice (13.47), indicating a more concentrated dialogue
among possibly more knowledgeable or active demographics. These interactions may center
on critical discussions about reforms, civil rights, or cultural preservation, which are vital for
nation-building and enhancing social cohesion within Afghanistan. Additionally, Cluster 4,
with notable averages for Culture (7.95) and Governance (9.17), suggests focused discussions
on cultural identity and governance issues, highlighting the societal drive towards preserving
cultural heritage and enhancing governance frameworks.
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Cluster 0 is predominantly focused on Governance (10.96) and Social Justice (9.04), possibly
reflecting conversations among activists or policy influencers who place a high priority on
these areas due to their substantial influence on the nation’s legal and social structures.

Overall, the data distribution and thematic emphases within these clusters likely reflect
Afghanistan's socio-political dynamics. Clusters with heightened attention to Governance and
Social Justice (Clusters 1 and 4) may reflect the deep involvement of certain societal segments
directly impacted by these issues. Meanwhile, the dispersed focus of Cluster 3 signifies the
general population’s extensive but shallow engagement with key national concerns. This
analysis provides nuanced insights into how different segments of the Afghan population
interact with critical issues at varying levels of intensity.

The correlation matrix in Figure 2 demonstrates the interconnections between various topics.
The values range from 0 to 1, where 1 indicates a perfect correlation (topics are strongly related)
and lower values indicate weaker correlations.

Figure 2: Correlation Matrix among various topics

Correlation Matrix of Topics
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Governance and Social Justice have the highest correlation (0.79), suggesting that discussions
about governance often overlap with issues of social justice. Governance also shows a
moderate correlation with Terrorism/Security (0.68) and Culture (0.61), indicating these topics
are frequently discussed together. Gender has a moderate correlation with Social Justice (0.68)
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and a lower correlation with Terrorism/Security (0.51), reflecting that gender issues are often
discussed in the context of social justice, but less so with security concerns. These correlations
provide insights into the interconnectedness of public discourse themes in the context of
Afghanistan’s socio-political environment, as discussed in your broader research.

This matrix is a valuable tool for understanding the dynamics of public discussions and how
different themes interact within the discourse. It can help identify key areas where multiple
issues converge, potentially guiding future research or policy-making efforts to address these
interlinked topics effectively.

5.2  Trend Analysis of Topics

The next step involves analyzing trends in various categories (Governance, Gender, Social
Justice, Terrorism, Security, and Culture) over time. Tweets spanning from August 2021 to
May 2023 are filtered monthly. For each month, the percentage of tweets related to each
category is calculated by summing the keyword counts for each category and dividing by the
total number of tweets.

Table 4: Tweet Counts from August 2021 to May 2023

— A — o~ N N N | oy ™ ]
°© | o~ o~ N Y ) ™
A RN ISR IS I RS ENR NI S RN N NV RN S NN R NE IR SRR
- ol &1 & S S D A =l L XN LN S A S S S ] A =] L >
5 S| o 8 35 o 5|9 3 s 33 |l gBl I as
Qo |l | o ZAa S| 2SS sgwuno|lz2a|lSSL|l=2<| 2

n| M| o o| ;|

- Bl N Nl o gola|l g v A w o Mmoo AN AV S| || ©
O C|lo|o|lw S O | W O ol | 9 I A N N| 0| 0| F| D] ©| | =
QL Sl | | ® B ©| S| © NN~ O SN JSlo|lN| @ d] 0 ©f
S 0| 0| | ol o ad ol | <l N S| o d N ®| R|S|wo| o w| <
F Ol Ad| A | O O | | O O | | O | | H D | A AH| O | | S|~

In general, the average score (AS) represents the overall relevance (sentiment) of data points
connected to a particular topic. Specifically, in our research, the average score (AS) shows how
positively or negatively a topic is perceived by users according to the analyzed tweets.

The Table 4 shows the average scores for five categories across the specified periods. Graphs
show that in October 2022, there was a notable surge in the volume of tweets, yet the AS for
various topics remained low. If a large number of tweets are published on various topics, but
none of these topics are particularly prominent, it can result in a lower AS. In other words,
attention to multiple and scattered topics can keep the AS low. Specific events may have
occurred, generating a large number of tweets, but these tweets do not relate to the topic models.
In October 2022, the trending hashtag "#StopHazaraGenocide™ significantly influenced the
topic models [BBC, 2022; AFINTL, 2022]. This indicates that highly sensitive and important
issues can dominate online discussions, shape the direction of topic analysis, and reflect the
collective response to a humanitarian crisis.
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Table 5: Average Scores from September 2021 to May 2023

Period Governance | Gender Social Justice | Terrorism/Security | Culture
Sep-21 5.96 2.92 5.55 3.29 5.14
Oct-21 6.37 291 5.74 3.33 5.07
Nov-21 6.86 3 6.04 3.43 5.17
Dec-21 6.79 2.87 5.86 3.1 5.05
Jan-22 6.66 3.08 5.89 3.04 5.16
Feb-22 6.81 2.98 6.06 3.23 5.32
Mar-22 6.9 3.21 6.26 3.12 5.65
Apr-22 6.52 3 6.13 3.65 5.58
May-22 6.83 3.28 6.29 3.81 5.78
Jun-22 6.82 3.02 6.16 3.48 5.79
Jul-22 6.38 2.95 5.62 3.27 5.28
Aug-22 6.75 3.06 6.13 3.69 5.48
Sep-22 6.16 3.08 5.89 3.21 5.29
Oct-22 3.85 2.29 4.21 2.28 4.17
Nov-22 3.83 2.38 4.32 2.19 4.5
Dec-22 5.11 3.26 5.45 2.66 4.98
Jan-23 5.48 2.95 5.39 2.72 5.01
Feb-23 6.29 2.95 5.68 3.03 5.32
Mar-23 6.48 2.96 5.77 2.98 5.36
Apr-23 6.61 3.16 5.92 3.11 5.41
May-23 6.4 3.24 6.03 3.12 5.33

This issue is also observed in months with high tweet counts, such as August 2021 (169,923
tweets), September 2021 (153,878 tweets), October 2022 (336,220 tweets), November 2022
(170,823 tweets), and December 2022 (107,815 tweets). Although the AS is independent of
the number of tweets, it reflects how deeply or significantly specific topics are addressed in the
tweets. These scores are calculated independently of the total number of tweets in a given
period and depend more on the intensity of focus on specific topics.
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Figure 3: Tweet Counts from August 2021 to May 2023
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In months with more tweets, if significant new topics are not introduced, we may observe the

following effects on the AS:

o Attention Dispersion: If the number of tweets increases but the focus remains on
similar topics, this attention may be divided among the existing topics. This can cause
the AS for each topic to decrease, as tweets may speak less about the deeper or newer

aspects of each topic.

e Increase in Noise: An increase in the number of tweets without adding new topics
might mean an increase in repetitive or less important content. This can lower the
quality of the AS for existing topics, as a large amount of content may have low

informational value.

« Averaging Effect: With the increase in the number of tweets, the presence of repetitive
or low-impact individual scores, which might be part of the general discourse without
specific emphasis on precise topics, may affect average scores and pull them down.

Ultimately, if the content of tweets in high-traffic months mainly includes superficial or general
discussions without special emphasis on newer or deeper aspects of topics, the AS might

remain low.
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Figure 4: Trends over Specified Periods
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The comparison between the tweet counts and average scores highlights how significant
political events, policy changes, and international reactions drive social media activity and
public sentiment. The sharp fluctuations in tweet volumes and scores reflect the dynamic and
often volatile situation in Afghanistan, with major events leading to spikes in discussions and
shifts in public opinion across various categories.

e High Tweet Volume in August 2021: The high number of tweets in August 2021
corresponds with the Taliban takeover of Kabul, leading to extensive social media
activity discussing the political and humanitarian implications. This period shows high
scores in Governance and Social Justice, reflecting the intense global focus on these
issues during the power transition.

o Steady Tweet Volumes with High Scores: From October 2021 to August 2022, the
number of tweets remains relatively stable, while the average scores for Governance,
Social Justice, and other categories stay high. This suggests ongoing discussions and
concerns about the new Taliban regime's policies and their impact on Afghan society.

e The spike in tweet volume in October 2022 (~336,000 tweets) correlates with
significant events such as the trending hashtag "'#StopHazaraGenocide." This
period shows a sharp decline in scores across all categories, indicating widespread
negative sentiment and criticism.

e Decline and Recovery (November 2022 - May 2023): After the spike, tweet volumes
decline, and average scores start to recover. This trend could be attributed to the initial
shock and reaction settling down, with ongoing international humanitarian efforts and
partial stabilization under the new regime contributing to the recovery in public
discourse and sentiment.
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5.3  Sentiment Polarity Evaluation

Sentiment polarization analysis depicts a highly polarized social and political landscape across
almost all thematic categories, such as governance, gender, social justice, terrorism/security,
and culture. As shown in Figure 5, negative sentiments significantly outweigh positive
sentiments in governance and social justice, followed by culture, gender, and security.
However, spikes in certain months induce higher levels of negative sentiments. Generally,
negative sentiment persists with varying fluctuation levels throughout the data collection
period (September 2021 to May 2023), highlighting the public's reaction to the sociopolitical
dynamics in a period marked by significant transitional events.

Figure 5: Heatmap of sentiment totals by category
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5.3.1 Prominent Spikes in Activity:

As mentioned in subsection 4.4, October 2022 experienced a notable surge in tweet activity,
especially in the Governance and Culture categories. This likely reflects a significant event or
public discussion that attracted widespread attention in these areas.

5.3.2 Sentiment Polarity Evaluation Across Topics

Sentiment Distribution: During this peak, the sentiment was predominantly negative,
suggesting that the events or topics discussed might have been controversial or unfavorable
among the public.
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o Governance: Negative sentiments in governance peaked around October 2022,
possibly correlating with specific governmental actions or international diplomatic
events affecting Afghanistan.

e Gender: Discourse around gender shows persistent negativity, reflecting ongoing
concerns about gender rights and the societal position of women under changing
regimes.

o Social Justice: Social justice tweets spiked in negativity during legislative or executive
decisions of the Taliban’s de facto authority, indicating public concern over justice and
equality.

e Terrorism/Security: This theme saw heightened negative sentiments during incidents
of violence or security threats.

e Culture: Cultural discussions also exhibited a negativity bias, potentially due to the
imposition of restrictive cultural norms and regulations by the ruling authorities.

The pronounced negativity across all themes suggests a general dissatisfaction among Twitter
users concerning the trajectory of sociopolitical developments in Afghanistan. This digital
discourse analysis reflects the immediate reactions to political events and serves as a barometer
for more profound societal and cultural shifts.

6. Conclusion

The collapse of the republic government on 15 August 2021 marked the failure of state-
building and the democratization process, leading to the return of the Taliban and exposing
deep-rooted tensions within the country. Polarization in political discourse occurs along the
lines of Talibanism versus opposing ideas that support a more progressive, democratic,
constitutional political order and inclusive politics. These polarized discourses are not limited
to the opposing political parties but extend deep into society in the online sphere. Such politics
of polarization play on the social fault lines of ethnolinguistic partisanship and identity issues.
Social media and the online public sphere negatively influence the width and breadth of
polarization built on these sub-cultures of fragmentation in Afghanistan's society and politics.
Online platforms have gained more significance and importance in the post-2021 period,
mainly due to the repressive policies of the Taliban that curtailed freedom of expression and
civic and political activism within the country, driving Afghan citizens to the digital realm to
voice their opinions and share ideas.

We developed two datasets, including the topic modeling dataset and a polarization dataset,
through a meticulous annotation process. Since Dari is considered a low-resource language,
and existing lexicons or datasets for polarization do not adequately capture the range of slang
and expressions used to convey positive and negative sentiments, the two datasets also
contribute to future studies on sentiment analysis and studying discourse polarization in
Afghanistan.

As this study highlights, political polarization overwhelmingly extends to all five thematic
areas of governance, social justice, gender, security and terrorism, and culture. The nature of
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polarization is often sentimental and affective. For example, polarization over girls' education
and women's right to work, as universal values enshrined and protected by the 2004
Afghanistan constitution, manifests not only value polarization but also the sentimental nature
of opposition to that right. Our overtime trend analysis shows spikes that coincide with some
major online activism sparked by bitter ground realities. The first spike is the heated debates
in the immediate aftermath of the government collapse, followed by a major spike resulting
from the trending hashtag #StopHazaraGenocide. Affective polarization is more explicit in
topics involving ethnicity and identity issues.

This study reveals a stark reality: negative sentiments far outweigh positive sentiments across
all five categories. This overwhelming negativity is a clear manifestation of the increasing
frustration, despair, and dissatisfaction with the status quo and the ongoing situation in
Afghanistan. It underscores the gravity of the situation and how social media users sense the
urgent need for meaningful political change.

The study reveals that polarization over all five categories has consistently continued over the
time span of our data collection. Observable spikes in the time cluster indicate the relationship
between online and offline public spheres and how ground realities and developments lead to
increased polarization on Twitter. Banning girls' schooling and women's employment,
increasing targeting of former government officials and security personnel, continued
deliberate attacks on Hazaras, etc., are reflected in the increased online polarization and spikes
in Twitter.

As the first step in delving into the nature and expanse of polarization in Afghanistan's online
public discourse, this research contributes to understanding the post-2021 sociopolitical
context. However, resource limitations such as NLTK tools, tokenization capabilities within
the Persian data, and the lack of access to granular metadata restricted our ability to analyze
temporal trends, contextual relationships, and region-specific patterns. Therefore, we recognize
the necessity of conducting a network analysis of the online public sphere and discourse
polarization in future studies.
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