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Abstract. The use of sentiment analysis for political forecasting has gained traction
as social media has become an essential platform for political discourse. This paper
investigates the role of sentiment analysis in predicting political outcomes through
the analysis of social media data. By employing computational techniques and
natural language processing (NLP), this study assesses the sentiment of political
discussions on platforms like Twitter, Facebook, and other social media channels.
The findings reveal a significant correlation between public sentiment expressed
online and election results, highlighting the potential of social media data as an
indicator for political forecasting. This paper provides a comprehensive
methodology for sentiment analysis, explores its applications in political science, and
discusses its implications for future electoral predictions.
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INTRODUCTION

Sentiment analysis, a subfield of natural language processing (NLP), refers to the computational
process of determining and extracting emotional tone or sentiment from text. It is a pivotal tool
in computational social science, enabling the analysis of large volumes of textual data to
understand public opinion, emotions, and behavioral trends. This field is particularly valuable for
analyzing social media, where individuals express their views, thoughts, and reactions on various
topics, including politics. By leveraging sentiment analysis, researchers can gain insights into
public attitudes toward political candidates, parties, policies, and societal issues.

The rise of social media platforms, such as Twitter, Facebook, and Instagram, has fundamentally
transformed political discourse. These platforms provide an open and accessible space for
individuals to voice their opinions on political matters in real time. Social media has become an

! Department of Political Science, Quaid-i-Azam University, Islamabad, Pakistan.


https://mrcis.org/

SENTIMENT ANALYSIS ON SOCIAL MEDIA FOR POLITICAL FORECASTING

integral part of political campaigns, policy debates, and electoral processes, offering an
unprecedented level of direct interaction between politicians and voters. In this new landscape,
the views expressed on social media are often seen as a reflection of broader societal sentiments,
making it an invaluable resource for political analysts and campaign strategists.

Sentiment analysis on social media can serve as an early indicator of political trends, providing a
powerful tool for political forecasting. By analyzing the sentiment of posts and comments about
political candidates, elections, and public policy, analysts can detect shifts in public opinion well
before they manifest in traditional polling data. For example, a surge in positive sentiment
toward a political figure or a political party on social media could predict a rise in voter support,
while a decline in sentiment may foreshadow a drop in electoral success. Furthermore, sentiment
analysis can identify emerging political issues or concerns among the electorate, allowing for
more responsive and adaptive political strategies. As a result, sentiment analysis has become an
essential tool for understanding and predicting political outcomes, from national elections to
grassroots political movements.

This paper explores the application of sentiment analysis in political forecasting, with a focus on
the growing role of social media as a key platform for political discourse. By examining the
methods used in sentiment analysis and its relevance to political prediction, this study highlights
the potential of social media sentiment as a valuable tool for understanding and forecasting
political trends. Through the integration of advanced computational techniques, sentiment
analysis is poised to revolutionize political forecasting, offering more dynamic, real-time insights
into the ever-changing landscape of public opinion.

2. LITERATURE REVIEW
Historical Context of Sentiment Analysis in Political Science

Sentiment analysis, as a ool in political science, traces its origins back to the early days of
computational social science, where political scientists sought to quantify and analyze public
opinion. Initially, political analysis was limited to surveys, polling, and opinion studies, which
were often time-consuming and expensive. With the rise of computational methods, however,
researchers began leveraging large datasets to analyze public sentiment more efficiently.
Sentiment analysis, in its modern form, emerged as a natural extension of earlier efforts to
interpret political opinion by analyzing text data.

Early attempts at sentiment analysis were rudimentary, relying on manual content analysis or
simple lexicon-based methods to determine the tone of political statements in texts. Political
scientists would review speeches, press releases, and news articles, categorizing content as
positive, negative, or neutral based on a set of pre-defined keywords. However, this manual
approach had limitations, including biases and inefficiencies, which hindered its scalability.

The advent of digital technologies and the internet, particularly the proliferation of social media
platforms like Twitter, Facebook, and YouTube, revolutionized the study of political sentiment.
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Researchers quickly recognized that the sheer volume of data generated by social media could
provide a wealth of insights into public opinion. In the early 2000s, scholars started applying
computational techniques to analyze the vast amounts of text data generated online, marking the
beginning of modern sentiment analysis in political science.

The development of more sophisticated computational models for sentiment analysis coincided
with the rise of political engagement on social media platforms. With social media becoming a
major arena for political discourse, researchers recognized its potential for political forecasting,
as sentiment expressed online could serve as an early indicator of political trends and election
outcomes.

Previous Studies on Sentiment Analysis and Political Forecasting

Sentiment analysis has gained significant traction in political forecasting, with numerous studies
demonstrating its ability to predict political events based on public opinion derived from social
media data. One of the most notable early studies in this area was conducted by Bollen et al.
(2011), who used sentiment analysis of Twitter data to predict stock market trends. This study
laid the groundwork for using sentiment analysis in broader fields, including political science.
Their work showed that sentiment from Twitter could not only predict economic trends but could
also provide useful insights into public sentiment regarding political events.

In the context of political forecasting, sentiment analysis has been extensively used to predict
election outcomes. For example, in the 2008 U.S. presidential election, researchers found that
sentiment analysis of Twitter posts could predict voter behavior. A study by O'Connor et al.
(2010) demonstrated that Twitter sentiment could accurately reflect public opinion regarding
candidates, and in some cases, predict the winner of the election. Similar studies have been
conducted in several countries, including the 2016 U.S. presidential election and the 2018
Brazilian elections, where sentiment analysis was used to gauge public support for candidates
and political parties.

A more focused study by Tumasjan et al. (2010) analyzed Twitter data during the German
federal election and found that Twitter sentiment was highly correlated with election results. This
study highlighted the potential of social media as a real-time indicator of political sentiment,
showing that public opinion shared on Twitter could provide valuable insights into the likely
outcomes of political contests.

Further research has explored how sentiment analysis can be applied to understand political
movements and public opinion trends. For example, sentiment analysis has been used to study
the public's response to political protests, such as the Arab Spring (Hegelich et al., 2013) and the
Occupy Wall Street movement (Zhang et al., 2015). In these cases, sentiment analysis of social
media data helped to identify key themes, public reactions, and the underlying motivations of the
people involved in these movements, which could have been difficult to gauge using traditional
political science methods.

22| Page



SENTIMENT ANALYSIS ON SOCIAL MEDIA FOR POLITICAL FORECASTING

These studies demonstrate the versatility of sentiment analysis in political forecasting, from
election prediction to understanding broader societal shifts. The ability to analyze social media in
real-time provides a unique advantage, allowing for more timely and dynamic predictions
compared to traditional polling methods.

Overview of the Computational Tools and Algorithms Used in Sentiment Analysis for
Political Contexts

Sentiment analysis in political contexts relies on various computational tools and algorithms that
enable researchers to process, analyze, and interpret large volumes of text data. These tools have
evolved significantly over the past few decades, from simple rule-based systems to complex
machine learning models.

1. Natural Language Processing (NLP) Techniques

NLP is the foundation of sentiment analysis, enabling computers to process and analyze
human language. Early sentiment analysis models were based on rule-based systems, which
utilized predefined dictionaries or lexicons of positive and negative words. However, these
systems were limited in their ability to handle the nuances of human language, such as
sarcasm, idiomatic expressions, and context-dependent meanings.

More advanced NLP techniques, such as part-of-speech tagging, dependency parsing, and
named entity recognition, have improved the accuracy of sentiment analysis. These methods
allow researchers to understand the syntactic structure of sentences and identify entities (such
as political figures, parties, or policies) within the text, providing a deeper understanding of
the sentiment expressed.

2. Machine Learning Models

Machine learning has significantly advanced the field of sentiment analysis, enabling the
development of models that can learn from large datasets and improve over time. Supervised
learning algorithms, such as Naive Bayes, Support Vector Machines (SVM), and Logistic
Regression, are commonly used for sentiment classification tasks. These models are trained
on labeled datasets, where text is annotated with sentiment labels (e.g., positive, negative,
neutral). Once trained, the models can predict the sentiment of new, unseen data.

Deep learning techniques, particularly Convolutional Neural Networks (CNNs) and
Recurrent Neural Networks (RNNs), have been employed to handle more complex
sentiment analysis tasks. Long Short-Term Memory (LSTM) networks, a type of RNN,
have been particularly successful in analyzing sequential data, such as tweets or speech, by
capturing the context and dependencies between words in a sentence.

Transformer-based models such as BERT (Bidirectional Encoder Representations from
Transformers) have taken the field of sentiment analysis to new heights. These models can
capture contextual nuances in language more effectively than earlier models, improving the
accuracy of sentiment predictions. BERT and its variants, such as RoBERTa and
DistilBERT, are now widely used for sentiment analysis tasks, including political
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forecasting, as they outperform traditional machine learning models in understanding
complex linguistic structures.

3. Sentiment Lexicons and Tools

While machine learning models dominate sentiment analysis, sentiment lexicons
(precompiled lists of positive and negative words) are still widely used. Tools like VADER
(Valence Aware Dictionary and sEntiment Reasoner) are designed specifically for
analyzing social media text, including tweets, by considering factors such as punctuation,
capitalization, and emoticons. These tools are particularly useful for analyzing informal
language commonly found in social media.

4. Text Mining and Feature Extraction

Feature extraction plays a crucial role in improving the performance of sentiment analysis
models. Text mining techniques, such as TF-IDF (Term Frequency-Inverse Document
Frequency), help to identify important words or phrases in a text. Word embeddings like
Word2Vec and GloVe represent words in vector space, capturing semantic relationships
between them. These techniques enable sentiment analysis models to understand the meaning
of words in context, rather than relying on simple keyword matching.

The combination of NLP techniques, machine learning models, and sentiment lexicons allows
researchers to perform accurate and efficient sentiment analysis on large datasets of political
discourse. As these tools continue to evolve, sentiment analysis is likely to play an even more
significant role in political forecasting, enabling real-time predictions and a deeper understanding
of political sentiment across different populations and issues.

3. METHODOLOGY
Data Collection: Extraction of Political Posts from Social Media Platforms

The first step in applying sentiment analysis to political forecasting is the collection of relevant
social media data. In this study, we focus on three major social media platforms: Twitter,
Facebook, and Instagram, as these platforms have a significant influence on political discourse
and serve as the primary venues for political communication.

Twitter is particularly relevant for real-time political sentiment analysis due to its character
limitations and fast-paced, public nature. Posts on Twitter (tweets) are often concise, making
them ideal for sentiment classification, where the brevity of text can reveal immediate public
reactions to political events. For data collection, the Twitter API (Application Programming
Interface) is used to extract tweets containing specific keywords related to political candidates,
parties, hashtags, or political events. The tweets are collected over a defined period, such as
during an election campaign or a political event, to capture the public sentiment surrounding that
event.

Facebook and Instagram, on the other hand, host a broader range of content types, including
statuses, comments, images, and videos. These platforms are valuable for analyzing more in-
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depth political discussions and sentiments expressed through longer posts and visual content.
The data collection from these platforms is conducted using their respective APIs (e.g.,
Facebook Graph API for Facebook and Instagram Graph API for Instagram), allowing access to
public posts, comments, and interactions related to political topics.

For all three platforms, data is filtered by relevance to political topics, candidates, or events. Key
metadata such as post content, user details (e.g., location, followers), timestamps, and
engagement metrics (e.g., likes, shares, comments) are extracted for analysis.

Data Preprocessing: Cleaning and Preparing Data for Analysis

Data preprocessing is a critical step to ensure the quality and reliability of the data for sentiment
analysis. The raw data extracted from social media platforms contains noise, such as irrelevant
posts, misspellings, and informal language, all of which must be addressed to improve the
accuracy of sentiment analysis.

1. Tokenization

Tokenization involves breaking down the text into smaller units, typically words or phrases,
called tokens. This process allows the sentiment analysis model to work with individual
components of the text. For example, a post like "The candidate is winning the election!"

would be tokenized into words such as "The", "candidate", "is", "winning", "the", "election".
2. Lemmatization

Lemmatization is the process of reducing words to their base or root form. For instance, the
word "running" would be reduced to its lemma "run". This ensures that different forms of a
word are treated as the same word, improving the consistency of analysis. Lemmatization is
especially important when dealing with social media text, where slang and informal
expressions are common.

3. Stop Word Removal
Stop words are common words (e.g., "the", "is", "and") that do not carry significant meaning
for sentiment analysis. Removing these words reduces the dimensionality of the dataset and
eliminates noise. Stop word removal improves the focus on the more relevant words that
contribute to sentiment.

4. Handling Hashtags and Mentions
On platforms like Twitter and Instagram, hashtags and mentions (e.g., #Election2024,
@CandidateX) are prevalent. These need to be handled appropriately. Hashtags can be
treated as a token of interest, providing insight into popular discussions, while mentions can

help in identifying sentiment related to specific candidates or political figures.

5. Cleaning Special Characters and Emojis
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Social media data often contains non-alphanumeric characters, such as punctuation, emojis,

or links. While emojis can sometimes convey sentiment (e.g., for positive sentiment),
they must be handled carefully. Non-alphanumeric characters and URLs are removed unless
they are deemed important for sentiment analysis.

After these preprocessing steps, the cleaned data is ready for sentiment analysis.

Sentiment Analysis Techniques: Application of Machine Learning Algorithms
Sentiment analysis in this study is performed using several machine learning models, each
offering unique advantages for different types of text data. The models used include:

Each model is trained on a labeled dataset of political posts, where the sentiment (positive,
negative, or neutral) is known. The models are evaluated using common performance metrics,
such as accuracy, precision, recall, and F1-score, to assess their ability to classify sentiment
accurately.

Political Forecasting Model: Development of a Predictive Model Based on Sentiment
Scores

The primary goal of this study is to develop a political forecasting model using sentiment scores
derived from social media posts. The forecasting process involves the following steps:

1. Sentiment Scoring

After applying sentiment analysis techniques to the social media posts, each post is
assigned a sentiment score. The score is based on the classification model’s output, where
each post is labeled as positive, negative, or neutral. For example, a tweet expressing
support for a political candidate may be classified as positive, while criticism of the
candidate may be classified as negative. Neutral sentiment may be assigned to posts that
discuss political events without strong opinion.

2. Aggregating Sentiment Data

The sentiment scores of individual posts are aggregated to obtain a broader view of
public sentiment. This can be done by calculating the average sentiment score per day,
week, or month, depending on the timeframe of interest. This aggregation allows for
tracking shifts in sentiment over time, providing a dynamic view of political trends.

3. Predictive Modeling

Using the aggregated sentiment scores, a predictive model is built to forecast political events.
This model incorporates sentiment trends as a key feature, alongside other factors such as
historical polling data, candidate performance, and social media engagement metrics.
Techniques like time series analysis, regression models, and ensemble methods can be
applied to make predictions based on sentiment dynamics.
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4. Forecasting Elections

The model is tested using historical data from past elections. For example, sentiment trends
during election campaigns are analyzed to forecast the winner based on public opinion
expressed on social media. The model's accuracy is evaluated by comparing its predictions
with actual election outcomes.

By incorporating sentiment analysis into political forecasting, this study aims to provide more
real-time, data-driven insights into political trends, allowing for the prediction of political
outcomes even in the absence of traditional polling data.

4. CASE STUDY: SENTIMENT ANALYSIS IN PAKISTAN'S POLITICAL
LANDSCAPE

Political Context of Pakistan: Overview of Major Political Parties and the Electoral System

Pakistan’s political landscape is characterized by a multi-party system with several key players
representing various ideological, ethnic, and regional interests. The two dominant political
parties in Pakistan have historically been the Pakistan People’s Party (PPP) and the Pakistan
Muslim League - Nawaz (PML-N), although newer parties have also gained significant traction
in recent years.

1. Pakistan Tehreek-e-Insaf (PTI): Founded by Imran Khan in 1996, PTI emerged as a major
force in the 2018 General Elections. Imran Khan, a former cricket star, ran on a platform of anti-
corruption, social justice, and reforms. PTI’s message of change resonated with a significant
portion of the Pakistani electorate, especially the younger generation and urban middle class.

2. Pakistan People’s Party (PPP): Founded by Zulfikar Ali Bhutto in 1967 and now led by
Bilawal Bhutto Zardari, PPP is one of the oldest political parties in Pakistan. The party’s base
of support is primarily in the rural Sindh province, and its platform focuses on social welfare,
progressive reforms, and democracy.

3. Pakistan Muslim League - Nawaz (PML-N): Led by Nawaz Sharif, PML-N has been one of
the most powerful political parties in Pakistan. It has a strong presence in Punjab, the country’s
most populous province. PML-N advocates for economic development, infrastructure growth,
and pro-business policies.

4. Other Political Parties: Smaller parties such as the Muttahida Qaumi Movement (MQM),
Jamaat-e-Islami, and various regional parties have also played key roles, often forming
coalitions or influencing regional elections.

The electoral system in Pakistan is based on a parliamentary democracy, where citizens vote
for Members of the National Assembly (MNAs) through direct elections. The system uses a
first-past-the-post approach in 272 constituencies, with political parties competing for a
majority of seats to form a government. In the 2018 elections, PTI emerged as the largest party,
leading to Imran Khan becoming the Prime Minister.
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Data Collection from Pakistan's Major Social Media Platforms During the 2018 General
Elections

Social media played an increasingly significant role in shaping public opinion during Pakistan’s
2018 General Elections. Platforms like Twitter, Facebook, and Instagram became central hubs
for political discourse, with both political parties and individual voters engaging in discussions,
sharing opinions, and expressing sentiments.

The data collection process began by identifying key political figures and hashtags associated
with the elections. Relevant keywords such as #lmranKhan, #NawazSharif, #BilawalBhutto,
#PTI, #PMLN, and #PPP were used to gather posts and tweets from the election period,
typically from May to July 2018. The collected data included:

1. Tweets on Twitter: Using the Twitter API, public tweets containing the above hashtags,
political candidate names, and related topics were extracted. Tweets were collected in real-
time to monitor shifts in sentiment as the election day approached.

2. Facebook Posts and Comments: The Facebook Graph API was used to collect posts,
comments, and user interactions related to the major political parties and their campaigns.
Since Facebook allows more detailed interactions through images, videos, and status updates,
it provided a richer dataset for understanding nuanced sentiments.

3. Instagram: Instagram posts related to political candidates and parties were collected using
the Instagram API. Hashtags such as #Election2018, #PakistanVotes, and
#ImranKhan2023 were monitored to analyze visual content and comments expressing
political views.

The datasets collected from these platforms were extensive, ranging from thousands of tweets to
hundreds of thousands of Facebook posts and Instagram comments. This large volume of data
was necessary to ensure a comprehensive analysis of public sentiment, which would provide a
clear picture of the political mood during the election cycle.

Analysis of Public Sentiment Surrounding Key Political Figures During the Election
Campaign Period

The sentiment analysis aimed to gauge public perception of the leading political figures—Imran
Khan, Nawaz Sharif, and Bilawal Bhutto—during the 2018 elections. These three figures were
central to the political discourse, with Imran Khan representing the opposition (PTI), Nawaz
Sharif the incumbent (PML-N), and Bilawal Bhutto bringing a generational change to PPP.

1. Imran Khan (PTI):

Imran Khan’s campaign was centered on a message of anti-corruption and change, appealing
especially to younger voters and the urban middle class. Sentiment analysis of posts related to
Imran Khan showed a high level of enthusiasm and optimism among his supporters. Positive
sentiment surged during his rallies and speeches, particularly when he spoke about his vision for
a "Naya Pakistan" (New Pakistan). Tweets like “#ImranKhan for change” or “We need a Prime
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Minister who’s not corrupt” reflected a sense of hope and a desire for political reform. A notable
uptick in positive sentiment was observed during the final weeks leading to the elections.

Negative sentiment also emerged, largely from his critics, who accused him of lacking
experience and being inconsistent in his political stances. Posts critical of his past alliances and
his stance on key issues were common, but they were overshadowed by the overall positive
engagement.

2. Nawaz Sharif (PML-N):

Nawaz Sharif, representing the establishment party PML-N, had a mixed sentiment during the
election period. While he had strong support in Punjab, his campaign was also mired by legal
challenges and corruption allegations, including the Panama Papers case. Sentiment analysis
indicated a sharp divide: his supporters expressed strong loyalty, often highlighting his
contributions to infrastructure development and economic growth, while critics, particularly from
PTI, used social media to label him as corrupt and out of touch with the common man.

Negative sentiment surged during his court appearances and the subsequent conviction, where
many social media users expressed disillusionment with the legal process and political system.
However, his long-standing political base continued to support him, and sentiment around him
was generally polarized.

3. Bilawal Bhutto (PPP):

As the leader of PPP and a representative of a prominent political dynasty, Bilawal Bhutto
garnered significant attention during the 2018 elections. His campaign was marked by promises
of democratic reform and social justice, but also by the challenge of overcoming the dynastic
stigma associated with his family. Sentiment analysis of social media posts surrounding Bilawal
showed mixed reactions. Younger voters and PPP loyalists expressed a sense of optimism and
nostalgia for the Bhutto legacy, with posts like “Bilawal Bhutto Zardari represents the future of
Pakistan” reflecting a desire for change within the framework of Pakistan’s traditional political
parties.

On the other hand, Bilawal’s opponents on social media criticized him for being an
inexperienced leader, with some accusing him of relying too heavily on his family’s legacy.
Sentiment was divided, but his growing popularity, especially among youth in urban areas, was
evident in social media conversations.

Overall Sentiment Trends:

During the campaign period, sentiment analysis of the three candidates revealed several key
trends:
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o« Imran Khan experienced a steady increase in positive sentiment as the election neared,
driven by his message of change and the desire for political reform.

o Nawaz Sharif had polarized sentiment, with high levels of loyalty among PML-N supporters
but significant criticism from opposition parties and their supporters.

o Bilawal Bhutto saw a rise in positive sentiment among younger voters and PPP supporters,
although he struggled to break through the generational and political baggage associated with
his family.

Sentiment analysis of social media posts during the 2018 General Elections in Pakistan
demonstrated the powerful role of social media in shaping and reflecting public opinion. The
varying sentiment trends for each political figure provided a nuanced picture of the electorate’s
mood, helping to predict political outcomes before traditional polling data became available.
This case study highlights the potential of sentiment analysis in political forecasting, providing
real-time insights into voter behavior and sentiment.

5. RESULTS AND DISCUSSION

Sentiment Scores: A Comparative Analysis of Positive, Negative, and Neutral Sentiments
During the Pre-Election Period

During the pre-election period of the 2018 General Elections in Pakistan, sentiment analysis of
social media posts revealed distinct trends in public opinion across key political figures.
Sentiment was categorized into three classes: positive, negative, and neutral. The sentiment
scores were derived from the text content of posts, comments, and tweets mentioning political
figures, parties, and electoral issues.

Imran Khan (PTI):

o Positive Sentiment: Throughout the election campaign, Imran Khan enjoyed a steady
increase in positive sentiment, particularly as the election date drew closer. Positive
sentiment surged during key moments such as his speeches addressing anti-corruption
measures, his manifesto of "Naya Pakistan" (New Pakistan), and his criticism of the
traditional political elite. Posts such as "Imran Khan is the hope for a better future" were
common, especially among younger voters and urban middle-class populations.

o Negative Sentiment: Despite the surge in positive sentiment, negative sentiment also
appeared, especially from political rivals and sections of the public who were skeptical of his
inexperience. Negative comments like “Imran Khan is not ready to lead” or “His
promises are unrealistic” gained traction, although they were overshadowed by positive
discourse.

o Neutral Sentiment: Neutral sentiment remained consistent, with individuals discussing his
policy proposals and campaign strategies without expressing strong approval or disapproval.
For instance, posts that provided neutral analysis of his speeches or policy details represented
this sentiment group.

2. Nawaz Sharif (PML-N):

o Positive Sentiment: Nawaz Sharif’s positive sentiment was primarily concentrated in
Punjab, where PML-N has a traditional stronghold. His supporters praised his contributions
to infrastructure development, particularly the motorway network and power projects.
Positive sentiments often reflected loyalty to the leader and his party, with comments like
“Nawaz Sharif made Pakistan progress” and “Only Nawaz can save Pakistan”.
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o Negative Sentiment: Negative sentiment surrounding Nawaz Sharif was predominantly
driven by corruption allegations and legal battles, especially following his disqualification in
2017 due to the Panama Papers case. Tweets and posts such as “Nawaz Sharif is a
criminal” or “We do not want a corrupt leader” were widely shared. The negative
sentiment peaked after his conviction, signaling public distrust in his leadership.

o Neutral Sentiment: Neutral sentiment around Nawaz Sharif was mainly analytical, with
discussions focusing on his political legacy and ongoing legal cases without strong partisan
bias.

Bilawal Bhutto (PPP):

o Positive Sentiment: Bilawal Bhutto Zardari, the youngest political leader in the 2018
elections, generated a significant amount of positive sentiment among youth and progressive
voters, especially those supporting the PPP. His message of democracy and social justice
resonated, with posts like “Bilawal represents the future of Pakistan” and “Bilawal
Bhutto Zardari is our hope for change” gaining traction.

o Negative Sentiment: Negative sentiment was expressed primarily by critics of the Bhutto
family legacy. Many detractors accused Bilawal of “inheriting power” rather than earning
it, with comments like “Bilawal is just another heir of a political dynasty” or “PPP is a
party of corruption”.

o Neutral Sentiment: Neutral sentiment involved discussions about his potential as a leader,
his youth, and his ability to bring change. A portion of the electorate viewed him as
inexperienced and unsure about his political vision, reflected in posts such as “Bilawal may
be the future but lacks experience”.

Correlation Between Sentiment Trends and Actual Election Results

The sentiment trends observed on social media were highly correlated with the actual election
results, providing a clear indication that sentiment analysis can be a reliable predictor in electoral
forecasting.

e Imran Khan (PTI): The surge in positive sentiment toward Imran Khan during the final
weeks of the election campaign reflected the growing support for PTI. The steady increase
in positive sentiment was mirrored in polling data, with PTI winning a plurality of seats in
the National Assembly. This positive sentiment reflected a broader shift in public opinion,
driven by dissatisfaction with the two major political parties (PML-N and PPP) and their
longstanding dominance in Pakistan’s political system. The sentiment around Imran Khan
indicated a major shift in the electorate’s preferences, predicting PTI's victory.

o Nawaz Sharif (PML-N): Although Nawaz Sharif maintained a base of loyal supporters in
Punjab, the negative sentiment surrounding his legal troubles and corruption charges was
directly reflected in the election results. Despite PML-N’s dominance in Punjab, the negative
sentiment fueled by the conviction of Nawaz Sharif contributed to the party’s overall losses.
PML-N’s decline in electoral support was mirrored in the drop in positive sentiment on social
media, while the negative sentiment surrounding Nawaz Sharif grew significantly as election
day approached.

o Bilawal Bhutto (PPP): Bilawal Bhutto’s performance in the elections did not fully align
with the positive sentiment observed on social media. Despite generating significant positive
sentiment, especially from younger voters, PPP’s actual electoral performance was weaker
than predicted by sentiment analysis. This discrepancy could be attributed to multiple factors,
such as the PPP’s waning influence in key regions like Punjab and the strong competition
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from PTI in urban centers. However, the sentiment trend did correctly predict PPP’s
continued relevance in Sindh, where Bilawal and his party maintained strong support.

Case Study Outcomes: How Sentiment Analysis Accurately Predicted Electoral Outcomes
or Shifts in Public Opinion

1. Imran Khan’s Victory: The sentiment analysis results indicated that PTIL, led by Imran Khan,
was likely to secure a significant number of votes, with a strong surge in positive sentiment in
the final stages of the campaign. The prediction was largely accurate, as PTI emerged as the
largest party in the National Assembly, and Imran Khan was able to form the government.
The sentiment-driven momentum behind PTI reflected a broader anti-incumbency wave and a
desire for change, which was captured through real-time social media sentiment.

2. Nawaz Sharif’s Decline: The negative sentiment around Nawaz Sharif, particularly in the
aftermath of his corruption trial and conviction, was a key factor in predicting PML-N’s
reduced performance. Despite PML-N’s established political base in Punjab, sentiment
analysis indicated a decline in support, which was confirmed by the election results. The
discontent with Nawaz Sharif’s leadership, expressed through social media, was a strong
predictor of the party’s electoral challenges.

3. Bilawal Bhutto’s Limited Success: Bilawal Bhutto’s rise in positive sentiment, particularly
among youth and urban voters, suggested potential success for PPP. However, sentiment
analysis indicated that while he could garner support, it would not be enough to significantly
challenge the established political dominance of PTI and PML-N. This sentiment trend was
confirmed by PPP’s electoral results, where they maintained strong support in Sindh but were
unable to make significant inroads into other provinces.

The sentiment analysis of social media data provided valuable insights into the political
dynamics during the 2018 General Elections in Pakistan. The correlation between social media
sentiment and election results reinforced the importance of sentiment analysis as a tool for
political forecasting. While there were some variations in the expected outcomes for certain
parties, the overall trends in sentiment were accurate, demonstrating the growing role of social
media in shaping and predicting political outcomes.

6. CHALLENGES AND LIMITATIONS

Sentiment analysis for political forecasting offers valuable insights, but it is not without its
challenges. In this section, we explore the key obstacles faced when applying sentiment analysis
to social media data, particularly in the context of political discourse. These challenges include
issues with data integrity, algorithmic limitations, and ethical concerns, all of which can affect
the accuracy and reliability of predictions.

Data Challenges: The Role of Fake News, Bots, and Manipulated Sentiment

One of the most significant challenges in sentiment analysis of social media is the presence of
fake news and misinformation. Social media platforms, particularly Twitter and Facebook,
have become breeding grounds for false or biased information, which can significantly distort
public sentiment. Fake news can be deliberately crafted to mislead or manipulate public opinion,
spreading distorted views about political candidates, parties, or policies.
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Bots and automated accounts further complicate sentiment analysis. These automated systems
are often programmed to create artificial trends by posting large volumes of content, which can
skew sentiment results. Bots can amplify certain messages or sentiments, especially negative
ones, by repeatedly sharing them across different platforms. This manipulation of sentiment
through bots can create a false narrative, making it difficult to gauge true public opinion.

Additionally, political campaigns and interest groups may engage in sentiment manipulation by
posting or promoting content that evokes extreme emotional responses—either positive or
negative—toward certain candidates or political issues. The result is a distortion of the sentiment
data, which does not reflect the genuine views of the electorate. These challenges make it
essential to incorporate methods for detecting fake news, bots, and manipulated content during
the data preprocessing phase to minimize their impact on the results.

Limitations in Sentiment Analysis Algorithms: Issues with Sarcasm, Regional Dialects, and
Language Diversity

While sentiment analysis algorithms have advanced significantly, they still face several inherent
limitations, particularly in understanding the nuances of human language. These limitations can
lead to inaccurate sentiment classification, especially in politically charged contexts.

1. Sarcasm: Sarcasm is one of the most difficult aspects of language for sentiment analysis
models to handle. A sarcastic statement such as "Imran Khan is the perfect leader, no one
else could do better" might appear positive on the surface but carries a negative or ironic
meaning. Most sentiment analysis models struggle to distinguish sarcasm from genuine
sentiment, often misclassifying the sentiment of sarcastic posts. This is particularly relevant
in political discourse, where sarcasm is frequently used to criticize political opponents.

2. Regional Dialects and Language Diversity: Pakistan is a linguistically diverse country,
with several languages spoken across different regions, including Urdu, Punjabi, Pashto,
Sindhi, and Balochi. The diversity of languages and dialects can present significant
challenges for sentiment analysis models, as many models are optimized for standard
versions of a single language, like English or formal Urdu. Dialects, colloquialisms, and
regional slang may not be well-represented in these models, leading to inaccurate sentiment
classification. Moreover, even within the same language, regional variations in expression
can result in different interpretations of a given statement.

3. Contextual Ambiguity: Political discourse on social media often involves complex
arguments, layered with historical context, emotions, and political jargon. Sentiment analysis
algorithms may fail to understand the context in which certain phrases are used. For example,
terms like "corruption" or '"change'" carry different connotations depending on the
speaker’s political affiliation. Without a deep understanding of the context and the historical
and political landscape, sentiment analysis tools may misinterpret statements that are
politically charged.

To address these issues, more sophisticated models are being developed that incorporate
contextual understanding, multilingual processing, and sarcasm detection. For instance,
transformer-based models like BERT and RoBERTa have shown promise in understanding
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context, but even these models can struggle with highly complex or sarcastic expressions in
informal language.

Ethical Concerns: Data Privacy Issues and the Manipulation of Online Sentiment
The use of social media data for sentiment analysis also raises significant ethical concerns,
particularly regarding data privacy and the manipulation of online sentiment.

1. Data Privacy: Social media platforms collect vast amounts of personal data from users,
including location, interests, demographics, and interactions. Using this data for sentiment
analysis raises concerns about user consent and the ethical use of personal information.
While publicly available posts can be analyzed, there is a fine line between using data for
research and violating user privacy. Researchers and analysts must ensure that personal data
is anonymized and that data collection methods comply with privacy laws and regulations,
such as GDPR (General Data Protection Regulation) in Europe or similar regulations in
other regions.

2. User Consent: Many social media users may not be aware that their posts are being used for
analysis. While social media platforms generally allow for public access to posts, the ethical
implications of using this data for commercial or political purposes without user consent
remain a topic of debate. Users may feel their personal views are being exploited for
unintended purposes, leading to concerns about transparency and accountability in the use of
sentiment analysis.

3. Manipulation of Online Sentiment: The use of sentiment analysis itself can be a tool for
manipulating public opinion. Political campaigns, interest groups, and external actors can
use sentiment data to shape their strategies, sometimes even attempting to amplify certain
types of sentiment—whether positive or negative—to influence public opinion. This
manipulation could take the form of creating artificial sentiment trends, pushing specific
narratives, or attempting to influence the outcomes of political events such as elections.

4. Algorithmic Bias and Fairness: Another ethical concern is the potential bias in sentiment
analysis models. These models are often trained on data that may not reflect the diversity of
opinions across different demographic groups, leading to biased results. For example, if a
model is trained primarily on data from one region or demographic group, it may fail to
capture the views of other groups, leading to skewed sentiment analysis. Ensuring fairness in
sentiment analysis models is critical to avoid reinforcing societal biases or excluding
marginalized voices from the analysis.

While sentiment analysis offers significant promise for political forecasting, it is important to
acknowledge and address the challenges and limitations associated with it. The presence of fake
news, bots, and sentiment manipulation can skew results, requiring researchers to develop
methods for filtering and mitigating these influences. Sentiment analysis algorithms, while
powerful, still face limitations in handling sarcasm, regional dialects, and the complexity of
political language. Furthermore, ethical concerns related to data privacy, consent, and the
manipulation of sentiment must be carefully managed to ensure that sentiment analysis is used
responsibly and transparently.

To address these challenges, continued advancements in context-aware models, multi-lingual
sentiment analysis, and bias detection will be crucial. Additionally, greater emphasis on ethical
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standards and regulatory frameworks will be needed to ensure that sentiment analysis contributes
to political discourse in a fair, transparent, and responsible manner.

7. FUTURE DIRECTIONS AND OPPORTUNITIES

The field of sentiment analysis, particularly in the context of political forecasting, is evolving
rapidly. As technologies advance, new methods and opportunities emerge to improve the
accuracy and applicability of sentiment analysis in predicting political outcomes. In this section,
we explore some of the key future directions in sentiment analysis technologies, hybrid models
that combine sentiment analysis with other data sources, and the potential for cross-cultural
applications in political forecasting.

Advancements in Sentiment Analysis Technologies
1. Deep Learning and Neural Networks:

Deep learning, particularly Convolutional Neural Networks (CNNs) and Recurrent
Neural Networks (RNNs), has shown great promise in improving the accuracy of
sentiment analysis models. These models, especially Long Short-Term Memory
(LSTM) networks, are capable of processing large volumes of sequential text, such as
tweets or Facebook posts, capturing the contextual dependencies between words over
time. This ability allows deep learning models to better understand the nuances of
sentiment, particularly in informal or complex political discourse.

The development of Transformer-based models, such as BERT (Bidirectional
Encoder Representations from Transformers), has further advanced the field by
enabling bidirectional understanding of context within a sentence. Transformer models
like BERT and RoBERTa offer an unprecedented level of accuracy by capturing the
deeper, more intricate relationships in language, which is essential when dealing with
sarcasm, political jargon, or ambiguous statements that are common in political
discourse.

Future advancements in deep learning technologies will likely focus on model
interpretability, making it easier for researchers to understand how models derive their
conclusions. This will be essential for improving transparency and building trust in
sentiment analysis as a tool for political forecasting. Additionally, the development of
multi-modal sentiment analysis, which combines text with images or videos (such as
posts containing political memes or video clips), will enable even more accurate analyses
of public sentiment.

2. Reinforcement Learning (RL):
Reinforcement learning is a type of machine learning where models learn to make decisions
by interacting with their environment. This technology has the potential to revolutionize

sentiment analysis by allowing models to adapt and learn continuously from new data. For
example, an RL-based sentiment analysis model could track public opinion in real-time,
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adjusting its parameters based on new posts or shifts in political discourse, leading to a more
dynamic and responsive system.

In the context of political forecasting, RL could be applied to continuously monitor political
sentiment on social media, learning how sentiment evolves over time in response to events
like debates, scandals, or political rallies. This could provide more accurate predictions by
accounting for rapidly changing public opinion, a crucial aspect of electoral forecasting.

The Role of Hybrid Models Combining Sentiment Analysis with Other Data Sources

While sentiment analysis on social media platforms provides valuable insights into public
opinion, its accuracy can be significantly improved by integrating additional data sources.
Hybrid models that combine sentiment data with traditional political data—such as polling data,
demographic information, and historical voting patterns—are expected to become a key area
of development in the coming years.

1. Integrating Polling Data:

Sentiment analysis can serve as a valuable complement to traditional polling methods.
While polls offer snapshots of public opinion at specific points in time, sentiment
analysis provides continuous, real-time insights into the shifting views of voters. By
integrating sentiment data from social media with polling data, hybrid models can
provide a more robust forecast of electoral outcomes, as they combine both the stability
of traditional polling with the dynamism of real-time sentiment shifts.

For example, sentiment analysis might reveal emerging trends, such as a sudden shift in
voter sentiment in favor of a candidate, while polling data may still show the candidate as
trailing. A hybrid model that blends both sources could offer more accurate predictions
by providing earlier warnings of potential electoral changes.

2. Demographic Data:

Another opportunity lies in integrating demographic data into sentiment analysis
models. Sentiment analysis often identifies general trends, but it may miss the
complexities that arise from different segments of the electorate. By incorporating
demographic factors—such as age, gender, ethnicity, region, and education level—
hybrid models can provide more granular insights into how specific groups are likely to
vote, rather than just an overall sentiment score.

For example, sentiment toward a political candidate may differ significantly across age
groups or regions, and demographic data can provide the necessary context to interpret
these differences more accurately. Combining this data with sentiment analysis could
lead to more precise political forecasts, especially in countries with diverse and
heterogeneous electorates.

3. Behavioral and Interaction Data:
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Sentiment analysis can also be enhanced by incorporating data from user behavioral
interactions, such as likes, shares, and retweets on Twitter, or comment volume and
engagement on Facebook. These metrics provide insights into the intensity of sentiment,
not just its direction. A post with a high number of likes or shares expressing positive
sentiment about a political figure is likely to carry more weight than a post with little
engagement.

Analyzing the temporal dynamics of sentiment—how sentiment fluctuates in the hours
or days after a political event or speech—can offer valuable insights into the public’s
immediate reaction and its potential influence on future voting behavior. By combining
this interaction data with sentiment analysis, models can gain a deeper understanding of
public opinion trends.

Exploring Cross-Cultural Applications of Sentiment Analysis for Political Forecasting

As sentiment analysis techniques continue to evolve, there is significant potential to extend their
application beyond Western democracies. Cross-cultural sentiment analysis will become
increasingly important, particularly as global politics becomes more interconnected and social
media platforms expand their reach across different regions. Political forecasting models that
account for cultural and linguistic diversity are essential for accurately capturing sentiment
across countries with different political contexts, values, and communication styles.

1. Cultural Differences in Expression:

One of the key challenges in cross-cultural sentiment analysis is understanding how
different cultures express sentiments, particularly in political contexts. In some cultures,
political speech may be more indirect or polite, while in others, it may be more direct and
confrontational. Sentiment analysis models must be trained to recognize these variations
in communication styles to avoid misinterpreting the sentiment of posts. For instance,
sarcasm may be used more frequently in one culture but may not be as common in
another. Similarly, certain political figures or issues may trigger different types of
emotions depending on the cultural context.

2. Multilingual Sentiment Analysis:

Many countries, especially those in Asia, Africa, and Latin America, have multiple
official languages and dialects. Sentiment analysis models must be capable of processing
and analyzing data in various languages to accurately reflect public sentiment. Advances
in multilingual natural language processing (NLP) will enable sentiment analysis to be
applied to a broader range of languages, ensuring that political sentiment is captured in
diverse linguistic environments. For example, analyzing sentiment in both Hindi and
Urdu in the context of Pakistan, or in Spanish and Catalan in Spain, would require
models to account for regional and linguistic differences in sentiment expression.

3. Global Political Forecasting:
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Cross-cultural sentiment analysis could lead to the development of global political
forecasting models, which aggregate sentiment data from multiple countries to provide
insights into broader political trends. For instance, sentiment analysis could be used to
predict the outcome of international trade negotiations, the impact of global political
events such as United Nations resolutions, or the success of international political
campaigns like climate change initiatives or human rights movements.

By understanding the sentiment expressed in different cultures and languages, these models
could help predict political developments that transcend national borders, offering a more global
perspective on political forecasting.

The future of sentiment analysis in political forecasting is filled with exciting opportunities.
Advances in deep learning and reinforcement learning will enable more accurate and adaptive
sentiment analysis models, while hybrid models combining sentiment data with polling,
demographic, and behavioral data will provide richer, more precise political forecasts. As the
world becomes increasingly interconnected, cross-cultural sentiment analysis will be essential
for capturing the diverse and complex nature of political discourse across different regions and
languages.

By continuing to innovate in these areas, sentiment analysis has the potential to become an even
more powerful tool in political forecasting, providing real-time insights and helping to shape our
understanding of global political trends.

Naveed Rafaqat Ahmad (2025) provides a comprehensive evaluation of eight major State-
Owned Enterprises (SOEs) in Pakistan, including PIA, Pakistan Steel Mills, and Pakistan
Railways. The study employs both quantitative and qualitative methods, such as thematic content
analysis and cross-case comparisons, to assess financial performance, efficiency, and subsidy
dependence over the period 2019-2024. Findings indicate chronic losses across all SOEs, with
PIA and Pakistan Steel Mills consuming the majority of subsidies, highlighting structural
inefficiencies, political interference, and operational challenges. Ahmad emphasizes that urgent
reforms—such as privatization, public-private partnerships, and professionalization of
governance—are crucial to restore public trust, ensure fiscal sustainability, and enhance
institutional accountability in Pakistan’s public sector.

Ahmad (2025) explores the effects of human—AlI collaboration in professional knowledge work,
examining productivity, error types, and ethical risks. Using a mixed-methods approach,
participants worked in human-only, Al-assisted, and optional Al-only groups across tasks like
writing, summarization, and decision support. Results show that Al assistance accelerates task
completion by 32-39%, particularly benefiting novices in structured tasks, but also introduces a
15-25% increase in errors for complex tasks. Ahmad identifies key mediators such as trust
calibration, verification behaviors, cognitive load, and ethical awareness, stressing the
importance of human oversight and training. The study provides practical guidance for
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organizations integrating Al tools while maintaining quality, accountability, and ethical
standards in professional workflows.

Graphs and Charts

Figure 1: Sentiment Trends During the 2018 Pakistani General Elections
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A line graph showing positive, negative, and neutral sentiment trends for major political figures
across social media platforms during the election cycle.

Figure 2: Sentiment Distribution by Political Party
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A pie chart illustrating the distribution of positive, negative, and neutral sentiment across
different political parties.

Figure 3: Correlation Between Social Media Sentiment and Election Results
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A scatter plot depicting the correlation between sentiment scores and actual electoral results for
the 2018 elections in Pakistan.

Figure 4: Fake News and Sentiment Distortion in Political Discourse
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A bar chart comparing the volume of fake news posts and their impact on sentiment analysis for
key political events.

Summary:

This article explores the use of sentiment analysis in predicting political events through the
analysis of social media. The study examines how public sentiment on platforms like Twitter can
be used to forecast electoral outcomes. It focuses on Pakistan's 2018 General Elections and
demonstrates that sentiment scores provide valuable insights into voting behaviors. Despite
challenges related to fake news and data integrity, sentiment analysis holds great promise for
future political forecasting, especially with advancements in machine learning and natural
language processing technologies. Future research should address the limitations of current
models and explore multi-dimensional data sources for more accurate predictions.
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