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Abstract

Online news platforms have become central spaces for political discourse, playing a critical role in shaping public
opinion and democratic participation. In large-scale democracies such as India, the combination of extensive
user engagement, ideological polarization, and automated participation raises significant concerns regarding trust,
transparency, and manipulation. This paper presents a large-scale empirical study of political discourse on a prominent
Indian news platform, analyzing over 21,000 news articles and more than 1.5 million user comments. We investigate
how ideological bias, sentiment dynamics, and non-organic user behavior interact to shape engagement patterns.
Our methodology integrates hybrid article bias classification, large-scale sentiment analysis, heuristic-based bot
detection, coordinated behavior analysis, and a focused examination of super-active users. In addition, we compare
rule-based stance inference with large language model (LLM)-based stance classification to assess trade-offs between
computational efficiency and contextual accuracy. The results reveal systematic sentiment skew, disproportionate
influence by super-active and bot-like users, and coordinated campaigns aligned with specific political narratives. We
conclude by discussing the implications of these findings for trust in online political discourse and reflecting on the
dual role of generative Al as both an analytical tool and a potential vector for manipulation.

Keywords: Political NLP, Bias Analysis, Bot Detection, Political Discourse

1. Introduction arenas for civic expression but also remain vul-
nerable to manipulation through coordinated ac-
India’s rapid growth in online news consumption tivity, automated participation, and ideologically
has positioned digital media platforms at the centre  driven amplification. Understanding how article
of socio-political discourse. Automated analysis of  tone, user sentiment, and engagement behavior
political news and user engagement has therefore  interact within such environments is therefore es-
become an important research direction, enabling  sential for assessing the health of online democratic
structured interpretation of large-scale political com-  discourse.
munication and narrative formation (Cartier and Beyond overt expressions of opinion, media bias
Tanev, 2022; Adhya and Sanyal, 2022). Compu-  often emerges through subtle framing choices that
tational approaches have been increasingly used  prioritize particular narratives, actors, or perspec-
to study political discourse across parliamentary  tives. Such framing influences audience interpre-
proceedings, news reporting, and online platforms,  tation and may contribute to polarization, reinforc-
underscoring their potential to elucidate ideological  ing ideological echo chambers within digital public
patterns and public engagement at scale. spheres. Simultaneously, comment sections have
News organizations significantly influence pub-  become key sites of political expression, where
lic opinion by shaping how political issues are  large volumes of user-generated content reflect
framed and discussed (Gentzkow and Shapiro,  both organic public sentiment and coordinated be-
2010; D’Alessio and Allen, 2000). Prior research havior. The interaction between article bias and
has shown that newspaper coverage often aligns  user engagement thus constitutes a complex socio-
more closely with real-world political developments  technical system that requires multilayered analy-
than social media discussions, suggesting thatinsti-  sis.
tutional media remains a powerful driver of political This paper investigates ideological bias and en-
awareness and civic interpretation (Sanders and  gagement dynamics in Indian online news media
van den Bosch, 2021). However, the growing digi- by examining large-scale article and comment data
tization of news consumption has also introduced  from TOI. We propose a comprehensive analytical
new challenges, including misinformation, ideologi-  framework integrating article bias detection, senti-
cal framing, and coordinated manipulation of public ~ ment modeling, stance classification, and behav-
discourse (Lazer et al., 2018; Ferrara et al., 2016).  ioral analysis of user activity. By jointly studying
The Times of India (TOI) is one of the most in-  article tone and user participation, the work aims
fluential digital news platforms in India, offering ex-  to uncover how political narratives propagate and
tensive political reporting and large-scale public en-  how coordinated engagement may influence public
gagement through its comment sections (Athique,  discourse.
2012). These discussion spaces serve as critical To illustrate the overall analytical pipeline used
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Figure 1: The process flow-diagram of the pro-
posed analysis framework integrating article bias
detection, sentiment modeling, stance classifica-
tion, and bot identification.
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Figure 2: The proposed framework used for large-
scale data collection and preprocessing using Se-
lenium and Scrapy.

in this study, Figure 1 presents the process flow
diagram of the proposed framework. We specifi-
cally analyze TOI user engagement to understand
the intersection of article bias, sentiment trends,
and bot activity. The proposed multi-stage pipeline
performs sentiment scoring, stance classification,
large-scale scraping, and heuristic behavior anal-
ysis. Bot-like users are detected using features
such as bursty activity patterns, comment similarity,
and unusually high posting frequency. The dataset
preparation and scraping pipeline, implemented us-
ing Selenium and Scrapy, is illustrated in Figure 2.
This architecture enables structured extraction of
article content, comment threads, and metadata at
scale.
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This study is particularly timely given the increas-

ing role of online discourse in shaping democratic
participation and policy perception (Sunstein, 2001;
Papacharissi, 2010). Our findings demonstrate that
politicized narratives and coordinated behavior can
disrupt organic discourse and skew engagement
toward specific ideological positions.
Objective: In this paper, we aim to analyze user
engagement patterns and ideological bias in In-
dian online news media by collecting large-scale
comment and article data. We focus on detect-
ing (i) ideological skew in article tone, (ii) sentiment
patterns in user comments, and (iii) non-organic en-
gagement driven by super-active or bot-like users.
To this end, we propose a multi-stage framework
that combines web scraping, sentiment analysis
using VADER, stance detection using LLaMA 3.2,
and heuristic-based bot detection. Our goal is to un-
cover the scale and structure of coordinated user
behavior that could influence public opinion and
democratic discourse.

In summary, our contributions are fivefold: (i) the
construction of a dataset comprising over 21,000
political articles and 1.5 million comments from TOI
across central and state government domains, (ii)
a hybrid bias classification approach combining
VADER-based sentiment scoring with LLaMA 3.2
stance detection, (iii) a heuristic-driven bot detec-
tion framework based on comment similarity, rep-
etition, and activity frequency, (iv) a methodology
to identify coordinated commenting patterns and
their impact on sentiment dynamics, and (v) an em-
pirical analysis of super-active and bot-like users
in shaping political engagement and ideological
discourse.

2. Related Work

News Bias and Media Framing: Ideological bias
in news media has long been studied through con-
tent analysis, framing theory, and computational
modeling. Gentzkow and Shapiro (Gentzkow and
Shapiro, 2010) modeled media bias based on audi-
ence ideology, while Dalessio and Allen (D’Alessio
and Allen, 2000) examined structural sources of
bias in political reporting. More recent computa-
tional studies quantify bias in digital information
environments, including search engine outputs and
online news distributions (Kulshrestha et al., 2017;
Gilani et al., 2017). Media framing further influ-
ences how audiences interpret political issues, and
unsupervised approaches have been proposed to
automatically identify latent frames in news narra-
tives (Lai et al., 2017). These works establish the
importance of computational approaches for an-
alyzing bias but often focus primarily on content
rather than user engagement dynamics.

User Engagement and Political Bots: Online



political discussions are increasingly shaped by au-
tomated and coordinated actors. Prior work demon-
strates how bot networks can amplify ideological
narratives, distort sentiment trends, and manipulate
public discourse (Ferrara et al., 2016; Ratkiewicz
et al., 2011; Cresci et al., 2017). Shao et al. (Shao
et al., 2018) analyze the spread of misinformation
through automated accounts, while Subrahmanian
et al. (Subrahmanian et al., 2016) present large-
scale frameworks for detecting influence operations
on social platforms. However, most studies focus
on social media ecosystems, leaving structured
news comment environments comparatively under-
explored. Our work extends this line by examining
coordinated behavior within news platforms and
linking it directly to article bias and sentiment pat-
terns.

Stance and Sentiment Modeling in Political Text:
Sentiment analysis tools such as VADER are widely
used for analyzing social and political text due to
their effectiveness on informal language and short-
form content (Hutto and Gilbert, 2014). Stance de-
tection further advances this by identifying political
positioning toward entities, policies, or events (Au-
genstein et al., 2016; Mohammad et al., 2017).
Recent research highlights the role of emotional
and rhetorical language in shaping political stance,
emphasizing the importance of pathos and affec-
tive framing in persuasive discourse (Evgrafova
et al., 2024). Large language models have re-
cently demonstrated strong performance in zero-
shot and few-shot political sentiment and stance
tasks, particularly in entity-centric political news
analysis using contextual prompting and reason-
ing strategies (Kuila and Sarkar, 2024). These ad-
vances motivate hybrid approaches that combine
rule-based interpretability with LLM-based reason-
ing.

LLMs, Bias, and Political Communication: The
emergence of large language models has intro-
duced new dimensions of bias and influence in
political discourse. Studies show that conver-
sational LLMs can exhibit partisan tendencies
that affect users’ political attitudes and decision-
making (Fisher et al., 2025). Other work demon-
strates bias in Al-generated news articles, where
framing and content selection may distort neutrality
and representation (Yoo and Shin, 2025). Genera-
tive search systems further introduce bias through
citation selection, favoring particular media outlets
and shaping information exposure (Dai et al., 2025).
These findings highlight the importance of trans-
parency and accountability in computational politi-
cal analysis.

Research Gaps: Existing research largely treats
article bias, sentiment dynamics, and automated
engagement as separate problems. Social me-
dia platforms have been extensively studied, but
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structured news ecosystems with nested comment
hierarchies remain comparatively underexplored.
Moreover, few works jointly analyze article-level
bias, user sentiment, stance behavior, and coordi-
nated participation within a unified analytical frame-
work. This study addresses this gap by integrating
content analysis with behavioral modeling to pro-
vide a comprehensive view of ideological influence
in digital news discourse.

3. Dataset Preparation

We present a hybrid web scraping framework de-
picted in Figure 2 that uses Scrapy (Scrapy De-
velopers, 2023) and textbfSelenium (Silver, 2019)
to obtain political news articles and the user en-
gagement data from the TOI website (Scrapy De-
velopers, 2023; Silver, 2019). The framework has
been used to scrape more than 21,000 articles
and over 1.5 million comments published during
October 2023 to April 2024 across various cate-
gories, including Politics, India, Education, Tech-
News, Good-News, and Sports. We have used
Scrapy to crawl category landing pages and effi-
ciently extract article URLs. Selenium has been
used to automate a Chrome WebDriver instance to
load dynamic elements, such as nested-threaded
comment boxes, user reactions, and Pagination
buttons. All structured data (articles + comments)
are stored in a nested . json format. Intermedi-
ate artifacts are serialized using Pickle (Python
Software Foundation, 2023) for faster downstream
loading.

The article metadata fields include title,
author, tag, date, time, content, and
comments: a list of nested dictionaries. Com-
ment metadata fields include user_id, text,
upvotes, downvotes, replies. A total of
27,000+ articles have been collected, out of which,
21,351 articles have been categorized and dis-
tributed as follows: India (3,077), Education (1,477),
Politics (2,252), Tech News (590), Good News
(104), and Sports (13,851). We shall make this
dataset publicly available upon acceptance.

4. Analysis & Findings

4.1. Genre-based User Engagement

We analyze user interaction based on article topical
tags, focusing on Politics (2,187 articles with com-
ments) and India (1,793 articles). ‘Politics’ shows
higher volume, while ‘India’ exhibits deeper con-
versational engagement, measured by the ratio of
replies to top-level comments. This ratio indicates
how likely a comment is to receive a response,
signaling the depth of discussion beyond surface-
level reactions (Wang et al., 2016; Zhang et al.,



2019). Figure 4 shows article counts and reply-to-
comment ratios, with India articles having a higher
average reply ratio (0.42) than Politics (0.34), indi-
cating more interactive discourse.

4.2. Ideological Bias Classification

In this context, we define ideological bias as the
overall stance of the article content toward the gov-
ernment or any certain political party — catego-
rized as pro-government, anti-government, or neu-
tral. We use a hybrid two-stage pipeline to classify
articles into pro-government, anti-government, or
neutral classes. (a) VADER-Based Sentiment
Scoring (Hutto and Gilbert, 2014) provides lexicon-
based sentiment scores. VADER’s method lacks
the ability to capture subtle ideological cues and
complex political narratives. To address this, we
use (b) LLaMA 3.2 Stance Detection: (Touvron
et al., 2024) (via Ollama API), which enhances de-
tection by interpreting nuanced political framing.
Figure 4 (left) shows article stance distribution, re-
vealing dominance of anti-government articles, es-
pecially at the state level.

4.3. Sentiment Analysis of User
Comments

Applying VADER (Hutto and Gilbert, 2014) on com-
ments, sentiment is labeled as Positive (compound
> 0.05), Negative (compound < -0.05), or Neu-
tral otherwise. A predominance of negative senti-
ment is observed, consistent with trends in politi-
cal discourse (Soroka and McAdams, 2015; Blitzer
et al., 2007). Negative sentiment dominates po-
litical discussions (Soroka and McAdams, 2015;
Blitzer et al., 2007). Emotional polarity aligns with
trends in political discourse, where negative fram-
ing tends to provoke greater engagement. These
sentiment dynamics contextualize bias and inform
subsequent bot behaviour analysis.

4.4. Probable Bot Detection

We detect probable bots using two heuristics, (i)
Repetition Heuristic, where the users posting
identical or near-identical comments across var-
ious articles (e.g., eknath with 128 repeats on 48
articles), and (ii) Semantic Similarity, where aver-
age cosine similarity on TF-IDF vectors can identify
repetitive messaging. Thresholds have been em-
pirically tuned to classify 461 users as probable
bots, indicating scripted activity, i.e., automated or
template-based posting of similar content across
articles, aimed at narrative amplification, where re-
peated messaging artificially boosts the visibility
and apparent support for certain political stances,
rather than genuine discussion. We formulate a
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multi-feature detection algorithm to identify proba-
ble bots based on behavioral heuristics and textual
patterns. Let U be the set of all users. For each
useru € U:

1. Extract comment set C,, = {c¥, Y, ..., %}

2. Compute:

+ Length Variance (V,): Standard devia-
tion of character lengths of all comments
inC,

» Average Cosine Similarity (S,): Mean
of pairwise cosine similarities on TF-IDF
vectors of comments

» Repetition Score (R,): Fraction of re-
peated comments across different articles

Normalize all scores to [0, 1] and compute:

BotLikelihood, = a -V, + 8-Sy, +v- Ry

where «, 3, are empirically set weights.

Additionally, we introduce a similarity decision
threshold ¢, applied to the average cosine simi-
larity score S,,. The threshold is selected from:

ts € {0.10,0.15,0.20, 0.25,0.30, 0.40,0.50,0.60}

If S, > t,, the user's comments are considered
semantically repetitive.

If BotLikelihood,, > 7 (e.g., 0.7), classify u as
a probable bot.

4.5. Threshold Tuning and Justification

We conducted a preliminary threshold analysis on
the top 50 users by total comment count (25 labeled
as human and 25 as bot-like based on independent
review by two annotators; Cohen’s k = 0.76, indi-
cating substantial agreement). The aim was not to
establish definitive operating points, but to explore
how heuristic thresholds influence detection perfor-
mance. For each candidate pair (¢s,t.) - where ¢,
is the cosine similarity threshold and ¢.. is the mini-
mum comment count - we qualitatively evaluated
precision and recall.

Although this subset was too small for statistically
significant results, it provided insight into selecting
operating points. We observed that ¢, ~ 0.20 and
t. ~ 6 offered a balance: stricter thresholds (e.g.,
t, = 0.30) missed coordinated behavior, whereas
looser ones (e.g., ts = 0.10) admitted many false
positives. These choices were therefore adopted
as pragmatic defaults.

We emphasize that this tuning is dataset-specific
and exploratory. A larger annotated validation set
will be required in future work to confirm the ro-
bustness of these thresholds and to calibrate them
more rigorously.



1793

2167
1453

, I

INDIA  TECH-NEWS EDUCATION ~ SPORTS

89

—
POLITICS GOOD-NEWS

0.4
- 035
w 038 oo

- 0.26

: ) I

INDIA  TECH-NEWS EDUCATION SPORTS ~ POLITICS GOOD-NEWS

Figure 3: (Left) Articles with Comments by Category; (Right) Reply-to-Comment Ratio.

o

Central Anti-  Central Pro- State Anti- State Pro-
Government Government Government Government
Articles Articles Articles Articles

13544

11772

Anti-Gov Comments
(negative)

Pro-Gov Comments
(positive)

Figure 4: (Left) Article Stance: State vs National; (Right) Sentiment Distribution Across All Comments.

4.6. Coordinated Behavior Detection

We cluster comments using cosine similarity to
identify similar messages across users, then map
clusters to party-aligned articles (e.g., BJP, INC,
AAP). This reveals organized groups likely engaged
in influence campaigns or mobilization, shaping
political discourse. To detect coordinated mes-
saging, we cluster similar comments across users
using cosine similarity. To detect reused text by
user u, we use the following heuristics. Let C,, =
{c1, ¢, ..., cn } be the set of comments posted by w.
We define,

{c € C, : count(c) > T'}|

|Chl

where count(c) is the number of distinct articles
where ¢ appears and T is a repetition threshold
(e.g., 2). A high R, value (e.g., > 0.3) indicates
repeated comment use and suggests non-organic
behavior.

Coordinated Behavior Beyond Detected Bots:
A natural question is whether coordinated patterns
persist after removing flagged bot users. To assess
this, we re-examined the repeated-comment clus-
ters after excluding all 461 detected bots from the
analysis. We find that reused comment sequences
continue to appear among the remaining users: for
instance, accounts not flagged as bots still post
identical text across 3—10 distinct articles. This
suggests that coordinated behavior — while con-
centrated among bot-flagged accounts — is not
exclusively limited to them. A subset of human
users appears to engage in coordinated or semi-
coordinated activity (e.g., organised groups sharing
and reposting content), though at a lower frequency
and with greater textual variety than detected bots.
This observation aligns with prior work on hybrid

R, -
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influence operations (Subrahmanian et al., 2016),
where automated and manual actors operate in
tandem to amplify narratives.

4.7. Super Active User Analysis

The top 5% commenting users generate over 60%
of the comments, defined as super active users.
We define super-active users as those in the top
5% of the total commenter population, ranked by
the number of comments posted. This threshold
was chosen based on the observed long-tail dis-
tribution of user activity, in which a small fraction
of users accounted for a disproportionate share of
total engagement. Specifically, out of all unique
users in our dataset, the top 5% accounted for
over 60% of the total comments posted. Their be-
haviour shows high engagement, ideological in-
tensity, and comment repetition. Here, ideological
intensity refers to the consistency and extremity of
a user’s political stance across multiple articles. It
is measured based on the frequency of polarized
(pro/anti) stances identified via LLaMA and rule-
based methods, especially when repeated over
diverse article topics, suggesting agenda-driven or
semi-automated posting. Figure 5 visualizes their
comment sentiment via VADER(Hutto and Gilbert,
2014). Bot-like behavior among these users is iden-
tified using (i) Comment Similarity, where average
comment cosine similarity (> 0.2) on TF-IDF vec-
tors has been used, (i) Comment Volume, where
users with minimum 6 comments are considered,
and (iii) Length Variance, where variance in com-
ment length is used to identify automation. Figure 6
and Figure 7 show sentiment for top 10 bot users
and detected super active bots, respectively. Two
users, User A and User B, are flagged as super
active bot users.
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Figure 6: Sentiment Distribution of top 10 detected
Bot Users.

4.8. Party Biasness Analysis

To study user engagement and behaviour, we have
used two methods to classify repeated comments
as pro-government or anti-government to certain
political parties and analyzed how users, especially
bots, align with these political biases. Two meth-
ods have been used. (i) LLaMA-based Stance
Classification: Two-step querying on fine-tuned
transformer architecture of LLaMA 3.2(Touvron
et al., 2024) for party identification and stance clas-
sification. (i) Rule-based Sentiment and Bias
Matching: Combines VADER sentiment(Hutto and
Gilbert, 2014) of article and comment with keyword
bias tagging for stance mapping.

4.8.1. LLaMA-based Classification Results

Locally deployed LLaMA 3.2 model(Touvron et al.,
2024) is queried using structured prompts to per-
form (i) Party Identification: for identifying which
party the article supports and (ii) Stance Classifi-
cation: for determining if the comment supports,
criticizes, or is neutral toward that party. Table 1
shows bot user stance distribution by party, high-
lighting strong opposition towards AAP.

4.8.2. Sentiment and Bias Matching Rules

This method assigns stances based on article bias
and comment sentiment following Stance Mapping
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ID | User Party % Support | % Oppose
0 | User A | AAP 0.0 100.0
1 | UserA | BJP 48.1 40.7
2 | User A | Congress 0.0 90.0
3 | UserB | AAP 0.0 100.0
4 | UserB | BJP 0.0 100.0
5 | User B | Congress 0.0 100.0

Table 1: Party-Wise Stance Distribution (LLaMA-
based)

Logic:
 |f comment sentiment = +1:

— Article bias = pro-gov = stance = +1
— Article bias = anti-gov = stance = —1
— No clear bias = stance = 0

 |f comment sentiment = —1:

— Atrticle bias = pro-gov = stance = —1
— Article bias = anti-gov = stance = +1
— No clear bias = stance = 0

+ If comment sentiment = 0:

— Stance = 0 (neutral), regardless of article
bias

Here, +1 indicates support and —1 indicates oppo-
sition.

On a volumetric analysis
percentage-based comparison,
pattern is uncovered:

rather than a
the following

4.8.3. Comparative Analysis of the Two
Approaches

Upon manual inspection of a part of the dataset,
the LLaMA-based approach is found to offer higher
accuracy and a deeper understanding, but it is com-
putationally intensive. The rule-based method is
faster but limited to surface cues. Overall Accu-
racy: Across 249 articles, rule-based accuracy
compared to LLaMA was 88.35% (Table 3).



ID | User Party % Support | % Oppose
0 | User A | AAP 0.0 99.0
1 | UserA | BJP 29.6 25.9
2 | User A | Congress 35.0 35.0
3 | UserB | AAP 1.1 98.9
4 | UserB | BJP 11.1 88.9
5 | User B | Congress 0.0 100.0

Table 2: Party-Wise Stance Distribution (Rule-
Based)
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Figure 8: Party-Wise Stance (Rule-Based) for Bot
1 (User A).

4.8.4. AQualitative Analysis of Mismatches

Out of the 249 articles analyzed, 29 cases (11.65%)
showed disagreement between the rule-based and
LLaMA-based stance classification. A closer man-
ual inspection revealed several recurring patterns:

+ Sarcasm and Figurative Language: Com-
ments such as “What a visionary move by the
government to raise taxes again” were labeled
as positive by VADER due to lexical polarity,
but LLaMA correctly classified them as anti-
government given the sarcastic context.

* Mixed Sentiment in a Single Comment:
Comments containing both praise and criti-
cism (e.g., “The government did well on health-
care, but utterly failed on jobs”) were often mis-
classified by the rule-based method as neu-
tral, whereas LLaMA placed them in the anti-
government class by weighing the critical por-
tion more heavily.

+ Implicit Bias Detection: Articles with subtle
framing (e.g., emphasis on corruption inves-
tigations) caused the rule-based approach to
miss ideological leanings, while LLaMA cap-
tured these cues from the broader context.

+ Domain-Specific Vocabulary: Terms like
“jumla” (colloquial criticism) or “achhe din” (po-
litical slogan) were not captured by VADER
lexicon, leading to misclassifications; LLaMA’s
contextual understanding handled these bet-
ter.
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Figure 9: Party-Wise Stance (Rule-Based) for Bot
2 (User B).

ID | User Matched | Total | Mismatched | Accuracy (%)
0 | UserA 115 142 27 80.99
1 | UserB 105 107 2 98.13

Table 3: Rule-Based Accuracy vs LLaMA

These examples suggest that the rule-based ap-

proach is effective for clear-cut sentiment but strug-
gles with sarcasm, mixed sentiment, and culturally
specific expressions. LLaMA, while computation-
ally heavier, demonstrates greater robustness in
such nuanced cases.
Validation of LLaMA-Based Classification: In
addition to the rule-based comparison, we manually
annotated a validation set of 100 political articles.
LLaMA achieved an overall accuracy of 91.0% with
amacro-averaged F1 of 0.89, demonstrating strong
alignment with human labels.

4.8.5. Key Observations

Both methods show that highly active bot users pre-
dominantly oppose AAP-affiliated content, with
users such as User A and User B opposing over
99% of AAP articles, indicating likely coordinated
negative engagement targeting a single party.

4.9. Validation of Individual Modules

To ensure the robustness and reliability of our
framework, we validated each core compo-
nent—stance classification, sentiment analysis,
and bot detection—on manually labeled data.

1. LLaMA-Based Stance Classification: We
manually annotated a validation set of 100 ran-
domly sampled political articles as pro-government,
anti-government, or neutral. LLaMA 3.2, run locally
via prompt-based querying, achieved 91.0% accu-
racy and a macro-averaged Fi1-score of 0.89, indi-
cating strong alignment with human-labeled stance.
2. VADER Sentiment on Indian Political Com-
ments: To validate VADER’s effectiveness in the
Indian political context, we manually labeled 300
user comments. VADER matched the labels with



an overall accuracy of 87.6%, especially in clearly
positive or negative comments. Errors were primar-
ily due to sarcasm or contextual ambiguity, which
were mitigated in downstream tasks by article-bias-
aware stance mapping.

3. Bot Detection Heuristics: We reviewed 50
super-active users (the top 50 by total comment
count) for bot-like behavior. These users were se-
lected deterministically based on the observed long-
tail distribution of user activity, as they represent the
highest-impact commenters in the dataset. Each
user was independently assessed by two annota-
tors who examined posting frequency, comment
similarity, and textual repetition patterns; the result-
ing labels were reconciled to produce a ground-
truth set. Of the 50 users, 25 were labeled as
likely human and 25 as bot-like. Of users flagged
by our heuristic model from this cohort, 46 (92%)
aligned with the manual labels, exhibiting strong
non-human behavior patterns such as comment
repetition across 10+ articles or average cosine
similarity > 0.5. The detection thresholds (similar-
ity > 0.2, minimum 6 comments) were fine-tuned
to reduce false positives based on this validation.
We note that the absence of a fully independent
annotated benchmark is a limitation; the annotators
share domain knowledge as co-authors, and the
50-user set is small relative to the 461 flagged bots
across the full dataset.

These validation studies support the credibility of
our framework and show that existing tools, when
carefully calibrated, are effective for analyzing ide-
ological bias and coordinated behavior in Indian
news media.

5. Conclusion and Broader Impact

This study presents a scalable framework to detect
ideological bias, sentiment patterns, and bot-like
coordinated behavior in Indian electronic news me-
dia. By analyzing over 21K articles and 1.5M com-
ments, we infer article-level bias, classify comment
stance, and identify manipulation through repeated
and bot-generated engagement. Consistent anti-
party sentiment from highly active users points to
coordinated, potentially automated behavior.

We apply two stance classification methods: a
LLaMA 3.2-based model for deep contextual under-
standing and a rule-based method that combines
sentiment polarity with article alignment. Both ap-
proaches showed strong agreement in detecting
oppositional trends among super active users. This
dual-method approach enables accurate and inter-
pretable stance mapping at scale.
Reproducibility: To support transparency, we re-
lease a publicly available GitHub repository with
key modules, including web scraping scripts, bot
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detection logic, stance classification code, and vi-
sualization templates’.

Broader Implications: Our findings reveal that
a small subset of active or automated users can
disproportionately shape public discourse by artifi-
cially inflating certain ideological narratives. Such
manipulation distorts user engagement metrics, re-
inforces echo chambers, and can erode trust in
digital platforms—especially during sensitive politi-
cal periods. The framework underscores the need
for bot-aware sentiment analysis, transparent en-
gagement metrics, and moderation strategies that
account for coordinated or automated influence.
Limitations: Despite strong results, the framework
has several constraints. (i) LLaMA 3.2 may carry
pretraining biases that affect stance predictions. (ii)
Bot detection relies on empirically tuned thresholds
(e.g., cosine similarity, repetition rate), which may
limit generalizability. (iii) The dataset is platform-
specific (TOI), and findings may not fully generalize
across India’s diverse media ecosystem. (iv) Sen-
timent tools may miss sarcasm, satire, or deeper
intent in human discourse. (v) The bot detection val-
idation relies on a small manually annotated set of
50 super-active users labeled by co-authors; inter-
annotator agreement was assessed, but indepen-
dent external validation would further strengthen
reliability.

Future Work: We aim to fine-tune LLMs for In-
dian political contexts, incorporate temporal and
network-level features, expand to multilingual plat-
forms, and integrate misinformation detection to
explore its overlap with engagement bias.

6. Ethical Considerations

This study analyzes publicly available user com-
ments without collecting any personally identifi-
able information (PII). While labeling users as bots
poses ethical risks, we mitigate false positives
through a conservative, rule-based detection frame-
work using comment repetition, textual similarity,
and volume. Thresholds were empirically tuned
and validated on manually reviewed subsets. User-
names in all visualizations were anonymized or
replaced with placeholders.

We do not assert definitive bot identity, but high-
light patterns of non-organic behavior in aggregate.
No individual profiling was performed, and all analy-
sis adhered to ethical standards for public data use.
The goal is to surface systemic risks in discourse,
not moderate users.

"https://github.com/DiabolikArms/
OnlineNewsMediaCharacterization
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