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WHAT IS THE PROBLEM? 
THE INVISIBLE BIAS IN NEWS
News media doesn't have to lie to mislead. Most people consume news from mainstream
sources where stories, though factually accurate, can still be biased through framing: the tone,
perspective, or facts chosen to present an issue in a particular way. 

This is framing bias and unlike fake news, it is virtually invisible to the casual reader.
Example: Same event, two headlines:

"Demonstrators march for economic justice"
"Angry mob disrupts city center"

Both can be factually defensible. Both paint entirely different pictures.
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Most existing systems classify text as simply Biased or Not Biased, a binary output that:
Fails to communicate how much bias is present
Cannot differentiate between mildly slanted wording and overtly inflammatory framing
Gives no actionable insight to journalists, editors, or readers

The Core Gap: Bias exists on a spectrum, not a switch. A tool that cannot measure intensity
cannot meaningfully help.
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WHY CURRENT TOOLS FAIL? 
THE BINARY TRAP
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RECASENS ET AL. (2013)

1. WHAT OTHER RESEARCHERS DID TO SOLVE THE PROBLEM?
Recasens et al. studied biased wording in Wikipedia articles and edits. They focused on identifying phrases that introduce subjective or non-neutral framing in
text. The researchers analyzed linguistic patterns such as emotionally loaded words, hedges, and subjective expressions to distinguish biased language from
neutral writing.

2. DEVELOPED SOLUTION FROM THE STUDY
The paper proposed a Logistic Regression–based linguistic model using lexical and syntactic features to detect biased phrasing. Features included:

Subjective words
Opinionated adjectives
Hedges and intensifiers
Part-of-speech patterns

Their approach demonstrated that linguistic cues can effectively identify framing bias in textual content.

3. HOW OUR PROJECT EXTENDS OR IMPROVES THIS WORK

Uses a regression-based bias score instead of binary detection
Extracts richer linguistic features:
sentiment scores
biased-word ratios
adjective usage
punctuation and capitalization patterns
Improves overall prediction accuracy for headline framing bias.

https://web.stanford.edu/~jurafsky/pubs/neutrality.pdf



BALY ET AL. (2018\2019)

1. WHAT OTHER RESEARCHERS DID TO SOLVE THE PROBLEM?
Baly et al. investigated media bias at the news outlet level instead of individual headlines. They analyzed political leaning and factuality using information
from: article content, Wikipedia pages, Twitter profiles, web traffic signals
The goal was to classify news organizations into political orientations such as left, center, or right.

2. DEVELOPED SOLUTION FROM THE STUDY
The study used Support Vector Machine (SVM) classifiers with textual and metadata features to predict:

political bias
factuality of reporting

The research showed that combining linguistic information with external metadata significantly improves media bias prediction.

3. HOW OUR PROJECT EXTENDS OR IMPROVES THIS WORK
Our project improves upon this by:
Detecting framing bias directly at the headline level, enabling fine-grained analysis.
Introducing a continuous regression score rather than only categorical political labels.
Using advanced linguistic and semantic features such as:
biased-word ratios
sentiment polarity
entity detection
adjective density
hedge and intensifier counts
Improving model performance through richer feature engineering and combined feature representations. https://sls.csail.mit.edu/publications/2018/RamyBaly_EMNLP18.pdf



SPINDE ET AL. (2021)

1. WHAT OTHER RESEARCHERS DID TO SOLVE THE PROBLEM?
Spinde et al. created the BABE (Bias Annotations By Experts) dataset to study media bias in news articles. They focused on detecting biased framing and
wording using annotated political news content.

2. DEVELOPED SOLUTION FROM THE STUDY
The paper applied BERT-based transformer models for neural bias detection. Their transformer approach achieved strong performance with approximately:

Macro F1-score ≈ 0.80
The study demonstrated that contextual language models can effectively capture subtle framing and ideological cues in political text.

3. HOW OUR PROJECT EXTENDS OR IMPROVES THIS WORK
Our project builds upon transformer-based bias detection by:
Combining textual embeddings with handcrafted linguistic features.
Adding regression-based scoring to measure degree of framing bias.
Engineering additional explainable features such as:
punctuation counts
capitalization usage
adjective ratios
sentiment and subjectivity measures
named entity features
These additions improve interpretability and help increase classification accuracy while providing more nuanced bias estimation.

https://media-bias-research.org/wp-content/uploads/2022/01/Neural_Media_Bias_Detection_Using_Distant_Supervision_With_BABE___Bias_Annotations_By_Experts_MBG.pdf



1. WHAT OTHER RESEARCHERS DID TO SOLVE THE PROBLEM?
Krieger et al. explored whether pretrained language models could better detect biased language if adapted to a neutrality-focused domain such as Wikipedia.
They investigated how domain-specific pretraining influences bias classification performance.

2. DEVELOPED SOLUTION FROM THE STUDY
The researchers used Domain-Adaptive Pretraining (DAPT) on RoBERTa models using large-scale neutral Wikipedia text before fine-tuning on bias detection
tasks. Their adapted transformer model improved performance and achieved:

Accuracy ≈ 82.5%
The study showed that domain-specific pretraining improves generalization in media bias detection.

3. HOW OUR PROJECT EXTENDS OR IMPROVES THIS WORK
Our project extends this research by:
Combining deep textual representations with engineered linguistic and structural headline features.
Using regression-based scoring to quantify framing intensity instead of only classification.
Incorporating explainable NLP indicators such as:
sentiment polarity
subjectivity
biased-word frequency
POS-tag statistics
named entity patterns
This hybrid approach improves interpretability, captures subtle framing patterns, and contributes to higher predictive performance on news headline bias
detection.

https://arxiv.org/pdf/2205.10773

KRIEGER ET AL.



Research Paper Limitations

Recasens et al. (2013) Linguistic Models for Detecting Biased Language

• Focuses mainly on lexical and syntactic bias cues 
• Uses binary classification instead of bias intensity scoring 
• Limited semantic understanding of contextual framing 
• Does not combine embeddings with engineered linguistic features

Baly et al. (2019) Predicting Factuality and Political Bias of News Media

• Detects bias at outlet level rather than headline level 
• Relies heavily on metadata and external sources 
• Limited fine-grained framing analysis of individual headlines 
• Does not quantify degree of framing bias

Spinde et al. (2021) Neural Media Bias Detection using BABE Dataset

• Transformer models require large annotated datasets 
• Limited interpretability of deep learning predictions 
• Focuses mainly on classification rather than continuous scoring 
• Handcrafted linguistic indicators are not deeply explored

Krieger et al. (2022) Domain-Adaptive Pretraining for Media Bias
Detection

• Primarily improves transformer pretraining strategy 
• Limited explainability of detected bias patterns 
• Focuses mainly on textual embeddings 
• Does not integrate detailed linguistic and sentiment-based features
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ABOUT THE DATASET ABOUT THE DATASET 
1.The BABE dataset contains 3,700 annotated news sentences, making it significantly larger

than many previous media bias datasets. Data was collected from 14 US news outlets covering
12 controversial political and social topics from 2017–2020. This improves both the topical
diversity and political representativeness of the dataset.

2.The dataset includes sentence-level bias labels, word-level bias annotations, and

factual/opinion/mixed classifications. Annotation was performed by multiple experts, with 8
annotators for 1,700 sentences and 5 annotators for the full dataset. This multi-layer
annotation process increases the dataset’s credibility and usefulness for bias detection tasks.

3.The dataset achieved a Krippendorff’s Alpha of approximately 0.40, showing relatively strong
inter-annotator agreement for a subjective task. Previous media bias datasets often reported
agreement scores between 0.00–0.21 only. The best benchmark model trained on BABE
achieved a Macro F1-score of 0.804, indicating strong label consistency and learnability.
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We started with a journalism-focused bias dataset containing the following key columns:
text
news_link
outlet
topic
type
label_bias
label_opinion
biased_words
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RAW DATASET ANALYSIS

ABOUT THE DATASET ABOUT THE DATASET 



BABE DATASETBABE DATASET

https://github.com/Media-Bias-Group/Neural-Media-Bias-Detection-Using-Distant-Supervision-With-BABEDATASET:

*3675 ROWS
1810 BIASED, 1863 NON BIASED
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Normalized the complete dataset to maintain uniform feature scaling.
Prevented high-magnitude features from dominating the training process.

Converted categorical bias labels into numerical values:
Biased → 1
Unbiased → 0

Removed rows where:
label_opinion = "No Agreement"

Eliminated conflicting expert annotations and reduced label noise.

Removed noisy, duplicate, and incomplete samples.

Dataset Normalization

Label Encoding

Removing Ambiguous Samples

Dataset Cleaning

DATA PREPROCESSINGDATA PREPROCESSING
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TEXT STATISTICS
char_len
word_count
avg_word_len
punct_count
caps_word_count

SENTIMENT FEATURES
vader_compound
vader_pos
vader_neg
vader_neu
subjectivity
polarity

BIAS-ORIENTED FEATURES
biased_word_count
biased_word_ratio
biased_word_present

LINGUISTIC STRUCTURE FEATURES
adj_count
adj_ratio
verb_count
noun_count

SEMANTIC/NER FEATURES
entity_count
has_person
has_org
has_place
person_count

TONE & FRAMING FEATURES
intensifier_count
hedge_count
negative_word_count
is_question
is_exclamation

WE EXTRACTED MULTIPLE LINGUISTIC, LEXICAL, AND SEMANTIC FEATURES:
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Feature Meaning

char_len Character Length

word_count Total Word Count

avg_word_len Average Word Length

punct_count Punctuation Count

caps_word_count Capitalized Word Count

biased_word_count Count of Biased Words

biased_word_ratio Ratio of Biased Words

biased_word_present Presence of Biased Words

vader_compound VADER Compound Score

vader_pos VADER Positive Score

vader_neg VADER Negative Score

vader_neu VADER Neutral Score

subjectivity Subjectivity Score

polarity Sentiment Polarity Score

Feature Meaning

adj_count Adjective Count

adj_ratio Adjective Ratio

verb_count Verb Count

noun_count Noun Count

entity_count Named Entity Count

has_person Presence of Person Entity

has_org Presence of Organization Entity

has_place Presence of Place Entity

person_count Person Entity Count

intensifier_count Intensifier Word Count

hedge_count Hedge Word Count

negative_word_count Negative Word Count

is_question Question Indicator

is_exclamation Exclamation Indicator

GLOSSARY
DATA PREPROCESSINGDATA PREPROCESSING
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We implemented four machine learning models to classify news headlines as biased or non-biased:
Logistic Regression (LR): Linear classification model with GridSearchCV hyperparameter tuning using 5-fold
cross-validation.
XGBoost Classifier (XGB): Gradient boosting model with 300 decision trees for learning complex non-linear
relationships.
Random Forest Classifier (RF): Ensemble tree-based model using 300 trees to improve robustness and reduce
overfitting.
Support Vector Machine (SVM): Linear SVM with probability calibration for confidence-based classification.

Feature Sets Evaluated
Emb: Sentence-transformer embeddings
Hand: Handcrafted linguistic and sentiment-based features
Combined: Embeddings + handcrafted NLP features

Evaluation Metrics
Models were evaluated using:

Accuracy
F1 Macro Score
ROC-AUC

CLASSIFICATIONCLASSIFICATION
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After extensive feature engineering, we wanted to validate whether the
extracted features were genuinely informative for bias detection or simply
adding noise to the dataset.
To verify whether the engineered features were relevant and informative,
we trained a Logistic Regression classifier on the fully processed dataset.

Performance Analysis
The normalized confusion matrix showed:

90% correct classification for Non-Biased samples
88% correct classification for Biased samples
Accuracy : 0.89
Precision : 0.898
AUC Score = 0.934
F1 SCORE = 0.888

Key Findings
The model achieved strong classification performance.
ROC analysis showed good class separability.
Validated that the engineered features.

The strongest benchmark in the literature was BERT with distant supervision, achieving a Macro F1-score of 0.804 while our
models F1 score being 0.888 is better.

CLASSIFICATIONCLASSIFICATION



The dataset only provided binary/categorical bias annotations, which was insufficient for our initial goal of
measuring bias severity on a continuous scale (1–10).

FURTHERMORE 

SO OUR NEW APPROACH INVOLVES INTRODUCING



REGRESSION SCORE
BASED MODEL

This will transform the problem from:
Binary Classification to Continuous Regression



1.Base (1.0) The absolute minimum score, representing a completely neutral and factual sentence.
2. Expert Bias       | Weight: +4.0 A binary flag indicating if trained media experts explicitly labeled

the text as biased. If experts agree it is biased, it mathematically guarantees a high severity score.
3. Opinion/Subjectivity      | Max Weight: +3.0 A tiered multiplier based on the expert's classification

of how the information is presented . "Entirely factual" = +0.0 (No penalty, purely objective).
"Somewhat factual but also opinionated" = +1.5 (Partial penalty for mixing facts with subjective
framing). "Expresses writer's opinion" = +3.0 (Maximum penalty for entirely subjective claims
masked as news).

4. Lexical Density             | Weight: +2.0 The ratio of loaded/biased words to the total length of the
sentence. A short sentence packed with slanted words gets a higher intensity penalty than a long
paragraph with a single loaded word.
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ONALE AND CITATIONS   RATIONALE AND CITATIONS   RATIONALE AND CITATIONS   RATIONALE AND CITATIONS   RATIONALE AND CITATIONS   RATIONALE AND CITA

Prior research in “Neural Media Bias Detection Using Distant Supervision
With BABE” argues that media bias is highly contextual and difficult to
capture using simple automated or crowdsourced labeling methods.
The paper specifically highlights that crowdsourced annotations often produce
low annotator agreement expert annotations are significantly higher quality and
more reliable

Trained experts better identify subtle framing and ideological manipulation
BABE therefore constructs a dataset based on gold-standard expert
annotations for both sentence-level and word-level bias detection.

CONNECTION TO OUR FORMULA:
As prior literature treats expert- onfirmed bias as the most reliable indicator of
actual media bias, our framework assigns the largest weight (+4.0) to expert-
labeled bias.
This ensures that expert consensus strongly influences the bias severity score.

WHY THIS WORKSWHY THIS WORKS



Prior work in “Sentiment Analysis in the News” shows that news
bias is closely tied to how information is presented rather than
only what information is presented.
The paper distinguishes between: factual reporting, partially opinionated
reporting, explicitly subjective or evaluative statements.

It argues that opinion mining in news differs from normal sentiment
analysis because journalistic bias often appears through subtle
subjective framing embedded within factual content.

CONNECTION TO OUR FORMULA:
This directly motivates our tiered subjectivity component:
factual statements receive no penalty,
partially opinionated statements receive a moderate increase,
explicitly opinion-based reporting receives the maximum increase.
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ONALE AND CITATIONS   RATIONALE AND CITATIONS   RATIONALE AND CITATIONS   RATIONALE AND CITATIONS   RATIONALE AND CITATIONS   RATIONALE AND CITA

Prior research in “Linguistic Models for Analyzing and Detecting Biased
Language” identifies several linguistic patterns strongly associated with biased
reporting, including intensifiers, one-sided terms,assertives,hedges,factive
verbs.
The paper further shows that framing bias constitutes a major portion of observed
media bias, with “one-sided terms” being one of the most dominant subcategories.

This suggests that biased reporting frequently manifests through concentrated framing
vocabulary and emotionally loaded wording.

CONNECTION TO OUR FORMULA:
Based on this finding, our framework incorporates lexical density as a measure of
framing intensity:

A higher concentration of loaded language increases the media bias score because
prior literature identifies framing vocabulary as a major linguistic signal of bias.

WHY THIS WORKSWHY THIS WORKS
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We Applied TF-IDF on the complete textual dataset to convert news text into numerical vectors.
Results -

Model                                        MAE        RMSE

Random Forest Regressor      2.5532      3.1027
XGBoost Regressor                 2.9060      3.1841

Key Observation

Although TF-IDF captured keyword importance, it:
Failed to capture contextual semantics
Ignored sentence structure
Could not model nuanced framing bias effectively

Conclusion

Traditional bag-of-words representations were insufficient for subtle bias severity estimation
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Problem with Previous Pipeline

Extremely high-dimensional sparse vectors
Redundant/noisy features
Increased computational complexity

Solution: Principal Component Analysis (PCA)

Reduce dimensionality
Remove redundant variance

PCA Statistics

MetricValue                     Original Feature Count                     Reduced Feature Count                      Variance Retained
                                                                528                                                     414                                                 95%

ML Approach: Dimensionality Reduction using PCA
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Retrained Models on PCA Features

PCA significantly improved:
Noise reduction
Generalization capability
Regression stability

Key Insight
Reducing irrelevant feature variance allowed XGBoost to focus on meaningful framing patterns.

MODEL MAE RMSE

RANDOM FOREST 2.032 2.444

XGBoost 1.803 2.239
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TF-IDF still lacked:

Semantic understanding
Context awareness
Relationship between words

Proposed Improvement - 

Text Embeddings
Headline embeddings were generated using the Sentence-Transformer model all-mpnet-base-v2, which
converts each headline into dense semantic vector representations.
Feature Sets Evaluated

Emb: Transformer embeddings only
Hand: Handcrafted NLP features only
Combined: Embeddings + engineered features

ML Approach: Embedding-Based Approach 
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Model MAE RMSE

XGBoost Regressor 1.209 1.6967

Random Forest Regressor 1.226 2.015

Results after training on dataset with embeddings
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After experimenting with traditional ML models, PCA, and embedding-based pipelines, we implemented a
Transformer-based architecture for contextual bias severity prediction.

We selected DistilRoBERTa because:
          Lightweight architecture (~82M parameters)
          Faster inference and training
          Strong contextual language understanding  
          Optimized for NLP feature extraction tasks

Encoder-Only Advantage
          DistilRoBERTa is an encoder-only transformer, making it highly effective for sentence understanding and
          content extraction
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Tokenization
      Converted raw text into numerical tensors
      Applied:
      Padding and truncation
      Used DistilRoBERTa tokenizer for standardized transformer input formatting

Regression Head Modification
      Classification → Regression
      Changes Made
      num_labels = 1

Supervised Fine-Tuning
      Used 80/20 train-test split

Optimized using:
      AdamW Optimizer

Fine-tuned on expert-derived target scores

Metric Value

MAE 1.57

RMSE 2.23
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Approach Model MAE RMSE Key Limitation

TF-IDF Features Random Forest 2.55 3.1
Poor contextual
understanding

TF-IDF Features XGBoost 2.9 3.18
Sparse high-
dimensional vectors

PCA + ML Random Forest 2.03 2.44
Limited semantic
understanding

PCA + ML XGBoost 1.8 2.23
Context still partially
lost

Embeddings +
Features

Random Forest 1.226 2.01
Lower semantic
generalization

Embeddings +
Features

XGBoost 1.2 1.63 Static embeddings

Transformer Model DistilRoBERTa 1.57 2.23
Higher
computational cost

RFORMANCE ANALYSIS    PERFORMANCE ANALYSIS    PERFORMANCE ANALYSIS    PERFORMANCE ANALYSIS    PERFORMANCE ANALYSIS    PERFORMANCE ANA

Best Performing Model
Embedding + XGBoost Pipeline

MAE RMSE R² Score

Metric Value 1.20 1.63 0.780

The hybrid embedding pipeline successfully combined:
Semantic text embeddings
Linguistic feature engineering
Sentiment analysis features
Bias density indicators

This allowed the model to:
Capture contextual meaning
Detect framing intensity
Preserve computational efficiency
Generalize better on structured news data

PERFORMANCE ANALYSISPERFORMANCE ANALYSIS



1.Editorial Pre-screening Newsrooms can auto-flag highly biased drafts before publication,
helping maintain editorial standards at scale.

2. Algorithmic Transparency for Platforms Social media ranking systems can demote content
with extreme bias scores, promoting healthier information ecosystems.

3. Media Literacy Tools for Readers Researchers at CHI 2025 demonstrated that a Media Bias
Detector tool was seen by participants as a valuable resource in media literacy classrooms
whether at college level or in public-facing settings  and could educate users to recognize blind
spots in news coverage. ACM Digital Library

4. Academic Research Enables large-scale computational journalism studies  tracking how
framing of the same event evolves across outlets and over time.

5.The solution can be deployed at Plaksha as a lightweight API or browser extension, with
potential applications in newsroom editorial screening, social media content ranking, and
media literacy education.

OTENTIAL APPLICATIONS    POTENTIAL APPLICATIONS    POTENTIAL APPLICATIONS     POTENTIAL APPLICATIONS     POTENTIAL APPLICATIONS     POTENTIAL APPLIC

AP[;ICATIONS AND DEPLOYMEAPPLICATIONS & DEPLOYMENT

https://dl.acm.org/doi/10.1145/3706598.3713716


THANK YOUTHANK YOU
shlok.gupta.ug24@plaksha.edu.in
sartajdeep.s.ug24@plaksha.edu.in
kanav.nanda@plaksha.edu.in


	FRAMING BIAS DETECTION
	AI3011 MACHINE LEARNING & PATTERN RECOGNITION
	PRESENTED BY :
	GROUP 31

	FRAMING BIAS DETECTION
	PROBLEM
	STATEMENT

	PROBLEM STATEMENT
	PROBLEM STATEMENT
	WHAT IS THE PROBLEM?  THE INVISIBLE BIAS IN NEWS
	News media doesn't have to lie to mislead. Most people consume news from mainstream sources where stories, though factually accurate, can still be biased through framing: the tone, perspective, or facts chosen to present an issue in a particular way.
	This is framing bias and unlike fake news, it is virtually invisible to the casual reader. Example: Same event, two headlines:
	"Demonstrators march for economic justice"
	"Angry mob disrupts city center"
	Both can be factually defensible. Both paint entirely different pictures.



	PROBLEM STATEMENT
	PROBLEM STATEMENT
	WHY CURRENT TOOLS FAIL?  THE BINARY TRAP
	LITERATURE
	SURVEY



	LITERATURE SURVEY
	LITERATURE SURVEY
	Evolution of Media Bias Detection Research (2013-2022)
	Krieger et al. Domain-Adaptive Pretraining | ROBERTa pretrained on Wikipedia neutrality improves accuracy to = 82.5%
	2013

	2019
	2020
	2021
	2022


	RECASENS ET AL. (2013)
	1. WHAT OTHER RESEARCHERS DID TO SOLVE THE PROBLEM?
	Recasens et al. studied biased wording in Wikipedia articles and edits. They focused on identifying phrases that introduce subjective or non-neutral framing in text. The researchers analyzed linguistic patterns such as emotionally loaded words, hedges, and subjective expressions to distinguish biased language from neutral writing.

	2. DEVELOPED SOLUTION FROM THE STUDY
	The paper proposed a Logistic Regression–based linguistic model using lexical and syntactic features to detect biased phrasing. Features included:
	Subjective words
	Opinionated adjectives
	Hedges and intensifiers
	Part-of-speech patterns
	Their approach demonstrated that linguistic cues can effectively identify framing bias in textual content.

	3. HOW OUR PROJECT EXTENDS OR IMPROVES THIS WORK
	Uses a regression-based bias score instead of binary detection
	Extracts richer linguistic features:
	sentiment scores
	biased-word ratios
	adjective usage
	punctuation and capitalization patterns
	Improves overall prediction accuracy for headline framing bias.


	BALY ET AL. (2018\2019)
	1. WHAT OTHER RESEARCHERS DID TO SOLVE THE PROBLEM?
	Baly et al. investigated media bias at the news outlet level instead of individual headlines. They analyzed political leaning and factuality using information from: article content, Wikipedia pages, Twitter profiles, web traffic signals The goal was to classify news organizations into political orientations such as left, center, or right.

	2. DEVELOPED SOLUTION FROM THE STUDY
	The study used Support Vector Machine (SVM) classifiers with textual and metadata features to predict:
	political bias
	factuality of reporting
	The research showed that combining linguistic information with external metadata significantly improves media bias prediction.

	3. HOW OUR PROJECT EXTENDS OR IMPROVES THIS WORK
	Our project improves upon this by:
	Detecting framing bias directly at the headline level, enabling fine-grained analysis.
	Introducing a continuous regression score rather than only categorical political labels.
	Using advanced linguistic and semantic features such as:
	biased-word ratios
	sentiment polarity
	entity detection
	adjective density
	hedge and intensifier counts
	Improving model performance through richer feature engineering and combined feature representations.


	SPINDE ET AL. (2021)
	DATASET

	ABOUT THE DATASET
	ABOUT THE DATASET
	The BABE dataset contains 3,700 annotated news sentences, making it significantly larger than many previous media bias datasets. Data was collected from 14 US news outlets covering 12 controversial political and social topics from 2017–2020. This improves both the topical diversity and political representativeness of the dataset.
	The dataset includes sentence-level bias labels, word-level bias annotations, and factual/opinion/mixed classifications. Annotation was performed by multiple experts, with 8 annotators for 1,700 sentences and 5 annotators for the full dataset. This multi-layer annotation process increases the dataset’s credibility and usefulness for bias detection tasks.
	The dataset achieved a Krippendorff’s Alpha of approximately 0.40, showing relatively strong inter-annotator agreement for a subjective task. Previous media bias datasets often reported agreement scores between 0.00–0.21 only. The best benchmark model trained on BABE achieved a Macro F1-score of 0.804, indicating strong label consistency and learnability.


	BABE DATASET
	BABE DATASET
	*3675 ROWS
	1810 BIASED, 1863 NON BIASED
	DATASET:
	CLASSIFICATION



	DATA PREPROCESSING
	DATA PREPROCESSING
	Dataset Normalization
	Normalized the complete dataset to maintain uniform feature scaling.
	Prevented high-magnitude features from dominating the training process.
	Converted categorical bias labels into numerical values:
	Biased → 1
	Unbiased → 0
	Removed rows where:
	label_opinion = "No Agreement"
	Eliminated conflicting expert annotations and reduced label noise.
	Removed noisy, duplicate, and incomplete samples.

	Label Encoding
	Removing Ambiguous Samples
	Dataset Cleaning
	TEXT STATISTICS


	DATA PREPROCESSING
	DATA PREPROCESSING
	GLOSSARY


	FINAL DATASET
	Feature Sets Evaluated
	Evaluation Metrics

	CLASSIFICATION
	Performance Analysis
	Key Findings
	REGRESSION SCORE


	OUR GOLDEN FORMULA
	OUR GOLDEN FORMULA
	GOLDEN FORMULA   GOLDEN FORMULA   GOLDEN FORMULA   GOLDEN FORMULA   GOLDEN FORMULA   GOLDEN FORMULA   GOLDEN FORMULA   GOLDEN FORMULA


	WHY THIS WORKS
	WHY THIS WORKS

	WHY THIS WORKS
	WHY THIS WORKS

	WHY THIS WORKS
	WHY THIS WORKS
	METHODOLOGY


	METHODOLOGY - 1
	METHODOLOGY - 1
	ML Approach: TF-IDF


	TF/IDF
	Problem with Previous Pipeline
	Solution: Principal Component Analysis (PCA)
	PCA Statistics
	Retrained Models on PCA Features
	Key Insight

	Proposed Improvement -
	Text Embeddings
	Feature Sets Evaluated


	EMBEDDINGS
	EMBEDDINGS

	METHODOLOGY - 3
	METHODOLOGY - 3
	Our Best ML Approach: Embedding-Based Approach


	METHODOLOGY - 4
	METHODOLOGY - 4
	ML Approach: Transformer Approach
	Tokenization
	Regression Head Modification
	Changes Made

	Best Performing Model
	Embedding + XGBoost Pipeline

	APPLICATIONS & DEPLOYMENT
	Editorial Pre-screening Newsrooms can auto-flag highly biased drafts before publication, helping maintain editorial standards at scale.
	Algorithmic Transparency for Platforms Social media ranking systems can demote content with extreme bias scores, promoting healthier information ecosystems.
	Media Literacy Tools for Readers Researchers at CHI 2025 demonstrated that a Media Bias Detector tool was seen by participants as a valuable resource in media literacy classrooms  whether at college level or in public-facing settings  and could educate users to recognize blind spots in news coverage. ACM Digital Library
	Academic Research Enables large-scale computational journalism studies  tracking how framing of the same event evolves across outlets and over time.
	The solution can be deployed at Plaksha as a lightweight API or browser extension, with potential applications in newsroom editorial screening, social media content ranking, and media literacy education.


	THANK YOU
	THANK YOU

