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ABSTRACT

Social media platforms have become critical arenas for public discourse on global
human rights issues, providing real-time insight into public opinion and emotional
responses. This study examines Twitter conversations surrounding Afghan women’s
rights from April 2023 to January 2024, focusing on the digital reflection of
international concern. Using a dataset of 4,845 cleaned English-language tweets, we
performed sentiment analysis employing the VADER lexicon for initial sentiment
labeling and a Multinomial Naive Bayes classifier trained on TF-IDF features for
automated sentiment classification. The results reveal a predominance of negative
sentiment (47.4%) compared to positive (38.3%) and neutral (14.3%) sentiments,
indicating widespread frustration and alarm regarding the restrictions and violations
faced by Afghan women. Exploratory data analysis highlighted temporal trends in
tweet volume and engagement, with significant peaks correlating to key political
events and policy announcements. The model achieved an overall accuracy of 67.5%
in classifying sentiment, with particularly strong performance in detecting negative
and positive tweets, while neutral sentiments were more challenging to classify
accurately. Feature importance analysis identified critical terms that influenced
sentiment classification, revealing a linguistic pattern reflective of advocacy, concern,
and hope within the discourse. Temporal analysis of sentiment proportions
demonstrated fluctuations aligning with real-world developments, underscoring the
dynamic nature of online public opinion. This research contributes to understanding
the role of social media in amplifying human rights concerns, especially in politically
unstable regions, and demonstrates the utility of sentiment analysis for monitoring
global digital activism. The findings offer valuable insights for policymakers, activists,
and scholars interested in the intersection of technology, public opinion, and human
rights advocacy. Future research is encouraged to incorporate multilingual data,
multiple social media platforms, and analyze sentiment shifts in response to
international interventions to provide a more comprehensive picture of digital society
engagement on this critical issue.
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catalyst for organizing protests, raising awareness, and mobilizing support for
various causes. Keith emphasizes that the effectiveness of social media in
driving political change is contingent on the strategic alignment of online
campaigns with offline actions, highlighting the importance of synergizing digital
advocacy with physical participation [1]. This synergy underscores the role of
social media not merely as a communication tool but as a vital component of
contemporary activism.

Moreover, social media platforms have significantly influenced public
perceptions and behaviors, particularly among adolescents. Research indicates
that high social media usage is associated with increased high-risk behaviors,
including substance use and early sexual activity [2], [3]. Adolescents often seek
social validation through their online interactions, which can lead to engagement
in risky behaviors as they attempt to conform to perceived peer norms. This
phenomenon illustrates the dual-edged nature of social media, where it can
foster community and connection while simultaneously exposing users to
negative influences and pressures.

Furthermore, the psychological effects of social media usage are profound,
particularly among younger populations. Studies have identified a correlation
between excessive social media use and mental health issues, including anxiety
and depression [4], [5]. The addictive nature of social media can lead to
detrimental outcomes, emphasizing the need for social media literacy programs
aimed at empowering users to navigate these platforms responsibly [6]. By
fostering awareness of the potential risks associated with social media,
individuals can better manage their online interactions and mitigate negative
impacts on their well-being.

Social media platforms, particularly Twitter, have become essential tools for
real-time engagement on global topics, including human rights. The immediacy
and accessibility of Twitter allow users to share information, mobilize support,
and raise awareness about human rights issues almost instantaneously. This
capability has been recognized as a significant factor in enhancing civic
engagement and political participation, as social media facilitates the rapid
dissemination of information and fosters community discussions around
pressing social issues [7].

Moreover, the role of social media in addressing human rights concerns is
underscored by the responsibilities that platforms like Twitter hold in moderating
content related to gender-based violence and other human rights violations.
Research indicates that social media platforms must be designed to respect and
promote human rights, which includes implementing policies that address online
harassment and violence [8]. This responsibility is critical, as the digital
infrastructure increasingly shapes public discourse and influences societal
norms regarding human rights.

The impact of social media on public health and human rights advocacy has
also been highlighted during global crises, such as the COVID-19 pandemic.
Social media has served as a vital channel for disseminating information about
public health measures and the human rights implications of such measures,
allowing marginalized voices to be heard when traditional media may overlook
them [9]. The ability of social media to amplify these voices is crucial in contexts
where individuals may lack access to other forms of communication or advocacy
platforms.

Furthermore, the engagement on platforms like Twitter is not limited to
information sharing; it also encompasses the mobilization of grassroots
movements. Social media has been instrumental in organizing protests and
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campaigns, as evidenced by movements such as #MeToo and Black Lives
Matter, which gained significant traction through Twitter [10]. These movements
illustrate how social media can serve as a catalyst for social change, enabling
users to connect, share experiences, and advocate for justice and equality on a
global scale.

Afghan women's rights have remained a pressing concern in the international
human rights agenda. Over the past few years, global conversations have
increasingly centered on the struggles faced by women in Afghanistan,
particularly in accessing education, employment, and the freedom to participate
fully in public life. These fundamental rights, often taken for granted in many
parts of the world, are persistently under threat in Afghanistan due to
longstanding sociopolitical and cultural restrictions.

The reemergence of the Taliban regime in 2021 has further exacerbated the
already fragile status of women’s rights in the country. Restrictions imposed on
girls' education, employment bans for women in certain sectors, and limitations
on their mobility have sparked international outcry. In the absence of free press
and civic space within Afghanistan, social media platforms—especially Twitter—
have become vital spaces for sharing personal testimonies, news coverage, and
calls for international solidarity.

Social media, therefore, is not only a reflection of public sentiment but also a
tool for mobilizing global support. The digital discourse surrounding Afghan
women's rights reveals real-time emotional responses and collective concerns
expressed by users worldwide. In this context, analyzing social media posts
becomes a powerful means of capturing public opinion and tracking the
dynamics of global awareness over time.

The objective of this study is to examine public sentiment related to Afghan
women’s rights by conducting a sentiment analysis on tweets collected from
April 2023 to January 2024. By processing and analyzing the text content of
these tweets using natural language processing techniques and machine
learning algorithms, this research seeks to classify and understand the
emotional tone (positive, negative, neutral) surrounding the topic during this
critical period.

Such an analysis is significant because it provides empirical insight into how the
international digital community perceives the status of Afghan women. The
findings may reveal peaks in concern or support that coincide with key events
or policies and highlight the issues that resonate most with the global public.
This can inform the design of advocacy campaigns, media strategies, and
humanitarian interventions.

Literature Review
Social Media and Public Opinion

Social media platforms, particularly Twitter, have become essential tools for
public discourse, especially in the context of political and social issues. The
immediacy and accessibility of Twitter allow users to engage in real-time
discussions, share opinions, and mobilize support for various causes. This
dynamic environment has made Twitter a significant platform for political
engagement and activism, as it enables users to express their views and
organize collective actions swiftly [11], [12]. Research indicates that Twitter
serves as a valuable resource for understanding public opinion, particularly
during political events. For instance, the analysis of digital trace data from
Twitter can reveal insights into how political actors are perceived and how public
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sentiment evolves over time [11]. Moreover, Twitter's ability to foster opinion
leadership plays a crucial role in civic participation. Influential users can drive
discussions on social issues, encouraging broader public engagement and
participation in the discourse [13]. This phenomenon illustrates how social
media can democratize information dissemination and empower individuals to
contribute to public debates, transcending traditional barriers related to
socioeconomic status or access to information.

Analyzing Twitter data has proven to be a valuable method for gaining insights
into public sentiment and social issues. Numerous studies have demonstrated
the effectiveness of sentiment analysis on Twitter, particularly in the context of
significant events such as the COVID-19 pandemic. For instance, Elyashar et
al. conducted a text analysis of Twitter discourses to assess the mental state of
healthcare professionals during the pandemic, revealing critical insights into
their experiences and concerns [14]. This highlights how Twitter can serve as a
rich source of qualitative data that reflects the sentiments of specific populations
in response to societal challenges. Furthermore, Boon-Itt and Skunkan's
research on public perception of the COVID-19 pandemic utilized sentiment
analysis and topic modeling to analyze Twitter data, emphasizing the platform's
utility in understanding collective attitudes towards health crises [15]. Their
findings illustrate how Twitter can capture the nuances of public sentiment,
providing a real-time barometer of societal reactions to unfolding events.

Sentiment Analysis

Sentiment analysis in text mining is a crucial technique that involves classifying
text data into positive, negative, or neutral categories based on the underlying
emotions or opinions expressed within the text. This approach has gained
significant traction in various fields, particularly in analyzing social media
content, where user-generated text often reflects public sentiment on a wide
range of topics, including political events, consumer products, and social issues
[16], [17]. Similarly, [18] explored the methodologies used in sentiment analysis,
noting the development of various algorithms designed to identify subjective
opinions expressed in online texts.

The application of sentiment analysis extends beyond mere classification; it also
involves understanding the context and nuances of the text being analyzed.
Cahyani & Patasik compared different models for emotion text classification,
illustrating how various techniques can yield different insights depending on the
approach taken [19]. Additionally, Pahwa et al. discussed the significance of pre-
processing techniques in sentiment analysis, which are essential for improving
the accuracy of classification tasks [20].

Different machine learning algorithms, such as Naive Bayes, Support Vector
Machines (SVM), and Deep Learning models, have been applied to sentiment
analysis with varying degrees of success. Each of these algorithms has its
strengths and weaknesses, making them suitable for different types of sentiment
analysis tasks.

Naive Bayes is one of the most commonly used algorithms for sentiment
analysis due to its simplicity and effectiveness. It operates on the principle of
Bayes' theorem and assumes that the features are independent given the class
label. Studies have shown that Naive Bayes can achieve high accuracy in
sentiment classification tasks. For example, Saputro et al. utilized Naive Bayes
in their analysis of public sentiment during the 2018 governor's election,
highlighting its fast processing time and ease of implementation [21]. Similarly,
Mustolih applied Naive Bayes for sentiment analysis in automotive reviews,
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confirming its effectiveness in handling textual data [22]. However, while Naive
Bayes is efficient, it may struggle with complex datasets where feature
independence is not a valid assumption.

Support Vector Machines (SVM) have also been widely used in sentiment
analysis, particularly due to their ability to handle high-dimensional data and
their effectiveness in binary classification tasks. Lutfi et al. compared SVM with
Naive Bayes in the context of sales reviews, finding that SVM often
outperformed Naive Bayes in terms of accuracy [23]. Rezki et al. further
demonstrated the robustness of SVM in sentiment analysis, achieving high
accuracy rates when applied to airline reviews [24]. The SVM's strength lies in
its capacity to find the optimal hyperplane that separates different classes,
making it particularly effective for sentiment classification tasks where the data
is not linearly separable.

Deep Learning models have emerged as powerful tools for sentiment analysis,
leveraging neural networks to capture complex patterns in data. These models,
such as Convolutional Neural Networks (CNN) and Recurrent Neural Networks
(RNN), have shown remarkable performance in various sentiment analysis
tasks. For instance, Chakravarthy discussed the use of hybrid architectures that
combine traditional machine learning approaches with deep learning
techniques, indicating that deep learning can significantly enhance sentiment
classification accuracy [25]. The ability of deep learning models to learn
hierarchical representations of data allows them to outperform traditional
algorithms, especially in large datasets with intricate patterns.

Afghan Women's Rights in Social Media

Studies have explored how social media has been utilized to raise awareness
about the human rights of Afghan women, particularly following the Taliban's
takeover in 2021. The resurgence of the Taliban has led to severe restrictions
on women's rights, prompting activists and organizations to leverage social
media platforms to highlight these issues and mobilize support for Afghan
women [26].

One significant study by Lalyzada emphasizes the role of media and social
networks in promoting the position of Afghan women, suggesting that social
media has become a vital tool for advocacy and awareness-raising in the face
of oppressive regimes [27]. The study argues that social media can help Afghan
women articulate their struggles and aspirations, thereby fostering a sense of
community and solidarity among those advocating for gender equality. This
aligns with findings from Khalili, who notes that social media serves as a
powerful instrument for overcoming traditional barriers and promoting women's
rights in Afghanistan [28].

Becvar's research further supports the notion that social media can influence
attitudes toward gender equality in Taliban-controlled Afghanistan. The study
indicates that public discourse on social media can shape perceptions and foster
a more supportive environment for women's rights advocacy [29]. This reflects
a broader trend where social media acts as a platform for human rights
advocacy, allowing individuals and organizations to connect, share information,
and mobilize resources effectively.

Gaps in Existing Research

While there is a growing body of literature on sentiment analysis and public
opinion, there is a notable lack of studies specifically focusing on the intersection
of social media discourse, Afghan women's rights, and sentiment analysis. This
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gap is particularly significant given the recent political changes in Afghanistan
and the urgent need to understand public sentiment regarding the rights of
Afghan women.

Nguyen et al. highlight the limitations of sentiment analysis in capturing nuanced
social issues, suggesting that while machine learning techniques can categorize
tweets by sentiment, they may not fully address the complexities of the topics
discussed [30]. This observation is relevant to the study of Afghan women's
rights, where the discourse is often intertwined with cultural, political, and social
dynamics that require a more sophisticated analytical approach.

Manganaro and Alozie discuss the broader context of women's rights in
Afghanistan, noting that legal guarantees do not always translate into actual
empowerment [31]. This highlights the need for sentiment analysis to explore
public perceptions of these rights and the effectiveness of advocacy efforts on
social media. Understanding how the public feels about Afghan women's rights
can inform strategies for raising awareness and mobilizing support.

Afrouz et al. provide qualitative insights into the barriers Afghan women face,
but again, the integration of sentiment analysis could enhance these findings by
quantifying public sentiment towards these barriers and the proposed solutions
[32]. This quantitative approach could complement qualitative narratives,
offering a more comprehensive view of the discourse surrounding Afghan
women's rights.

Moreover, while some studies have employed sentiment analysis in other
contexts, such as maternal health during the COVID-19 pandemic [33], similar
methodologies have not been applied to the specific context of Afghan women's
rights. This presents an opportunity for future research to fill the existing gap by
systematically analyzing tweets related to Afghan women's rights, thereby
providing valuable insights into public sentiment and discourse.

Method
Data Collection and Setup

The dataset used in this study, titled "Tweets about Afghan Women," was
obtained in CSV format, containing tweets posted from April 2023 to January
2024. Data loading was conducted using the Python library pandas, primarily
with UTF-8 encoding. In cases where encoding errors occurred, an alternative
ISO-8859-1 encoding was attempted to ensure robustness. To facilitate
reproducibility and efficient workflow, directories were programmatically created
to store intermediate datasets, machine learning models, vectorizers,
evaluation metrics, and visualization outputs. Essential libraries such as NLTK
(for natural language processing), scikit-learn (for machine learning), and
visualization libraries including matplotlib, seaborn, and wordcloud were
imported and configured. Plotting parameters were standardized, with default
figure sizes set to 12 by 6 inches and seaborn’s “whitegrid” style applied for
clarity in visual outputs.

Exploratory Data Analysis (EDA)

Initial data inspection involved assessing the dataset’s shape and completeness
using the info() method, with verbosity enabled to include detailed data types
and missing value counts. Date-time standardization was performed on the
‘date’ column using pandas.to_datetime() with error coercion enabled
(errors="coerce'), dropping any rows that could not be parsed, which accounted
for less than 1% of the data. The dataset was filtered to retain only tweets
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labeled as English (lang == 'en") to ensure compatibility with the English-centric
sentiment tools and stopword lists. Temporal analysis included resampling
tweets by month (resample('M")) to visualize tweet volume over time, revealing
periodic spikes in user engagement. Distribution of engagement metrics,
specifically ‘likeCount’ and ‘retweetCount, were visualized using log-
transformed histograms (log1p) to account for highly skewed data distributions.
Top tweet sources, such as "Twitter Web App" and "Twitter for iPhone," were
analyzed by counting occurrences within the ‘sourcelLabel’ column, and the top
10 sources were presented via horizontal bar plots.

Text Preprocessing

Preprocessing of tweet texts was critical to reduce noise and standardize the
input for sentiment analysis. A custom preprocessing pipeline was implemented
using NLTK’s WordNetLemmatizer and stopword corpus. The pipeline executed
the following steps sequentially: removal of URLs using regular expressions
(re.sub(r'http\S+|www\S+|https\S+', ", text)), stripping of user mentions (@\w+),
retention of hashtag keywords after removing the ‘# symbol, and elimination of
punctuation characters using Python’s str.translate method with
string.punctuation. All text was converted to lowercase, numeric characters
were removed (re.sub(r'\d+', ", text)), and tokenized via simple whitespace
splitting. Tokens shorter than two characters and those appearing in an
extended stopword set—including domain-specific words such as “afghan,”
“women,” “taliban,” and “amp”—were discarded. Lemmatization reduced tokens
to their canonical form, improving term matching across tweets. The cleaned
tokens were rejoined into processed sentences, which were stored in a new
column cleaned_content. Tweets that resulted in empty cleaned text after
preprocessing were removed to maintain data integrity. To visually summarize
frequent terms post-cleaning, a word cloud was generated with a maximum of
200 words, excluding common collocations to better highlight distinct thematic
vocabulary.

Sentiment Annotation and Feature Extraction

Sentiment labels were assigned automatically using the VADER (Valence
Aware Dictionary and sEntiment Reasoner) tool from NLTK, which is optimized
for social media text. The compound sentiment score thresholding was set as
follows: scores = 0.05 indicated positive sentiment, < -0.05 indicated negative
sentiment, and values between these thresholds were labeled neutral. This
generated three sentiment classes used as target labels for supervised learning.
Text features were extracted using the TF-IDF (Term Frequency—Inverse
Document Frequency) vectorizer from scikit-learn, configured with a maximum
vocabulary size of 5,000 features, and an n-gram range of 1 to 2 (unigrams and
bigrams). Terms appearing in fewer than two documents (min_df=2) were
excluded to reduce noise and dimensionality. The vectorizer transformed the
cleaned text into a sparse matrix representation suitable for model training.

Model Training and Evaluation

The dataset was split into training and testing subsets with an 80:20 ratio using
train_test_split, applying stratification based on sentiment labels to preserve
class distribution. In cases where any sentiment class had fewer than two
samples, stratification was disabled to avoid splitting errors. A Multinomial Naive
Bayes classifier was selected due to its suitability for discrete feature spaces
such as TF-IDF and its proven effectiveness in text classification. The model
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was trained on the training set with default hyperparameters (e.g., smoothing
parameter alpha=1.0). After training, the model's performance was evaluated
on the test set using multiple metrics: accuracy, precision, recall, and F1-score,
all computed via scikit-learn’s classification_report. A confusion matrix was
generated to visualize the true versus predicted sentiment classes, plotted using
seaborn’s heatmap for clear interpretability. All evaluation artifacts—including
model checkpoints, vectorizer objects, and evaluation results—were saved for
reproducibility.

Feature Importance and Temporal Sentiment Analysis

To interpret the linguistic drivers behind the model's sentiment classifications,
the top 20 features contributing most strongly to each sentiment class were
identified by sorting the log probabilities (feature _log_prob ) learned by the
Naive Bayes model. These features were visualized as horizontal bar charts to
demonstrate which terms carried the highest weight for positive, negative, and
neutral sentiment predictions. Additionally, sentiment trends over time were
analyzed by grouping the labeled tweets by month and calculating the monthly
distribution of each sentiment category. Line plots depicted the proportion of
positive, negative, and neutral tweets per month, revealing temporal shifts in
public opinion. These visualizations provided valuable insights into how global
sentiment regarding Afghan women's rights evolved in response to real-world
events during the studied period.

Result and Discussion

Data Overview and Exploratory Data Analysis

The initial dataset comprised 5,000 tweets, each with 20 columns representing
various metadata and content attributes. After inspection, key findings included
the presence of some missing values, notably 100% missing in the
retweetedTweet column and significant gaps in coordinates (98.5%) and
quotedTweet (86.16%). Despite these gaps, the dataset was largely complete
for critical fields like content, date, and engagement metrics. Filtering for
English-language tweets reduced the dataset slightly to 4,862 entries, focusing
the analysis on tweets accessible by the English-based tools employed. The
dataset's temporal coverage spanned the intended period from April 2023 to
January 2024.
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Figure 1 shows the distribution of likes received by the English tweets, plotted
on a logarithmic scale (Log(Likes + 1)) due to the skewed nature of engagement
data (many tweets get few likes, a few get many). The x-axis is the log-
transformed like count, and the y-axis is the frequency of tweets. The
distribution appears right-skewed even on the log scale, indicating most tweets
receive a low number of likes.

Distribution of retweetCount (Log Scale)
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Log(retweetCount + 1)

Figure 2 Distribution of Retweet Count

Figure 2 displays the distribution of retweets on a logarithmic scale
(Log(Retweets + 1)). The shape is also right-skewed, showing that a vast
majority of tweets have very few or no retweets, while a small number of tweets
achieve higher retweet counts.

Text Preprocessing and Sentiment Distribution

After cleaning and preprocessing the tweet texts—removing URLs, mentions,
stopwords, punctuation, and performing lemmatization—the final corpus
consisted of 4,845 tweets. Only 17 tweets were discarded during preprocessing
due to resulting empty content, indicating effective text retention. The generated
word cloud visually emphasized common thematic terms, confirming the focus
on Afghan women and related human rights issues. Sentiment labeling using
VADER (Figure 3) showed that negative sentiment was the most prevalent,
accounting for 2,297 tweets (47.4%), followed by positive sentiment at 1,857
tweets (38.3%) and neutral sentiment at 691 tweets (14.3%). This distribution
highlights the global concern and emotional response to the plight of Afghan
women reflected in social media discourse.

Overall Sentiment Distribution of English Tweets (VADER Labels)
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Figure 3 Sentiment Distribution (VADER Labels)
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Model Training and Performance Evaluation

Using the cleaned and labeled data, a TF-IDF vectorizer transformed the text
into a sparse feature matrix of shape (4,845, 5,000), representing the frequency
and importance of terms across tweets. The dataset was split into training
(3,876 tweets) and testing (969 tweets) subsets using stratified sampling to
maintain sentiment class proportions. A Multinomial Naive Bayes classifier was
trained with default hyperparameters. On the test set, the model achieved an
overall accuracy of approximately 67.5%, demonstrating moderate
effectiveness in predicting sentiment based on textual features. Precision and
recall metrics varied by class: negative tweets achieved 0.66 precision and 0.87
recall, indicating the model was better at identifying true negatives but with
some false positives. Positive tweets had balanced precision and recall of
around 0.69 and 0.64 respectively. Neutral tweets were challenging, with high
precision (0.94) but very low recall (0.12), suggesting the model rarely missed
neutral tweets it predicted but failed to identify most neutral tweets present.

Confusion Matrix - Naive Bayes (VADER Labels)
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Figure 4 Confusion Matrix

The confusion matrix (Figure 4) visualized these results, showing a strong
diagonal for negative and positive classes but more misclassifications involving
the neutral class. The weighted F1-score was 0.64, reflecting the overall
balance of precision and recall. These metrics confirm that while the model can
generally distinguish sentiment polarity, neutral sentiment remains difficult to
capture accurately, possibly due to its subtler linguistic cues.

Feature Importance Analysis

Analysis of feature importance revealed the top words influencing sentiment
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classification for each class. For the negative class, terms strongly associated
with adverse sentiment included words like “ban,” “kill,” and “force,” reflecting
concerns over restrictions and violence. Positive sentiment was linked to words
such as “support,” “hope,” and “freedom,” indicating expressions of solidarity
and optimism. Neutral features generally contained more generic or factual
terms. Visualizations of these feature importance rankings were saved as bar
charts, providing interpretable insights into the model’'s decision-making
process and highlighting the vocabulary most indicative of public sentiment on
Afghan women'’s rights.

Sentiment Trends Over Time

Monthly sentiment trends illustrated dynamic changes in public discourse. The
proportion of negative sentiment dominated throughout the period but showed
fluctuations with occasional rises in positive and neutral tweets. These trends
corresponded to specific events and announcements related to Afghan
women’s rights, indicating that real-world developments influenced online
emotional responses. The visualization of sentiment proportions over time
allowed for the identification of key moments of heightened engagement and
shifts in public opinion. Such temporal analysis underscores the value of social
media as a real-time barometer of societal attitudes on critical human rights
issues.

Discussion

The dominance of negative sentiment in the tweets analyzed reflects a profound
and widespread international concern regarding the rights and well-being of
Afghan women. This pervasive negativity suggests that many individuals
around the world perceive the situation as dire, marked by restrictions, violence,
and significant violations of basic human rights. Such a strong emotional
response signals that the issue resonates deeply across global digital
communities, highlighting the urgency and gravity of the ongoing challenges
faced by Afghan women.

These findings highlight the critical role social media platforms, especially
Twitter, play in bringing human rights issues to the forefront of public
consciousness. Through rapid sharing and amplification, social media enables
activists, journalists, and ordinary users to raise awareness about injustices that
might otherwise remain underreported. The volume and tone of the discourse
reveal how digital platforms function as powerful tools for advocacy, capable of
mobilizing international support and potentially influencing policy decisions and
humanitarian actions.

When compared to sentiment analyses conducted on broader human rights
topics, the discourse around Afghan women'’s rights appears significantly more
polarized. Whereas other human rights discussions may show more balanced
or neutral sentiment distributions, the strong tilt toward negative and, to a lesser
extent, positive sentiment in this study points to a global call for urgent action.
This polarization reflects the heightened emotional stakes and the intense
spotlight on Afghanistan’s political and social upheaval, distinguishing it from
other issues in the digital human rights landscape.

However, the study is not without limitations. The exclusive reliance on Twitter
data constrains the generalizability of the results, as different social media
platforms attract diverse user demographics and engagement patterns. For
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example, platforms like Facebook, Instagram, or regional networks may host
conversations with different characteristics, possibly altering the sentiment
landscape. Therefore, the findings represent only a partial view of the broader
digital discourse.

Another limitation stems from the focus on English-language tweets. While this
choice aligns with the analytical tools used, it excludes a potentially substantial
body of content in languages such as Pashto, Dari, Arabic, and others spoken
by key regional stakeholders. This linguistic limitation may lead to the
underrepresentation of perspectives from within Afghanistan and neighboring
countries, which could provide valuable cultural and contextual insights.

Despite these limitations, the study offers significant insights into the nature of
international digital discourse on Afghan women’s rights. It emphasizes the
value of social media sentiment analysis as a lens through which global public
opinion can be understood and monitored. Future research expanding across
multiple platforms and languages could build upon these findings to develop a
more comprehensive understanding of the digital activism landscape
surrounding human rights in conflict zones.

Conclusion

The sentiment analysis conducted on tweets concerning Afghan women’s rights
highlights a significant and widespread global concern. The predominance of
negative sentiment reflects international frustration and alarm over the ongoing
violations and restrictions faced by women in Afghanistan. These findings
underscore the emotional weight and urgency surrounding this human rights
issue as expressed through social media discourse.

This study contributes to the growing body of research that demonstrates the
power of social media platforms in both mirroring and shaping public opinion on
critical human rights matters, especially within politically unstable and conflict-
affected regions. By focusing on Twitter data, the research reveals how digital
conversations can provide timely insights into global perceptions, advocacy
efforts, and the mobilization of support for vulnerable populations.

Looking ahead, future research can build on this foundation by broadening the
scope to include multiple social media platforms such as Facebook and
Instagram, which may capture a more diverse and comprehensive range of
voices. Additionally, incorporating tweets and posts in various languages would
enrich the understanding of regional and cultural perspectives. Further
investigations could also examine how public sentiment evolves in response to
international interventions, policy changes, or major events related to Afghan
women’s rights, offering valuable guidance for activists and policymakers.
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