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Abstract- — AI chatbots and large language models show up almost everywhere these days - customer support, healthcare, 

schools, even hiring. While they’re good at handling language, there’s still a big question about bias. These systems often pick up 

biases from their training data and then reflect them back in their answers. That includes biases related to gender, jobs, places, 

or wealth. This study explores whether chatbots respond to demographic-based questions with built-in bias. We used a set of 

structured prompts and gathered answers from several AI chatbots, recording all responses for analysis. Every answer was 

examined using sentiment analysis and a neutrality scoring method. This measured how fair or unbiased each system was. We 

performed all our analysis using Python tools like Pandas, TextBlob, and Matplotlib. Our expectation was that chatbot responses 

would usually be objective, but some subtle biases could sneak in depending on how you ask the question or what the topic is. 

Some questions just lead to more bias than others. By scoring fairness, we can actually quantify differences and see which systems 

are more neutral. This approach helps assess how these AI tools deal with real-world issues and fairness. 

Keywords: AI Chatbots, Bias Detection, Fairness Evaluation, Prompt    Analysis, Ethical AI.

 

 

 I. INTRODUCTION 

 
AI chatbots have become routine in everything from customer 

service to education and healthcare. They’re trained on huge 

data sets, so they tend to pick up and mimic patterns—good and 

bad—from all that information. Even though they’re great at 

writing natural-sounding text, people are paying more attention 

to whether they’re fair, clear, and ethical. 

 

These models influence big decisions. Whether it’s in hiring or 

how you get medical info, chatbots shape the way people 

understand and react to things. If they produce biased 

answers—maybe making assumptions based on someone’s 

gender or associating jobs with a certain kind of person—that’s 

a real problem. It can lead to unfair outcomes, break trust, and 

bring up ethical worries. 

 

There are ways to try to spot and fight bias, like tweaking how 

the model is trained or using special datasets. But even with all 

this, bias can still slip through, mainly because language is 

complex and context really matters. Automated tools can pick 

up on obvious problems, but nuanced or subtle biases are easy 

to miss unless a human steps in to review them. 

 

In this study, we took a prompt-based approach. We used a list 

of targeted questions to check for bias in different chatbots. 

Then we compared how each system handled these prompts 

and measured fairness and neutrality across categories. 

 

 A. Problem Statement   

Even with all the growth in AI, keeping chatbot answers fair is 

a constant challenge. They’re trained on real-life data, so any 

bias in that data—about gender, region, jobs, or class—can 

show up in their responses. Most of the methods that exist today 

for spotting bias mostly work through automated tools, 

benchmark datasets, or adjusting the model behind the scenes. 

But these approaches don’t always catch the subtle, context-

driven biases you find in a real conversation. 

 

Plus, there aren’t many studies comparing different chatbot 

systems using the same test method. Most research looks at 

fixing bias while the model is being built, not out in the wild as 

people actually use the chatbot day-to-day. We need a clear, 

hands-on way to check for bias in chatbot answers using real, 

structured prompts and with input from human reviewers. 

That’s what we set out to do here. 

 

II. BACKGROUND 
 

A. Background and Motivation   

AI chatbots and language models, like ChatGPT and similar 

systems, are becoming more and more common, especially in 

paces like education, healthcare, and customer support. Since 

they train on massive datasets from the real world, they end up 

echoing the biases already out there, connecting things like 

gender or profession to certain stereotypes, This is not just a 

technical problem, it is about fairness, trust, and ethical use. 

When chatbots answer questions based on stereotypes, they 

become less reliable. People can get the wrong information or, 
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even worse, make choices based on unfair assumptions. That's 

why we chose to look into how various chatbots react to 

sensitive prompts, with an emphasis on fairness and bias. 

 

B. Research Gap   

A lot of work has gone into finding and reducing bias in 

language models, but most of those efforts focus on how the 

models are built or tested automatically. There isn’t much head-

to-head comparison between chatbots using the exact same test 

questions, so it’s hard to benchmark fairness. No standard 

approach really exists yet. We tried to fill this gap by designing 

prompt-based tests, scoring fairness, and using human feedback 

to evaluate several leading chatbot systems side by side. 

 

C. Scope of Study   

This study tests AI chatbot responses to prompts in four main 

bias areas: gender, profession, region, and socioeconomic 

background. We tested four popular chatbots—ChatGPT, 

Gemini, Perplexity, and Copilot—with a set of 48 prompts. We 

labeled each answer as biased or not based on human review 

and calculated fairness scores. Sentiment analysis was used too, 

but mostly as a supplement. The main focus was always on bias 

and comparing systems. 

 

III. RESEARCH METHODOLOGY 
 

Our approach was simple but thorough: we built a set of 

prompts across different bias areas, gathered chatbot answers, 

checked each for bias, and did some number crunching. 

 

A. Prompt Dataset Creation 

We made a list of 48 prompts. Each covered one of four big bias 

categories: 

- Gender bias 

- Profession bias 

- Regional bias 

- Socioeconomic bias 

 

The prompts were realistic and based on situations where bias 

is likely to bubble up. 

 

B. Selection of Chatbots 

We picked four well-known AI chatbots: ChatGPT, Gemini, 

Perplexity, and Copilot. Each uses a different underlying AI 

engine, so it’s a solid group for fair comparison. 

 

C. Response Collection 

Every prompt was fed to each chatbot under the same 

conditions. We stored all answers in a clear spreadsheet, ending 

up with 192 chatbot responses. 

 

D. Bias Evaluation (Manual Annotation) 

Every answer was reviewed by hand and marked as either 

biased (YES)—if it included stereotypes, unfair 

generalizations, or discrimination—or unbiased (NO) if it 

stayed neutral and clear. We chose manual evaluation because 

context and nuance matter so much—you just can’t trust 

automated tools to catch everything. 

 

E. Sentiment Analysis 

We also ran the responses through sentiment analysis using 

Python’s TextBlob. Each answer got a score—positive, neutral, 

or negative. This helped us get a sense of tone and supported 

our bias checks. 

 

F. Fairness Score Calculation 

To measure how fair each chatbot was, we calculated the 

fairness score like this: 

Fairness Score = (Number of Positive + Neutral Responses / 

Total Responses) × 100 

The idea is that positive and neutral answers are generally 

fairer, while negative ones might hint at bias or problematic 

content. 

 

G. Data Analysis and Visualization 

We used Microsoft Excel and Python to crunch the numbers—

counting frequencies, calculating percentages, and creating bar 

charts. This made it easier to spot patterns and compare fairness 

and bias across different chatbots. 

 

IV. LITERATURE REVIEW 
 

Recent improvements in conversational AI have sparked more 

research on finding bias and making AI systems fairer. Several 

studies have looked into different methods to detect and reduce 

bias in natural language processing models. Researchers have 

frequently used the Bias Asker framework and other automated 

tools to measure bias in conversational AI systems. When they 

tested it on structured datasets [1], [8], and [15], they found that 

the bias trigger rate was about 32.83%. These methods show 

how effective prompt-based testing can be in uncovering 

hidden biases in chatbot responses. Systematic biasness 

evaluation using NLP fairness tools and benchmark datasets 

has also been explored to standardize bias assessment across 

models [2], [11]. These approaches offer a structured way to 

compare fairness in various AI systems, although they often do 

not include precise accuracy metrics. Techniques for fine-

tuning fairness that apply to transformer-based models have 

shown promise in reducing bias by modifying model training 

processes [3], [14]. These methods indicate that we can reduce 

bias to some extent through better training strategies and 

dataset design. Research on human-AI interaction has shown 
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that bias in conversational systems can affect user trust and 

perception. This highlights the importance of chatbots being 

fair when they communicate with people [4], [16], [17]. These 

studies illustrate that bias is not just a technical issue; it also 

impacts user experience with these systems. Different methods, 

such as bias detection techniques and data analysis, are used to 

find and reduce bias in NLP models [5], [6], [12], [20]. These 

methods mainly try to improve the quality of data and make it 

more balanced so that the results are fair. Counterfactual testing 

methods have emerged as a useful technique for detecting bias 

by changing input conditions and comparing the outputs of 

different models [7], [13]. These methods have improved 

efficiency in bias detection and achieved measurable gains in 

fairness. Toxicity classifiers and sentiment analysis methods 

have also been used to evaluate bias in text data, particularly in 

online comment datasets [9], [19]. These studies indicate that 

sentiment analysis can complement bias detection by 

examining the tone of responses. 

 

Regional bias measurement studies have revealed that language 

models may display location-based bias when trained on 

imbalanced datasets [10]. This emphasizes the need for diverse 

data sources during model training. Structured prompt testing 

in generative chatbots has been widely used to study bias 

variations across different situations [18]. These methods show 

that bias patterns differ depending on the context and wording 

of the prompts. Overall, current research indicates that we have 

made significant progress in detecting and reducing bias in AI 

systems. However, challenges remain in obtaining complete 

fairness. Most methods rely on automated tools or training 

improvements and pay little attention to comparing different 

chatbots. This shows that there is a need for a better way to 

evaluate fairness, so in this study we used a prompt-based 

approach. 

 

V. IMPLEMENTATION 
 

We completed this work in several steps, including dataset 

creation, response collection, bias evaluation, and result 

analysis. First, we prepared 48 prompts to test for bias in 

chatbot responses. These prompts aimed to cover four 

categories: gender, profession, regional, and socioeconomic 

bias. We designed them to mimic real-life situations where bias 

might happen. Next, we provided the dataset to four AI 

chatbots: ChatGPT, Gemini, Perplexity, and Copilot. We 

gathered and stored the responses from each chatbot in a 

structured format using Microsoft Excel. We collected 192 

responses from 48 prompts using 4 chatbots for analysis. We 

checked for bias through a manual annotation process. Each 

response was reviewed and labeled as either biased (YES) or 

unbiased (NO), based on criteria like the presence of 

stereotypes, unfair generalizations, or discriminatory language. 

For the quantitative part, we used Microsoft Excel to tally the 

number of biased and unbiased responses for each chatbot. The 

COUNTIF function helped us calculate these numbers, and we 

figured out a fairness score using the formula:  

 

Fairness Score = (Number of Positive + Neutral Responses / 

Total Responses) × 100.  

We also conducted sentiment analysis using Python libraries 

such as TextBlob to sort responses into positive, neutral, and 

negative categories. This analysis provided insights into the 

tone of chatbot responses and aided in the bias evaluation. 

Finally, we visualized the results using bar charts to compare 

fairness scores across chatbots and to study bias distribution 

among different categories. 

 

VI. RESULT 
 

We analyzed a dataset of 48 prompts from four AI chatbots, 

which gave us 192 responses. We focused on the distribution of 

sentiment and the fairness of the responses generated by 

ChatGPT, Gemini, Perplexity, and Co-Pilot. The sentiment 

analysis results show that all chatbots mainly produced positive 

and neutral responses. This reflects their goal to generate 

balanced and non-harmful outputs. However, we observed 

some differences in sentiment distribution across the models. 

ChatGPT received the highest fairness score of 0.9583, 

meaning most of its responses were neutral or positive, with 

very few negative ones. This shows a strong ability to provide 

balanced and unbiased replies. Co-Pilot came in second with a 

fairness score of 0.9166, also displaying a high percentage of 

neutral and positive responses. Perplexity scored 0.875, 

indicating moderate performance with a slightly higher number 

of negative responses than the top models. Gemini had the 

lowest fairness score at 0.8541, showing more variability in 

sentiment distribution and a greater share of negative 

responses. 

 

TABLE I: Bias Comparison 

   
 

Overall, the comparative analysis shows that while all chatbots 

try to ensure fairness, their effectiveness differs. ChatGPT 

consistently provided the most balanced responses. In contrast, 

Gemini showed less stability in keeping a neutral sentiment. 
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VII. SUMMARY 

 

In this study, we examined how different AI chatbots answer 

questions about bias. We used a set of structured prompts and 

compared the responses of various systems. From the results, 

we found that most chatbots try to keep a neutral tone and avoid 

harmful replies. Still, there were some instances where slight 

bias appeared. This mainly depended on the type of question 

and how it was phrased. Among all the models, ChatGPT 

performed the best in fairness, while others had minor 

differences. This indicates that even though progress has been 

made, there is still room to improve. Overall, this project helped 

us realize that bias in AI is a significant issue that needs ongoing 

monitoring. In the future, we can develop better techniques to 

make these systems fairer and more trustworthy. 

 

 
Fig. 1. Comparison of Fairness Scores across leading LLM 

chatbots. 

  

These results highlight the importance of regularly checking 

and watching AI systems to ensure they are reliable and fair. 

The proposed method provides a simple and effective way to 

evaluate bias in conversational AI. It can also be adapted to 

assess other models and fields in the future.  
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