
Analyzing and Mitigating Fairness Issues in NLP Models

Abstract

The presence of bias in Natural Language Pro-
cessing (NLP) has the potential to result in
the unfair treatment of various demographic
groups, thereby reinforcing societal inequali-
ties and reducing trust in AI applications. This
study identifies two key metrics commonly
used to evaluate bias in NLP models and ex-
amines the effectiveness of data augmentation
as a mitigation strategy. The "Jigsaw Unin-
tended Bias in Toxicity Classification" dataset
is selected as a benchmark for assessing politi-
cal and gender biases. The evaluation indicates
that, while the dataset introduces bias, data aug-
mentation can partially mitigate its effects.

1 Describe

In this section, the project question is introduced,
the utilized methods are described, and both the
results and their interpretation are presented.

1.1 Introduction
NLP systems have become increasingly integrated
into a wide range of applications. However, a grow-
ing body of research has demonstrated that these
systems can perpetuate or amplify societal biases
present in the data they are trained on (Caliskan
et al., 2017). Such biases can lead to unfair treat-
ment of certain demographic groups, undermining
the trust of users, and reinforce harmful stereotypes
in automated decision-making processes (Sheng
et al., 2019).

This study uses a toxicity classification model
as a practical context to investigate how biases can
be evaluated and reduced. Specifically, the analy-
sis of bias is done within a Bidirectional Encoder
Representations from Transformers (BERT)-based
model fine-tuned on the "Jigsaw Unintended Bias
in Toxicity Classification" dataset. To assess the
degree of bias, we employ metrics, such as the
Word Embedding Association Test (WEAT) and

its sentence-level extension, Sentence Embedding
Association Test (SEAT). Furthermore, we explore
data augmentation as a pre-processing strategy, par-
ticularly in gender and political dimensions.

The research question is of particular interest to
me, because bias in automated content moderation
systems can lead to unfair treatment of certain de-
mographic groups, reduce user trust, and reinforce
harmful stereotypes. Given the growing reliance on
AI-driven moderation in online platforms, ensuring
fairness in these models is crucial for maintain-
ing inclusive and equitable digital spaces. From a
research perspective, this study contributes to the
broader field of bias evaluation and mitigation in
NLP by applying a data augmentation strategy to a
new dataset and analyzing its effectiveness in reduc-
ing bias. While existing studies have proposed var-
ious bias mitigation techniques, their effectiveness
can vary depending on the dataset and application
context (Sun et al., 2019; Liang et al., 2021).

1.2 Method

This study utilizes the "Jigsaw Unintended Bias
in Toxicity Classification" dataset, which contains
over 2 million online comments labeled for toxicity
(Xiao et al.). For this analysis, toxicity labels were
binarized at a 0.1 threshold, and the dataset was
balanced to ensure equal representation of toxic and
non-toxic examples, preventing model bias due to
class imbalance.

A BERT-base-uncased model from Hugging-
Face (Devlin et al., 2019) was fine-tuned on this
dataset for a classification task, specifically toxicity
detection.

To assess bias, the WEAT was used, which
quantifies bias by computing the cosine similar-
ity between word vectors, determining how closely
words from a given target category (e.g., male or fe-
male) align with attribute categories (e.g., positive
or negative associated adjectives) (Schmahl et al.,
2020). A negative bias score indicates a stronger



association with female attributes, while a posi-
tive score suggests a male bias. The corresponding
formulas are provided in Appendix A.

Building on WEAT, the SEAT extends this
methodology to sentence embeddings by applying
the same association test to sentence-level repre-
sentations (May et al., 2019).

To mitigate bias, this study applies data augmen-
tation, a pre-processing technique that balances
dataset representation by creating an augmented
dataset, which has a bias towards the underrep-
resented group (Sun et al., 2019). The model is
then trained on the union of the original and aug-
mented dataset (Sun et al., 2019). In this project
this approach is implemented to address gender
(male/female) and political (left/right) bias. It is
important to note that the scope of this project is
limited to the consideration of binary groups.

1.3 Results

This section presents bias evaluation results us-
ing WEAT metrics from BERT‘s final hidden state
embeddings. Pre-trained, fine-tuned, and bias-
mitigated models were compared with identical
hyperparameters. Classification accuracy remained
stable at 0.75 across all configurations.

Gender Bias Figure 1a shows that the WEAT
score increased after fine-tuning, with bias mitiga-
tion reducing the score but not to pre-trained levels.
The same holds true for the SEAT scores, compare
Figure 2.

Political Bias Figure 1b shows a similar pattern,
with the WEAT score increasing after fine-tuning
and decreasing after bias mitigation, though re-
maining above the pre-trained baseline.

1.4 Analysis

This study demonstrates that fine-tuning a classi-
fier on domain-specific datasets introduces mea-
surable bias into a relatively neutral pre-trained
BERT model. WEAT and SEAT metrics revealed
increased bias in gender and political dimensions
post-fine-tuning. A mitigation strategy effectively
reduced this bias, with post-mitigation evaluations
showing lower bias scores. The pre-trained BERT
model exhibited low WEAT and SEAT scores,
likely due to bias-aware pre-training corpora and
filtering advancements.

(a)

(b)

Figure 1: Bias evaluation of the model using WEAT
scores.

2 Examine

This section provides a critical analysis of the per-
sonal project experience, linking it to both the
course material and relevant researched literature.

2.1 Literature base

Throughout this project, we built upon concepts
introduced in the course while expanding our un-
derstanding through independent research. While
the course provided an introduction to bias in large
language models, the knowledge was not sufficient
to directly apply to our project. To bridge this gap,
we conducted a literature review on bias in NLP,
drawing insights from studies such as (Liang et al.,
2021; Warchol, 2020; Chang et al., 2019). This
foundational research enabled us to define a clear
project pipeline consisting of dataset selection, bias
mitigation strategies, and evaluation metrics. The
gained knowledge about these topics can be found
in Sections 2.2, 2.5, and 2.4.

One area where the course provided a strong
foundation was model architecture. We had studied
Transformer-based models in depth, which directly
influenced our choice to use BERT. Given the na-



ture of our dataset and the need for contextualized
embeddings, BERT was a well-suited model. The
knowledge gained in class about fine-tuning pre-
trained models helped us efficiently adapt BERT to
our task.

2.2 Dataset

A crucial step in our project was identifying a
dataset containing measurable bias. We explored
several datasets and analyzed their suitability for
bias evaluation. I specifically investigated the
dataset and paper REDDITBIAS: A Real-World

Resource for Bias Evaluation and Debiasing of

Conversational Language Models (Barikeri et al.,
2021), reproducing their results using their code-
base. This experience significantly enhanced my
ability to work with external code, troubleshoot
errors, and adapt existing implementations. De-
spite these efforts, we ultimately chose a different
dataset.

2.3 BERT

Our bert-base-uncased model from Hugging-
Face was selected based on prior coursework and
its compatibility with our dataset. The course had
introduced BERT‘s architecture, explaining its abil-
ity to generate context-dependent token representa-
tions. Additionally, our experience implementing a
BERT model from a GPT architecture in the first
advanced lab further strengthened our confidence
in working with transformer-based models.

A key learning moment for me was fine-tuning.
Before the project, I perceived fine-tuning as a
highly complex process. However, applying it
in practice clarified that it primarily involves ad-
ditional training epochs on domain-specific data.
This practical exposure clarified the process and
reinforced my understanding of transfer learning.

2.4 Evaluation metrics

Unlike model architecture, bias evaluation was not
covered in depth in the course, requiring additional
research. We explored WEAT, a widely used bias
evaluation method. Caliskan et al. adopted a psy-
chological test, the Implicit Association Test (IAT),
which measures subconscious gender bias in hu-
mans, to measure bias in word embeddings. Im-
plementing WEAT and SEAT required us to under-
stand the formulas and the inputs to those tests.

2.5 Mitigation strategy

Mitigating bias was another aspect not extensively
discussed in the course. To address this, I con-
ducted an in-depth literature review on bias mit-
igation techniques, classifying methods into pre-
processing, in-processing, and post-processing ap-
proaches (Bellamy et al., 2019). I found out in
(Sun et al., 2019) that the pre-processing approach
data augmentation is motivated by the observation
that datasets often exhibit an imbalance in the num-
ber of references per group. Consequently, data
augmentation attempts to remove the bias from the
training data so that the model is trained on data
with an equal representation of both groups. In or-
der to achieve this objective, an augmented dataset
is created. This augmented dataset has a bias to-
wards the underrepresented group. The model is
then trained on the union of the original and aug-
mented dataset (Sun et al., 2019). This understand-
ing helped me to implement the data augmentation
for our project.

We specifically implemented gender swapping,
where gendered terms were replaced to balance
representation. For example, we swapped he → she,

man → woman, but also gentleman → lady, king

→ king and vice versa. However, I later realized
that some substitutions were ineffective or even
counterproductive. For instance, terms like king

and queen were unlikely to contribute meaningfully
to bias mitigation due to their low frequency in the
dataset.

Moreover during my research I found out that
one has to pay attention to some phrases, as they
might not make sense after gender swapping. For
example swapping the gender in the phrase "she

gives birth" to "he gives birth" is nonsense and is
not enriching the dataset (Sun et al., 2019). This
highlights the limitations of simple word swaps and
the need for more sophisticated augmentation tech-
niques, such as more context-aware augmentation
or sentence rewriting using language models.

In addition to data augmentation, I attempted
adversarial debiasing, an in-processing mitigation
strategy. Adversarial debiasing introduces an adver-
sary model that learns to predict protected attributes
(e.g., gender or political affiliation) from the main
model’s representations. The objective is to reduce
the adversary’s accuracy, forcing the main model
to learn representations independent of bias-related
attributes (Bellamy et al., 2019).

I implemented this approach and ran several



training iterations. However, the training process
was highly unstable, requiring careful hyperparam-
eter tuning. Additionally, adversarial training is
computationally expensive, and due to limited com-
putational resources, I was unable to achieve mean-
ingful improvements before the project deadline.
This experience underscored the trade-off between
complexity and feasibility in real-world bias miti-
gation. In future work, I would explore adversarial
debiasing again or try a post-processing mitigation
strategy, which might not need additional training
like Equalized odds postprocessing (Hardt et al.,
2016) or Individual and Group Debias (Lohia et al.,
2019). I would also try a hybrid approach for more
robust mitigation with the goal to decrease the score
in WEAT and SEAT even more approaching the
pre-trained score.

2.6 Future Improvements

This project significantly deepened my understand-
ing of bias in NLP, fine-tuning of transformer
models, and bias evaluation techniques. While
the course provided a solid theoretical foundation,
hands-on implementation revealed complexities
not immediately apparent in lectures. In retro-
spect, I would refine the data augmentation strategy
by analysing the dataset first and then including
domain-specific terms. Additionally, expanding
evaluation metrics beyond WEAT and SEAT, such
as analyzing model outputs for biased predictions,
could provide a more comprehensive bias assess-
ment. Moreover I would have liked to have more
time for adversarial debiasing or investigate other
in-processing and post-processing techniques.

Overall, the project reinforced the importance
of balancing theoretical knowledge with practical
application and highlighted the challenges of bias
mitigation in real-world NLP systems.

3 Articulate

A key learning from this project was developing
a deeper understanding of bias in NLP models —
both in how it manifests and how it can be mit-
igated. I initially viewed bias in large language
models as a well-defined problem with clear solu-
tions. However, through hands-on experimentation,
I realized that bias is a complex, multifaceted issue
that requires a combination of mitigation and eval-
uation techniques to be properly addressed. For
example our results showed that the mitigation
strategy reduced the score of the WEAT, but the

pre-trained BERT model still outperformed the mit-
igated one. Additionally, I gained a much clearer
understanding of fine-tuning transformer models
and the practical challenges of applying bias miti-
gation strategies in real-world scenarios.

This learning came through a combination of lit-
erature research, implementation, and experimenta-
tion. The initial literature review helped establish
a theoretical foundation, but practical application
revealed the limitations of existing methods. For ex-
ample implementing fine-tuning on BERT helped
me understand that adapting pre-trained models is
less complex than I initially thought, as it mainly
involves additional training on a specific dataset.
The biggest challenge was bias mitigation, where
I experimented with data augmentation (gender
swapping) and adversarial debiasing. While gen-
der swapping produced measurable improvements,
adversarial debiasing did not yield meaningful re-
sults due to long training times and the difficulty
of properly balancing the adversarial loss. By that
I learned that research is not always as easy and
straight forward as it looks in research papers, but
often is more complex and requires much more
work and time.

The main course objective was to enable us to
work with scientific information within the context
of NLP, which this project directly supported. The
project required extensive literature review, help-
ing me develop skills in finding relevant scientific
papers, assessing their contributions, and synthe-
sizing knowledge from different sources. While
implementing multiple bias mitigation and evalu-
ation strategies showed me that not all theoretical
methods are implemented as easy as I think. The
project and the labs have showed me, that imple-
mentation requires a in-depth understanding of the
concepts.
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List of Acronyms

BERT Bidirectional Encoder Representations
from Transformers

IAT Implicit Association Test

NLP Natural Language Processing

SEAT Sentence Embedding Association Test

WEAT Word Embedding Association Test

A Appendix

In order to assess biases in word embeddings,
Caliskan et al. (2017) proposed a method called
Word Embedding Association Test (WEAT). The
relationship between a pair of words in the embed-
ding dimension, represented with the vectors v1
and v2 is measured by the cosine similarity:

s(v1, v2) =
vT1 v2

↑v1↑↑v2↑
(1)

Let vc represent a word from context C (e.g.,
"football" from "sports" context), while vm denote
a list of words from one end of the biased target
spectrum, such as a male-specific word (e.g., "he"
or "his") in gender bias evaluation, and vf a female-
specific word (e.g., "she" or "her"). The gender bias
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for the mentioned context is then computed using
the following equation:

b(vc) =
1

|M |
∑

vm→M
s(vc, vm)↓ 1

|F |
∑

vf→F
s(vc, vf )

(2)
Here, a negative value indicates that the category

word is female-biased, while a positive value in-
dicates a male bias. This score is averaged over
all words in the context C to obtain the bias score
b(C):

b(C) =
1

|C|
∑

vc→C
b(vc) (3)

The Sentence Encoder Association Test (SEAT)
extends WEAT to sentence embeddings by apply-
ing the same methodology to sentence-level repre-
sentations (May et al., 2019). This score is com-
puted similarly to WEAT but accounts for the con-
textual nature of sentence embeddings.

(a)

(b)

Figure 2: Bias evaluation of the model using SEAT
scores.


