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Large Language Models (LLMs) often reflect societal biases, 
leading to unfair or discriminatory outputs. These biases can 
perpetuate stereotypes in applications like recruitment, content 
moderation, and conversational AI.

As part of this project, my role was to test four key metrics -CEAT, 
LBPS, Demographic Representation, and Score Parity—to evaluate 
and quantify biases in LLMs. Addressing these biases is essential to 
ensure fairness and trust in AI systems, particularly as they are 
increasingly used in critical fields like education, healthcare, and 
justice.

Existing LLMs like BERT and GPT often reflect societal biases 
in their outputs. To evaluate these biases, I applied four 
metrics: 
•CEAT: BERT embeddings for cosine similarity between target 
and attribute words.
•LBPS: BERT masked modeling for gender term probabilities.
•Demographic Representation: GPT-2 to analyze 
male/female representation in generated text.
•Score Parity: DistilBERT sentiment scores to compare 
demographics.
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• Tools and Libraries: Hugging Face Transformers, PyTorch, 
Scipy, and Matplotlib for model evaluation, statistical tests, 
and visualizations.
•Models: Pre-trained LLMs, including BERT, GPT-2, and 
DistilBERT, for embedding generation, text generation, and 
sentiment analysis.
•Metrics: Implementation of CEAT, LBPS, Demographic 
Representation, and Score Parity to evaluate bias in LLM 
outputs.
•Datasets: Target and attribute word lists for CEAT and LBPS; 
prompts designed to test demographic representation and 
sentiment parity. 

RESULTS

CEAT metric : These results indicate that there is 
no statistically significant difference in the 
associations of male and female names with career 
or family-related words.

LBPS metric: These results indicate a slight bias, with 
male-associated terms receiving higher probabilities 
than female-associated terms for both prompts. 
However, the low bias scores suggest relatively 
balanced predictions overall.

Demographic Representation : These counts highlight a significant male 
bias across most professions, particularly in roles traditionally viewed as 
male-dominated, like doctors and firefighters, suggesting that the model 
may reflect societal stereotypes in its responses.

Score Parity :These results indicate that the average sentiment scores 
for male and female demographics are similar, with no statistically 
significant difference (p-value = 0.38). This suggests that the model's 
sentiment predictions are relatively balanced across demographics. 

Tools Used: Python, Hugging Face Transformers, 
NumPy.
Steps:
1.Preprocess datasets (e.g., tokenization, 
embedding extraction).
2. Implement metrics in Python (e.g., cosine 
similarity for CEAT).
3. Run experiments on models (e.g., BERT, GPT-
2).
4.Analyze results for patterns of bias.

To ensure accuracy, I tested each metric on 
various prompts and datasets:
•CEAT: Validated using different target and 
attribute word sets.
•LBPS: Checked bias scores across multiple 
prompts for consistency.
•Demographic Representation: Cross-checked 
keyword counts in generated outputs.
•Score Parity: Used t-tests to confirm parity in 
sentiment scores by demographics.
This process ensured reliable identification and 
measurement of bias in LLM outputs.

This project evaluates bias in Large Language Models (LLMs) using 
four metrics: CEAT, LBPS, Demographic Representation, and Score 
Parity. I applied these metrics to assess model biases by analyzing 
word associations, demographic term probabilities, and sentiment 
score differences. The goal is to provide a comprehensive evaluation 
of fairness in AI systems.
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