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INTRODUCTION
The widespread adoption of LLMs across various applications

has significantly advanced natural language processing and

artificial intelligence. However, as these models become

increasingly integrated into everyday technology, addressing

inherent biases that may arise from their use is crucial. 

This project aims to develop a comprehensive framework for

understanding and analyzing biases within open-source

LLMs through a detailed examination using various metrics. 
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Analysis of three open-source 
models

Creation of User Personas &
evaluation of model’s 
responses

Implicit Association Test

MAIN ASPECTS:



BACKGROUND (1/2)
The primary sources contributing to bias are:

training data bias: models perpetuating biases found in

the training data;

embedding bias: unintentional biases necessitating the

development of strategies to mitigate them;

label bias: labels in training data that are skewed against

specific groups can lead to biased and unfair outcomes.

LANGUAGE MODELING BIAS
INCLUDES:

01 Association of specific 
stereotypes with groups

02 Devaluation of certain groups

03 Under-representation of 
particular social groups

04 Unequal resource allocation 
among gro﻿ups



BACKGROUND (2/2)
Our research builds on prior work highlighting implicit biases

in LLMs. Despite passing explicit bias tests, these models can

exhibit subtle biases, similar to individuals' implicit biases.

Access restrictions to LLMs' internal embeddings pose

challenges for applying bias measures. 

We made use of a measure (LLM Implicit Bias) inspired by

the Implicit Association Test (IAT) to assess these biases,

adapting it to evaluate biases in large language models.
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FEATURES OF IAT:

IAT is a psychological tool 
designed to uncover automatic 
associations and implicit biases 
that individuals may hold

IAT has been used in research 
to explore biases related to 
social categories  

We adapt the IAT framework 
to evaluate biases within LLMs



USER PERSONA
It is a semi-fictional representation of a target user based on

research and data.

A User Persona includes details about:

demographics

behavior patterns

motivations

goals

income

It is commonly used in marketing to help businesses and designers

understand and empathize with their audience.



EXAMPLES OF USER PERSONA



OUR USER PERSONA
Specific view of an audience

Generic description of a role



OUR USER PERSONA
Roles Attributes

Doctor

University Teacher

Software Developer

Cashier

Nurse

Salesperson

Ethnicity

Gender

Sexual Orientation

Salary

Years of Experience

Personal Traits

Are LLMs biased in assigning ethnicities to roles?

Are LLMs biased in assigning genders to roles?

Are LLMs fair with salaries?

...



METRICS

Jensen-Shannon Distance
Between model’s distribution for a specific attribute and
the uniform distribution 

CALEG-R
Flipped and rescaled KL divergence

Bias from Implicit Association Test
Association between tokens and groups



METRICS
Jensen-Shannon Distance CALEG-R IAT Bias

0 = no distance 
1 = maximum distance

0 = maximum bias
1 = maximum fairness

e.g.
Sa =Julia, Sb = Ben
Xa = (professional, salary, business,
career)
Xb = (parents, children, family, wedding)

0 = fair
-1, 1 = biased



Mistral

an instruct fine-tuned version
of the Mistral-7B-v0.2, with 7B

parameters, released by
Mistral AI

Zephyr

a fine-tuned version of the

Mistral-7B-v0.1 model, trained

on a mix of publicly available

and synthetic datasets, with 7B

parameters.

Llama 3

an instructed fine-tuned
version of Llama-3-8B, with 8B
parameters, released by Meta.

MODELS
For the Large Language Models to evaluate, we tested three open-weights models using the serverless Inference API

provided by Huggingface:



DATA 01 User Personas

We prompted the models to create a User Persona

for a specific role approximately 150 times. In total,

we have around 3 x 6 x 150 User Personas, evenly

distributed across models and roles.

02 Implicit Association Test

We prompted the models for the Implicit Association

Test using 6 different prompt templates: 2 for gender,

2 for ethnicity and 2 for sexual orientation.

03 Errors in formatting

In certain instances, the responses obtained from the

models were either incorrectly formatted or

incomplete. These responses were discarded to

ensure a fair comparison.

Doctor
17.2%

Software developer
17.2% Nurse

17%

Salesperson
16.5%

University professor
16.2%

Cashier
15.8%

Mistral’s valid User Personas



PROMPTS
User Persona generation
The prompt for the User Persona generation was

crafted to be the as general as possible to avoid

injecting potential bias into the model generation.

Implicit Association Test
For the Implicit Association Test, we developed two

versions of a prompt for each category of bias we

aimed to analyze. The use of two different prompts

is justified by the inherent specificity required in

their construction, which presents a high risk of bias

injection.



RESULTS (1/7)
VALID USER PERSONAS

The User Personas generated by the models undergo

a data cleaning processs, e.g. Latino -> Latin

Data cleaning process
Despite some models producing more errors in terms

of formatting, we decided not to reduce the number

of valid personas to the minimum.

Comparable numbers



RESULTS (2/7)
DIVERSITY PER MODEL PER ROLE



RESULTS (3/7)
DIVERSITY PER MODEL PER ROLE

Mistral and Zephyr recognize only the categories of Male and Female, while Llama also includes Non-Binary. All

models exhibit a skew towards Female, with a male majority in roles typically dominated by males.

Predictions of sexual orientation are heavily biased towards heterosexuality, particularly in the case of Mistral.

Ethnicity predictions exhibit some diversity but predominantly favor the categories of African American, European, and

Asian American.



RESULTS (4/7)
AVERAGE SALARY PER MODEL PER ROLE

Although the model occasionally trends towards equilibrium, disparities are still evident.

In the Zephyr model, female nurses earn nearly double the salary of their male counterparts, highlighting a significant

gender-based wage disparity within the profession.

Within the Llama model, non-binary individuals in the role of doctors earn approximately half the salary of individuals

of other genders.



RESULTS (5/7)
AVERAGE SALARY PER MODEL PER ROLE

Data analysis of the Llama and Zephyr models reveals substantial salary disparities based on sexual orientation,

particularly in the role of doctors.

Specifically, bisexual individuals earn approximately half the salary of heterosexual individuals in the same role,

indicating a stark disparity of 100%.

Mistral predicts only heterosexuality as a sexual orientation, clearly indicating a bias.



RESULTS (6/7)
JENSEN-SHANNON AND CALEG-R
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The metrics values are consistent

with the plots and confirm that the

models are far from being fair.

The two metrics yield consistent

results; when one metric shows an

high value, the other does as well.

Same reasoning applies to the low

values.

The tables allow us to better

appreciate the Jensen-Shannon

distance compared to CALEG-R, as

the latter tends to saturate too

quickly, leaving little room for

interpretation.



RESULTS (7/7) 01
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IMPLICIT ASSOCIATION TEST

A value of -1 or 1 indicates that the

response is biased towards one of

the two entities, while 0 indicate

fairness.

Mistral and Zephyr exhibit more

pronounced biases across the tests,

particularly concerning orientation.

Llama tends to be the most fair, yet

it still exhibits some inconsistencies. 

While the results of the IAT are not

as severe as the one involving user

personas, it it important to note

that here we are asking the model

to be fair in a binary case, whereas

the other is a multi-class problem.



CONCLUSIONS
FINAL REMARKS

Through the use of User Persona, we developed a simple methodology

capable of assessing biases in widely adopted LLMs.

We do believe that better models are not solely defined by the

"intelligence" they demonstrate or the results they achieve on standard

benchmarks, but also by their adherence to ethical principles.

By means of our project, we aim to raise awareness about the presence of

bias in such powerful technologies. We hope to motivate researchers and

users to adopt debiasing techniques and advocate for equity.
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