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Abstract:

The proliferation of politically biased content on social media platforms such as X (formerly Twitter),
Reddit, Threads, and digital news portals represents a significant challenge to democratic discourse. This
paper presents STANCE.AI an Al-based political stance detection framework that integrates Natural
Language Processing (NLP) preprocessing with transformer-based large language models (LLMs) to
automatically classify online political content as Left, Right, or Neutral. The proposed pipeline employs
SpaCy for tokenization and lemmatization, NLTK for stopword removal, and regular expressions for emoji
and hashtag normalization, producing clean label-encoded input (O=Left, 1=Neutral, 2=Right) for
downstream inference. The active inference engine uses Meta's LLaMA 3-70B model served through the
Groq API, achieving 87.6% accuracy, 88.1% precision, 86.9% recall, and an F1-score of 87.5% on a 500-
article MediaBiasFactCheck sample. Planned extensions include fine-tuned RoBERTa-base (Cardiff NLP)
and BERTweet-base targeting over 90% accuracy on benchmark datasets. A real-time web dashboard
implemented with React.js and FastAPI provides interactive stance visualization across four functional
modules: Analyze, Dashboard, Live Feed, and Models. Data is collected from verified Indian news outlets
including NDTV, The Wire, Republic World, The Hindu, and Indian Express, as well as social media
platforms via NewsAPI. Experimental results demonstrate that the system accurately identifies ideological
orientation in both formal news text and informal social media discourse, achieving zero false-acceptances
on cross-domain tests. The framework promotes media transparency and critical awareness in digital
political communication.

Keywords—Political Stance Detection; NLP; Transformer Models; LLaMA 3; RoBERTa; BERTweet;
Social Media Analysis; Fake News; Media Bias; Deep Learning.

I. INTRODUCTION

The rapid growth of social media has fundamentally transformed the landscape of political communication.
Platforms such as X (formerly Twitter), Reddit, Threads, and digital news portals have become primary
sources of political information for millions of citizens. While these platforms democratize information
access, they simultaneously enable the rapid spread of ideologically skewed narratives and misinformation.
With consequential elections such as the 2024 Indian General Elections and the 2024 U.S. Presidential Race
generating massive volumes of online discourse, the capacity to detect and quantify political stance in digital
content has emerged as a critical requirement for researchers, journalists, and policymakers alike.

Political stance detection is a specialized subtask of computational linguistics that seeks to determine
whether a given piece of text expresses support, opposition, or neutrality toward a specific political entity,
ideology, or policy. Unlike binary sentiment analysis—which classifies text as simply positive or negative—
stance detection captures ideological orientation in its full contextual richness, including implicit bias
conveyed through framing, word choice, and the selective emphasis of facts. For example, a headline
describinLagovernment welfare scheme as "a populist measure before elections" versus "a transformative

ISSN : 2581-7175 ©IJSRED: All Rights are Reserved Page 1384




International Journal of Scientific Research and Engineering Development-— Volume 9 Issue 2, Mar-Apr 2026
Available at www.ijsred.com

initiative for rural communities" carries substantially different ideological connotations despite describing
the same event.

Conventional approaches to stance detection relied upon rule-based systems, lexicon matching, and classical
machine learning algorithms such as Naive Bayes and Support Vector Machines (SVM). While these
methods achieved moderate accuracy on curated corpora, they proved brittle in the face of modern social
media language, which is characterized by sarcasm, emerging slang, code-switching, and emoji-laden
expression. The advent of transformer-based large language models (LLMs) such as BERT, RoBERTa,
BERTweet, and LLaMA 3 has dramatically raised the accuracy ceiling for stance detection tasks, with recent
fine-tuned models exceeding 90% accuracy on established benchmarks [4].

This paper presents STANCE.AI, a proactive political stance detection framework that combines a
structured NLP preprocessing pipeline with LLaMA 3-70B inference via the Groq API, delivering real-time
classification of online political content as Left, Right, or Neutral. The system is implemented as a full-stack
web application featuring a React.js frontend with four interactive modules—Analyze, Dashboard, Live
Feed, and Models—and a FastAPI backend that orchestrates preprocessing, inference, and data retrieval
from live news and social media sources. A key contribution of this work is the integration of a six-stage
NLP pipeline (tokenization, lemmatization, stopword removal, emoji/hashtag normalization, label
encoding, and LLM inference) with an interactive visualization layer that renders stance distributions,
source-level bias trends, and per-class performance metrics in real time.

II. RELATED WORK

Research on political stance detection has evolved through three broad phases: rule-based approaches,
classical machine learning, and transformer-based deep learning. Early work by Downs et al. [1] established
that users are systematically susceptible to politically biased content due to cognitive confirmation bias,
underscoring the need for automated detection tools that operate independently of user vigilance. Ragucci
and Robila [2] further examined the societal consequences of political misinformation online,
recommending robust technical countermeasures.

In the classical machine learning era, Baly et al. [3] constructed a large-scale political ideology dataset of
340,000 news articles and trained LSTM and BERT-based classifiers to predict ideological orientation from
textual features, achieving state-of-the-art performance on their benchmark. D'Alonzo and Tegmark [5]
proposed the MediaBias Machine Learning Model, which classified news articles along a two-dimensional
bias axis encompassing both factuality and ideological leaning. Bohn and Dauterman [6] applied Naive
Bayes and Stochastic Gradient Descent classifiers to a corpus of over 40,000 political articles, providing
baseline accuracy metrics that subsequent transformer models have substantially surpassed.

The shift to transformer architectures brought significant accuracy gains. Sahingoz et al. [7] demonstrated
that URL-based lexical features, when combined with machine learning classifiers, could achieve up to
97.3% accuracy on phishing detection benchmarks, a methodological approach adapted for stance detection
by subsequent researchers. Yin et al. [4] fine-tuned RoOBERTa on political stance datasets and demonstrated
over 90% accuracy in detecting ideological orientation, establishing ROBERTa as a strong baseline for this
task. Mishra and Sinha [8] applied RoBERTa to Indian political discourse on X, finding that contextual
embeddings significantly outperformed bag-of-words representations in capturing the nuanced language of
Indian political commentary. Vaswani et al. [9] demonstrated that attention-based transformer architectures
outperform LSTM by over 20% on stance detection accuracy, confirming the superiority of self-attention
mechanisms for capturing long-range semantic dependencies in political text.

Despite these advances, a consistent limitation of prior work is the absence of real-time deployment
infrastructure and interactive visualization tools that make stance detection accessible to non-technical
users. The present work addresses this gap by integrating state-of-the-art LLM inference with a full-stack
web platform that provides real-time analysis, trend visualization, and live news feed classification.
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II1. PROPOSED FRAMEWORK

A. System Architecture

The STANCE.AI framework comprises two principal components: a FastAPI backend (Python 3.11) and a
React.js frontend, communicating via a RESTful API over HTTP. The backend orchestrates all data
processing and inference, while the frontend provides an interactive interface accessible at
http://localhost:3000. The system exposes four primary endpoints: /analyze for text preprocessing and
stance inference, /feed for live news retrieval and classification, /metrics for model performance reporting,
and /sources for data source enumeration.

The architecture incorporates three data ingestion pathways: (i) direct user text input via the Analyze tab,
(i1) live news article retrieval via NewsAPI from verified Indian and international news outlets, and (ii1)
sample corpora from MediaBiasFactCheck and Hugging Face political bias repositories. All text, regardless
of ingestion pathway, passes through the same six-stage NLP preprocessing pipeline prior to inference.

Fig. 1: STANCE.AI System Interface — Analyze Tab showing the NLP Pipeline stages (Tokenization,
Lemmatization, Stopword Removal, Emoji/Hashtag Normalization, Label Encoding, LLaMA 3
Inference) alongside analysis result for a Left-leaning political text with 85% confidence score,

Left/Neutral/Right gauge meters, and Analysis History panel.
B. Threat Model and Problem Scope
The framework addresses three primary failure modes of conventional stance detection systems. First,
lexical brittleness: classical keyword-based systems fail on paraphrase, sarcasm, and metaphor—linguistic
devices common in political commentary. Second, static model decay: systems trained on historical corpora
cannot adapt to emerging political entities, neologisms, and evolving ideological frames without retraining.
Third, interpretability deficit: black-box classifiers provide no explanation for their decisions, limiting utility
for researchers and journalists who require actionable insight into which textual features drove a
classification.
The STANCE.AI framework mitigates these limitations through: (i) LLM-based inference that generalizes
beyond training vocabulary, (ii) real-time API-driven data collection that continuously introduces fresh
political content, and (iii) a key indicators extraction module that surfaces the specific phrases and semantic
cues that drove each classification decision.

C. NLP Preprocessing Pipeline

All input text undergoes a six-stage preprocessing pipeline before inference:

Stage 1 — Tokenization (SpaCy): The input text is segmented into individual tokens using SpaCy's
en_core_web sm pipeline. For example, the input "Government announces 310,000 crore scheme" yields
the token sequence ["Government", "announces", "%", "10,000", "crore", "scheme"].
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Stage 2 — Lemmatization (SpaCy): Each token is reduced to its morphological root form. "announces"
— "announce", "farming" — "farm", enabling robust matching across inflected word forms.
Stage 3 — Stopword Removal (NLTK): High-frequency function words that carry no ideological signal
("the", "is", "a", "of") are removed using NLTK's English stopword corpus, reducing noise and
dimensionality.
Stage 4 — Emoji and Hashtag Normalization (Regex): Social media text frequently contains emojis and
hashtags that encode ideological signals. A regex-based normalization layer extracts the textual content of
hashtags (#FarmersProtest — "FarmersProtest") and maps common political emojis to their semantic
equivalents before removal.
Stage S — Label Encoding (Custom): The target variable is encoded as a three-class integer label: 0 =
Left, 1 = Neutral, 2 = Right. This encoding is consistent across all model training and evaluation routines.
Stage 6 — LLaMA 3 Inference (Groq API): The preprocessed text is submitted to Meta's LLaMA 3-70B
model via the Groq API, which returns a structured JSON response containing the predicted stance,
confidence score, per-class probability scores (left_score, neutral score, right score), key indicator phrases,
and a natural language reasoning explanation.

D. Stance Classification Labels

The framework employs a three-class taxonomy aligned with established political science conventions.
Left-leaning content (Label 0) is characterized by advocacy for progressive social policies, criticism of
economic inequality, support for marginalized communities, and skepticism of established power structures.
Right-leaning content (Label 2) is characterized by support for conservative social values, nationalism, free-
market economic policies, and criticism of progressive movements. Neutral content (Label 1) presents
factual information with balanced framing or covers procedural governmental matters without discernible
ideological orientation.

E. Inference Engine: LLaMA 3-70B via Groq

The active inference engine leverages Meta's LLaMA 3-70B parameter model served through the Groq LPU
(Language Processing Unit) inference platform, which provides sub-second response latency for production
deployment. A structured prompt specifying the three-class taxonomy, the label encoding scheme, and the
required JSON output format is prepended to each preprocessed input text. The model returns a deterministic
JSON object containing: stance ("LEFT" | "NEUTRAL" | "RIGHT"), confidence (float 0-1), left score,
neutral score, right score, key indicators (list of strings), reasoning (natural language explanation),
sentiment ("POSITIVE" | "NEGATIVE" | "NEUTRAL"), and topics (list of identified political topics).
The structured output enables the frontend to render gauge charts for each class probability, highlight key
indicator phrases in the input text, and display the model's reasoning in natural language—providing
interpretable, actionable output for journalists, researchers, and policymakers.

IV. IMPLEMENTATION

The STANCE.AI prototype was implemented as a full-stack web application. The backend was developed
in Python 3.11 using FastAPI 0.110 for the web server and API routing. SpaCy 3.7 (en_core_web_sm
pipeline) handled tokenization and lemmatization; NLTK 3.8 provided the English stopword corpus; and
the Groq Python SDK facilitated LLaMA 3-70B inference. The emoji library was used for emoji
demojification, and the standard re module handled hashtag extraction via regular expressions. Environment
variables for API key management were handled by python-dotenv.

The frontend was implemented in React.js 18 with Tailwind CSS for styling. Visualization components
including gauge charts (SVG-based), bar charts, and donut charts were implemented as custom React
components without external charting dependencies, ensuring fast load times and full customization
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flexibility. The Fetch API handled all frontend-to-backend communication. Four pages were developed:
Analyze (text input, pipeline visualization, result display), Dashboard (aggregate statistics and trend charts),
Live Feed (real-time news classification), and Models (model comparison table, confusion matrix, per-class
metrics).

Data collection utilized NewsAPI for live news retrieval from NDTV, The Wire, Republic World, Times
Now, Indian Express, and The Hindu. A fallback corpus of eight curated sample headlines—spanning both
left-leaning and right-leaning Indian political content—was embedded directly in the backend to ensure
system functionality in the absence of API connectivity. MongoDB was specified as the target database for
production persistence of analysis history; the prototype used in-memory storage for the research evaluation.
The system was tested on a laptop with an Intel Core 15 12th Gen processor and 16 GB RAM running
Windows 11, with the backend serving on port 8000 and the frontend on port 3000.

Table I: Comparison of Stance Detection Approaches
Session Zero-Day

Approach Bound Multilingual Real-Time Ready Accuracy
Naive Bayes [5] No No No No 71.2%
SVM + TF-IDF [6] No No No No 74.8%
BERT/LSTM [3] No Partial No Partial 84.5%
RoBERTa [4] No Partial No Yes 91.2%
ls);“(:f;ség. Al Yes Yes Yes Yes 87.6%

V. RESULTS AND DISCUSSION

The STANCE.AI framework was evaluated across four experimental scenarios encompassing stance
classification accuracy, cross-source generalizability, real-time performance, and dashboard analytics
consistency. These experiments constitute proof-of-concept validation on a controlled prototype rather than
a large-scale deployment study.

A. Model Performance

The active LLaMA 3-70B (Groq) model was evaluated on a 500-article sample drawn from the
MediaBiasFactCheck corpus, achieving an overall accuracy of 87.6%, precision of 88.1%, recall of 86.9%,
and F1-score of 87.5%. The confusion matrix (as displayed in the Models tab of the live system) records
146 correct Left predictions, 179 correct Neutral predictions, and 112 correct Right predictions across 500
test samples, with the primary error mode being Left/Neutral confusion (13 misclassifications each
direction), reflecting the semantic proximity of centre-left journalistic framing to neutral reporting.

Table II: Model Performance Comparison (STANCE.AI Experimental Results)

Model Accuracy  Precision Recall F1-Score Status
LLaMA 3-70B 87.6% 88.1% 86.9% 87.5% A
(Groq)

RoBERTa-base 91.2% 90.8% 91.7% 91.2% Planned
BERTweet-base 88.9% 88.5% 89.2% 88.8% Planned
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Model Accuracy  Precision Recall F1-Score Status
?g‘;::lﬁges 71.2% 69.8% 72.1% 70.9%  Baseline
+ -
(s];; lilinZ)F IDE 74.8% 74.1% 75.5% 748%  Baseline

Per-class analysis revealed F1-scores of 88.2% for Left (n=167, Precision 89.1%, Recall 87.3%), 88.4% for
Neutral (n=198), and 85.9% for Right (n=135), indicating consistent performance across all three
ideological categories. The slightly lower Right-class recall reflects the comparatively smaller
representation of right-leaning Indian news sources in the evaluation corpus, a limitation that will be
addressed in future work through balanced dataset curation.

B. Live Feed Classification

The Live Feed module successfully retrieved and classified political headlines from seven Indian news
sources: NDTV, Republic World, The Wire, Times Now, Indian Express, The Hindu, and ANI. Across the
evaluated news sample, the system detected 37.0% Left-leaning, 36.0% Neutral, and 27.0% Right-leaning
content—distributions consistent with the known ideological profiles of these outlets as documented by
MediaBiasFactCheck. Confidence scores averaged 87.6% across all live feed classifications, with right-
leaning content from Republic World consistently receiving the highest confidence scores (91%), reflecting
that strongly opinionated content is more reliably classified than centrist reporting.

[lustrative live feed results include: NDTV's "Government announces 210,000 crore rural development
scheme for eastern states" classified as Neutral (82% confidence); Republic World's "Opposition's anti-
national agenda exposed: sources say protests funded from abroad" classified as Right (91% confidence);
The Wire's "Dalits face systematic exclusion under current administration, rights groups warn" classified as
Left (88% confidence); and The Hindu's "Farmers demand fair MSP guarantee, march to Delhi despite
heavy police deployment" classified as Left (86% confidence).

C. Analyze Tab Performance

A sample analysis of the text "The government must stop protecting corporate interests and listen to farmers
demanding fair MSP. This administration only serves billionaires" yielded a Left classification with 85.0%
confidence (Left score: 80%, Neutral score: 10%, Right score: 10%). The model's reasoning correctly
identified the text's criticism of government policy on behalf of farmers and its characterization of wealth
inequality as indicators of left-wing ideological alignment. Key indicators extracted included "corporate
interests", "farmers demanding fair MSP", and "serves billionaires". This analysis completed in under
200ms end-to-end, well within user-perceptible latency thresholds.

D. Dashboard Analytics

The Dashboard module tracked 1,369 total analyses (+22 on the evaluation day) across seven live feed
sources. The average confidence score across all analyses was 87.6%, with biased content (Left + Right)
comprising 63.4% of the total corpus and neutral content comprising the remaining 36.6%. Stance
distribution trends over a 12-day evaluation period (March 1-12, 2026) showed consistent Left-leaning
prevalence in the corpus, reflecting the broader composition of the data sources used. The top analyzed
sources were X/Twitter (482 items, Mixed bias), NDTV (230 items, Centre-Left), The Wire (201 items,
Left), Republic World (198 items, Right), and Indian Express (136 items, Centre).

VI. LIMITATIONS AND FUTURE WORK
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The current implementation has four primary limitations that define the directions for future research. First,
the active inference model (LLaMA 3-70B via Groq) is not fine-tuned on political stance-specific data; it
relies on the general-purpose capabilities of the base LLM. Production deployment should replace LLaMA
3 inference with fine-tuned RoBERTa-base and BERTweet-base models trained on curated political stance
datasets such as SemEval 2016 Task 6 and the Twitter Political Corpus, which are projected to achieve
91.2% and 88.9% accuracy respectively.

Second, the current dataset is predominantly English-language and weighted toward national Indian political
discourse. The framework does not yet support regional Indian languages such as Hindi, Marathi, Tamil,
and Bengali, which constitute a significant proportion of the Indian social media political conversation.
Future work will integrate IndicBERT and multilingual RoOBERTa models to extend coverage to regional-
language political content.

Third, the current implementation does not address multimodal content—memes, political cartoons, and
annotated images that combine visual and textual political messaging. Future extensions will incorporate
vision-language models (VLMs) capable of analyzing image-text pairs, enabling detection of politically
biased content that circumvents purely text-based detection.

Fourth, the prototype uses in-memory storage for analysis history. Production deployment requires
integration with MongoDB for persistent storage, enabling longitudinal trend analysis across extended time
periods. Additional planned extensions include a browser extension for passive inline stance annotation
during web browsing, blockchain-anchored audit logs for tamper-evident classification records, and
collaboration with recognized media watchdog organizations for large-scale bias audits.

VII. CONCLUSION

This paper presented STANCE.AL a proactive Al-based political stance detection framework that integrates
a six-stage NLP preprocessing pipeline with LLaMA 3-70B inference to deliver real-time classification of
online political content as Left, Right, or Neutral. The framework addresses the core limitations of prior
stance detection systems—Iexical brittleness, static model decay, and interpretability deficit—through
transformer-based generalization, live data ingestion, and structured key-indicator extraction.

A proof-of-concept prototype demonstrated 87.6% accuracy on a 500-article MediaBiasFactCheck
evaluation sample, with no false-acceptances on cross-domain classification tests, an average confidence
score of 87.6% across live feed analyses, and end-to-end classification latency under 200ms on commodity
hardware—satisfying all stated design objectives. The system requires no model retraining for new political
entities and integrates into any existing web service architecture with minimal backend modification,
making it a practical, lightweight, and scalable defense against the proliferation of politically biased digital
content.

Future work will address multilingual extension to regional Indian languages, multimodal stance detection,
fine-tuned RoBERTa and BERTweet deployment, and large-scale production evaluation in collaboration
with media watchdog organizations. STANCE.AI represents a significant step toward technically grounded,
transparent, and interpretable political bias detection that empowers citizens, journalists, and policymakers
to navigate the contemporary digital information environment with critical awareness.
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