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ABSTRACT

Sentiment analysis models are increasingly deployed in real world applications, but their fairness across

demographic groups remains under examined, particularly in low resource languages. In this paper, we

examined intersectional bias in sentiment classification across gender and racial subgroups in English and

Bengali datasets, using race labels such as White+Black to investigate bias more holistically. To utilize low

resource languages, classical machine learning models, such as Logistic Regression (LR), Naïve Bayes (NB),

Support Vector Machines (SVM), and Random Forest (RF), were trained using Word2Vec and FastText

embeddings. Across the experiments, we observe significant disparities in F1 performance across various

gender and race combinations,  particularly affecting the Female+Black subgroup. To mitigate performance

issues, a T5-based data augmentation strategy was investigated to target underrepresented demographic

intersections. Our findings show that augmentation substantially reduces performance gaps and improves

overall accuracy by 9.5% absolute, or roughly 9.5% relative. Therefore, this paper demonstrates the critical

need for intersectional evaluation in sentiment classification and validates the viability of targeted data

augmentation to reduce demographic bias.
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1. Introduction

Sentiment analysis assesses the intensity of sentiment in text, which is pivotal in Natural Language Processing

(NLP) for interpreting consumer feedback, including monitoring political discourse [1], mental health analysis

[2], and social media content [3]. The principal objective of sentiment analysis is to identify the emotional po-

larization of text into generally positive, negative, or neutral categories according to linguistic patterns. These

deployment systems expand into real world, high stakes scenarios, and concerns surrounding their fairness

and bias have come to the forefront of academic and industry discourse [4]. Recently, several studies have id-

entified various forms of algorithmic bias in sentiment analysis, driven by factors such as imbalanced data.

[5], historical biases, and sociolinguistic variations in training data [4]. These biases lead to inconsistent

model performance, with marginalized groups, such as gender and racially minoritized individuals, often exp-

eriencing lower accuracy [6]. In this work, we consider a transformer based data augmentation method using

a T5 model to improve accuracy.

In NLP, gender and racial bias are increasingly prominent, especially in tasks like coreference resolution. [7],

sentiment classification, and occupation association [8]. The study in [9], revealed that sentiment classifiers

perform better on texts in the men sub group, reflecting a gender based performance disparity. On the other

hand, Racial bias has been identified, as models often overlook understated linguistic, cultural, and stylistic

differences among racial groups. [10], resulting in reduced accuracy for racially minoritized individuals.

These biases are not just technical limitations and have significant real world implications; ignoring inter

sectional factors such as gender and race can cause models to reinforce societal stereotypes instead of mitigating

them. Addressing demographic bias in sentiment analysis is essential for creating equitable AI systems [11],

and it requires data diversity, fair evaluation of models across subgroups, and an intersectional perspective

that recognizes the complexity of identity [7, 8]. Without such efforts, NLP systems may worsen social

inequalities rather than foster inclusivity and fairness.

This study examines intersectional gender and race bias in sentiment classification models trained on English

and Bengali datasets, including a low-resource Bengali dataset [11], introduces added complexity due to the

scarcity of annotated demographic data and the limited availability of pre-trained embeddings [14]. To complete

a fair evaluation, we generate demographic subgroups for gender and race labels and provide a controlled

setting to measure and mitigate demographic bias. In particular, we evaluate the four classifiers, like Logistic

Regression (LR), Naïve Bayes (NB), Support Vector Machine (SVM), and Random Forest (RF), with Word2Vec

and FastText embeddings, and also evaluate each model on four intersectional subgroups: Male+White,

Male+Black, Female+White, and Female+Black.

To mitigate bias, we proposed a transformer based data augmentation method using a T5 model to generate

synthetic training data for underrepresented groups, such as Black women. This method improved model

fairness and overall performance, as demonstrated by significant F1-score improvements in post augmentation

evaluations. This study contributes to the growing literature on ethical Natural Language Processing (NLP) by

rigorously analysing intersectional demographic bias in sentiment analysis, extending fairness research to

low resource, multilingual contexts such as Bengali. The proposed augmentation strategy offers a practical so-

lution for reducing demographic disparities in sentiment models while enhancing accuracy and inclusivity.
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2. Background

2.1 Gender and racial bias in NLP models

Gender and racial bias in NLP models significantly impact the fairness and accuracy of sentiment analysis

applications. Bias occurs when models disproportionately associate emotional tone or occupation with a spe-

cific gender [15], for example, linking words like ‘compassionate’ or ‘supportive’ more frequently to women.

Although racial bias in NLP models has received less attention than gender bias, particularly when models

consistently misclassify or underperform on language varieties associated with marginalised racial or ethnic

groups [16, 17], such as African American Vernacular English (AAVE) used by Black speakers. These disparities

often arise from differences between the language patterns in the training data and those used by

underrepresented groups, leading to systematic performance gaps [15], For instance, while a model might co-

rrectly classify standard English phrases like ‘I’m thrilled’, it may misinterpret culturally specific expressions

like ‘that’s sick’ or ‘that’s bad’ (meaning something positive in context) from Black users as negative sentiment.

This unruly becomes particularly grave when biases are at intersectional levels, the model may perform

moderately well for women or black individuals separately, but fail for Black women due to compounded

biases. Unmitigated biases produce exclusionary user experiences in real world applications and reinforce

negative stereotypes. [17, 19]. To address these issues, comprehensive solutions are required, including

creating bias sensitive algorithms, incorporating fairness aware loss functions and adversarial debiasing,

curating balanced datasets that represent a variety of dialects and demographics, and utilising controlled

data.

2.2 Intersectionality

Intersectionality emphasizes the compounded biases that arise when multiple identities, such as gender, race,

age, and others [20], create compounded biases in NLP systems. In sentiment analysis [21], a model might pe-

rform well for white men and moderately well for white women or Black men, but significantly worse for Black

women. For example, studies show that [12], a sentiment model trained mainly on texts written by white use-

rs. It might accurately classify positive sentiments expressed by white men and white women, and even mod-

erately well for Black men. However, it may struggle with texts from Black women, who often use culturally sp-

cific phrases, slang, or dialects such as African American Vernacular English (AAVE). Words like ‘bad’ or ‘sck’

might carry positive connotations in specific contexts but be misclassified as negative by models not exposed

to these patterns.

This phenomenon has received relatively little attention from NLP research, and only a few NLP studies have

examined it systematically [22], particularly in multilingual or low resource. Addressing intersectionality

requires building datasets that capture real world language diversity, evaluating performance across combined

demographic groups such as black women, Asian women, and designing models that recognize how linguistic

features differ at intersections. This approach helps sentiment analysis systems more accurately and fairly

reflect the voices of all users. By recognizing intersectionality, sentiment analysis can move beyond superficial

fairness and create systems that more accurately and equitably capture the diverse ways people express

sentiment across different identities.

2.3 Word Embeddings

Word embeddings are essential to modern NLP activities that transform textual data into numerical
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representations that capture semantic meaning. Word2Vec and FastText are the two most popular

wordembedding models [23]. Both represent words as dense vectors, with semantically similar words mapped

closer together in the vector space.Word2Vec is a two layer neural network model that learns word embeddings

by predicting a target word depending on its context [25, 26], CBOW (Continuous Bag of Words) or the context

from a given word, Skip gram (see Fig.1). Through its computational efficiency and strong capability to capture

semantic relationships, the CBOW variant is used for sentiment classification. We utilized pre-trained 300-

dimensional Word2Vec embeddings derived from the Google News dataset for English texts, and custom-

trained Word2Vec embeddings on Bengali Wikipedia, newswire, and social media data to address low-resource

challenges. For sentence representation, we averaged the embeddings of each sentence’s keywords, balancing

computational efficiency with semantic richness. This embedding technique remains highly beneficial for

modeling short to medium length texts in tasks such as sentiment analysis, offering a balance between com-

putational efficiency and representational power.

Figure 1. Overview of Word2Vec and FastText embeddings used for sentiment classification

FastText extends Word2Vec by incorporating subword (see Fig. 1) information through character n-grams,

which helps capture morphological variations, spelling changes, and compound words common in user-

generated text. [27, 28]. In this study, English FastText embeddings were sourced from large-scale Common

Crawl and Wikipedia corpora (600B tokens). In contrast, Bengali FastText embeddings were trained on Indic

Corp and OSCAR datasets with 5-character n-grams. FastText’s subword modelling significantly improved co-

verage of misspelt and informal terms, making it especially suitable for analyzing sentiment in low-resource

and linguistically diverse contexts.

2.4 Bias Mitigation

Bias mitigation in NLP ensures that machine learning systems are fair and equal [28], allowing models to

perform consistently well across all demographic groups. Models used for sentiment analysis and other NLP

tasks can exhibit biases from imbalanced training data or an insufficient representation of underrepresented

groups. [29]. Mitigating bias can be made at one of the three steps of the general machine learning pipeline: the

training data, the learning procedure, and the output predictions, with three corresponding categories of bias

mitigation algorithms: pre-processing approaches. [30], in-processing approaches [31], and post-processing

approaches [32]. Preprocessing approaches modify the representation of input data to ensure fair predictive

outcomes. For instance, the authors of [33] adopted adversarial fine tuning of word embedding based sen-

timent analysis by re-training the model using adversarial examples dynamically generated by BiasFinder
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[34], a tool for detecting biased predictions in sentiment analysis systems. Using various Natural Language

Processing (NLP) techniques, BiasFinder identifies words associated with a class of a characteristic, like gender-

specific words such as female names, ‘she’, and ‘her’, and generates new texts from these templates by mutating

words.

In-processing (also called in training) approaches revise the training of the state of the art models to achieve

fairness. More specifically, they either apply fairness constraints or design an objective function that considers

fairness in predictions [35]. Such approaches assume that sensitive attribute information is available in the tr-

aining samples and enforce fairness during the training process, either by directly imposing fairness constraints

and solving constrained optimization problems or by adding penalization terms to the learning objective [30].

Post-processing approaches [32], mitigate bias by adjusting model predictions after training, without changing

the data or model itself. Standard techniques include modifying decision thresholds for different demographic

groups to equalized performance metrics, recalibrating predicted probabilities, or relabeling outputs to satisfy

fairness criteria like demographic parity or equalized odds. These methods are practical when retraining is not

feasible, though they may slightly reduce overall accuracy to improve fairness across subgroups.

Moreover, bias mitigation in sentiment analysis is significant because it ensures that the sentiments expressed

by minority groups are accurately interpreted rather than misclassified or ignored [22, 4]. Demographic aw-

are data augmentation, fairness constraints, and adversarial debiasing are frequently used to enhance model

fairness. [35], making models fairer without losing overall accuracy. Through implementing these mitigation

strategies, NLP models can more accurately represent diverse populations and reduce the risk of perpetuating

harmful stereotypes or reinforcing systemic inequalities.

3. Methodology

The process begins with analyzing demographic bias arising from dataset characteristics, pre-processing,

word embeddings, and model choices, leading to unequal performance across subgroups such as Male+White

vs. Female+Black. To address this, synthetic samples are generated for underrepresented subgroups using T5

fine tuning and prompt based data augmentations (see Fig. 2). These synthetic samples are then combined wi-

th original training data, resulting in reduced demographic bias and improved performance for underrepre-

sented groups, as validated by balanced test sets and fairness aware evaluation.

Figure 2. Framework for detecting and mitigating demographic bias in sentiment classification using

 T5-based data augmentation
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3.1 Dataset Description and Pre-processing

To investigate demographic bias in sentiment classification, we used two textual datasets, English and Bengali.

The English dataset, comprising 50,000 user generated reviews labelled as positive, negative, or neutral, was

sourced from IMDb and Amazon. Although explicit demographic metadata, such as gender and race, are av-

ailable, the lexical and syntactic diversity within the text allowed for demographic inference. The Bengali

dataset consists of 20,000 manually annotated entries collected from local e-commerce platforms, news

comment forums, and product discussion forums. As a low-resource language, Bengali presented challenges

such as non standard spellings, colloquial grammar, and code mixed Bengali English text. The same three cla-

ss sentiment labelling scheme was used to ensure comparability with the English dataset.

Both Bengali and English datasets underwent a multi-step pre-processing pipeline to ensure data consistency

and quality, which began with the typical normalization steps of lowercasing, removal of punctuation, non-

Unicode characters, HTML tags, and emojis. Tokenization was language specific; spaCy was used for English,

while the Indic NLP library was used to process Bengali since it is optimal for Indic scripts. Stop words were

filtered out according to standard lists, and lemmatization was performed wherever required. In the Bengali

corpus, significant effort was made to mitigate vocabulary sparsity by correcting non standard spellings and

normalizing script variation. All entries were filtered to include at least 5 words, thereby ensuring semantic

depth. The datasets were divided into training (70%), validation (15%), and testing (15%) sets using stratified

sampling techniques. The test sets were balanced across gender and racial groups for fair bias evaluation. In

contrast, the training sets were intentionally biased to reflect real-world demographic disparities and assess

performance differences.

3.2 Classification Models

Classification models in NLP are machine learning or deep learning models that categorize text into predefined

classes or labels, and these models are widely used in sentiment analysis [37], spam detection, topic labelling,

intent recognition, and hate speech detection tasks [39]. In this research, we employed four popular clas-

sification models to assess sentiment analysis performance and demographic bias, including Logistic Regression

(LR), Naïve Bayes (NB), Support Vector Machine (SVM), and Random Forest (RF), as shown in Fig. 3.

Logistic Regression is a linear classifier that predicts the sentiment class probabilities by computing a sigmoid

or softmax of a linear function of features [39]. Its interpretability and simplicity make it worthwhile for bias

analysis, since feature coefficients can be inspected directly. Naïve Bayes, a generative Bayes’ Theorem based

model, is based on the assumption of feature independence and performs well in high dimensional, sparse

environments [40]. For consistency, we applied the Multinomial NB variant to dense embeddings. As a margin-

based classifier, SVM constructs optimal separating hyperplanes in high dimensional space. A linear SVM

(LinearSVC) with hinge loss and grid optimized regularization parameter [33, 34, and hinge loss was utilized

in conjunction with a one vs rest multiclass strategy with class weighting to address the problem of label

imbalance. Lastly, Random Forest is an ensemble of decision trees that learns nonlinear relations and mi-

tigates overfitting through majority voting. RF models were configured with 100 trees and a maximum depth

of 20 [35, 36], and enabled a hierarchical decision making process that was beneficial for identifying bias

beyond linear separability.

3.3 Model Training and Validation Protocol

All classifiers were realized with the Scikit learn machine learning library (version 1.x). The models were
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trained on static embedding representations (Word2Vec or FastText), and any changes to the embeddings

were disallowed throughout the training. All classifiers were trained on a stratified dataset split into training,

validation, and test sets in proportions of 70%, 15%, and 15%, respectively. The hyper parameters of the mo-

dels were selected using 5 fold cross validation on the validation set, with the macro averaged F1 score as the

performance metric. Statistical robustness was ensured by running each experimental configuration three

times with varying random seeds, and the final result was presented as the mean F1 score across runs.

Figure 3. Evaluation framework using supervised learning models to assess bias in sentiment

classification across demographic subgroups

3.3 Model Training and Validation Protocol

All classifiers were realized with the Scikit learn machine learning library (version 1.x). The models were tra-

ined on static embedding representations (Word2Vec or FastText), and any changes to the embeddings were

disallowed throughout the training. All classifiers were trained on a stratified dataset split into training,

validation, and test sets in proportions of 70%, 15%, and 15%, respectively. The hyperparameters of the mod-

els were selected using 5-fold cross validation on the validation set, with the macro averaged F1 score as the

performance metric. Statistical robustness was ensured by running each experimental configuration three

times with varying random seeds, and the final result was presented as the mean F1 score across runs.

3.4 Fine-tuning and Prompt Design

To address demographic bias, we fine-tune a pre-trained T5-base model for English and an mT5-base model for

Bengali using sentiment labeled datasets to enhance prompt design. Fine-tuning was performed using maximum

likelihood estimation with early stopping based on validation loss. The model was trained to generate review

texts from structured prompts such as:

“Generate a [positive/negative] review written by a [Black/White] [man/woman] about a [product/topic]”.

To maintain both demographic and semantic coherence, we incorporated the following controls:

Sentiment control: Explicitly specifying whether the review should convey a positive or negative sentiment.

 Demographic control: The prompt template includes race and gender identities.

 Topic anchoring: A product, movie, or service that fits into a category is included for domain alignment.

Approximately 600 T5-generated samples were generated for the most underrepresented subgroup (Female
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+ Black) to balance the training distribution with the majority subgroup (Male + White, 800 samples). The dec-

ision was guided by demographic balancing and validated through improvements in the F1 score in model

evaluations.

Moreover, an initial automated filter using sentiment classifiers and keyword heuristics was followed by

manual validation of 30% of the generated data. Criteria included grammatical correctness, demographic alig-

nment, and sentiment accuracy. Human validators were NLP trained research assistants with expertise in sen-

timent analysis and fairness evaluation. Potential biases among human validators were low, and the Inter ann-

otator agreement was 91%. This approach ensured both the linguistic integrity and demographic relevance of

synthetic samples, supporting targeted bias mitigation in downstream classification models.

A primary methodological concern is that demographic labels (gender, race), which are not explicitly available

in the datasets, are inferred from text, likely using name based or linguistic proxies. This eliminates the pote-

ntial for misclassification, especially in multilingual contexts such as Bengali, where naming conventions may

not align with Western racial or gender categories.

4. Experiment Setup

The process begins with demographically imbalanced training data, which is pre-processed and augmented

with demographic attributes to obtain textual features using Word2Vec or FastText embeddings. We train and

evaluate four classification models on the dataset: LR, NB, SVM, and RF. To assess bias, a balanced test dataset

with equal representation across intersectional groups (e.g., Male+White, Male+Black, Female+White, and

Female+Black) is used; performance disparities across these subgroups indicate bias. To categorize significant

bias, we implement a T5-based data augmentation to generate additional synthetic samples for underrepre-

sented groups, such as Female+Black. When the classification models are retrained, these synthetic samples

are combined with the original training sets. Finally, re evaluate the retrained model on the same test set to as-

sess the improvements in fairness and overall accuracy.

The demographic composition of the training and test sets used in the experimental setup was evaluated to

evaluate model bias. The training set shows a significant demographic imbalance in the real world dataset; it

contains a larger proportion of Male+White samples, approximately 42% (800 samples), while Female+Black

Demographic

 Subgroup

Male+White

Male+Black

Female+White

Female+Black

Training

Set

  800

   600

   400

    200

Test

Set

500

500

500

500

Table 1. Simulated demographic distribution showing training set imbalance and balanced

 test set across intersectional subgroups
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samples account for only 6% (200 samples). In contrast, the test set is designed to have an equal number of

samples from each of the four groups, 25% (500 samples) across all demographic subgroups (see Table 1),

allowing us to assess any bias in the model fairly. Training and test datasets serve two critical purposes:(1) they

preserve the natural biases present in real world data during model training, and (2) they provide an unbiased

benchmark for detecting learned algorithmic biases through controlled evaluation. This design’s effectiveness

is demonstrated by its ability to reveal significant performance disparities among groups that are equally rep-

esented in testing, with the most pronounced gaps typically appearing for inter sectionally underrepresented

groups, such as Female+Black individuals.

5. Results

5.1 Baseline Bias (Pre-Augmentation)

Our initial set of experiments for the English dataset focused on identifying bias in sentiment classification

performance across demographic subgroups using unaugmented training data, reflecting the natural

demographic imbalances in real world datasets. Fig. 4 (a-b) illustrates F1 score distributions across demographic

subgroups for sentiment classification models using Word2Vec (see Fig. 4a) and FastText (see Fig. 4b)

embeddings before augmentation. Four distinct models, such as RF, SVM, NB, and LR, demonstrate a consistent

performance hierarchy, with Word2Vec Male+White samples achieving the highest scores (0.86) in RF, and

Female + Black samples achieving the lowest scores (0.72) in NB. For FastText Male+White samples achieve

the highest scores (0.87) in RF, and Female + Black samples achieve the lowest scores (0.70) in NB. The lowest

scores were typically recorded for the Female + Black subgroup, which showed an intersectional disadvantage.

Figure 4. Pre-augmentation F1-score heatmaps across demographic subgroups for English (a–b)

and Bengali (c–d) using Word2Vec (a, c) and FastText (b, d) embeddings

The Bengali dataset demonstrated significant disparities in model performance across demographic subgroups,

particularly when using Word2Vec and FastText embeddings with RF, SVM, NB, and LR classifiers, as shown

in Fig. 4(c-d). For Word2Vec, the F1 scores range from 0.64 to 0.82 (see Fig. 4c), indicating a clear bias



dline.info/jdim 212

Journal of Digital Information Management Volume 23 Number 4 December 2025

toward accommodating the gender and race subgroups. In Fig. 6d, the Male + White subgroup consistently

achieves the highest scores (0.82), while the Female + Black subgroup shows the lowest performance, with

scores as low as 0.64. For FastText, the F1 scores range from 0.62 to 0.83, demonstrating a clear bias in favour

of the gender and race subgroups, with the Male + White subgroup consistently achieving the highest scores

(0.83) and the Female + Black subgroup performing the worst, with scores as low as 0.63.

5.2 Bias Mitigation: T5-Based Post-Augmentation

Our experiments determine that targeted T5-based augmentation effectively reduces demographic performance

disparities across English and Bengali datasets, as shown in Fig. 5. In the English dataset with Word2Vec

embedding, the F1 score for the demographic subgroup Female + Black increased from 0.80 to 0.84 (see Fig.

5a), which is closing the gap with the Male + White demographic subgroup (0.86) in just 0.02. Using FastText

embedding, the Female + Black demographic subgroup improved from 0.68 to 0.79, reducing the bias gap

from 0.12 to 0.03 (see Fig. 5b). The improvement in performance for Female + Black and the narrowing gaps

across all demographic subgroups.

Figure 5. Post-augmentation F1-score heatmaps across demographic subgroups for English (a–b)

and Bengali (c–d) using Word2Vec (a, c) and FastText (b, d) embeddings

In the Bengali dataset with Word2Vec embedding, the F1 score for the demographic subgroup Female + Black

increased from 0.75 to 0.77, which is closing the gap with the Male + White demographic subgroup (0.82) in

just 0.05 (see Fig. 5c). Using FastText embedding, the Female + Black demographic subgroup also improved

from 0.74 to 0.77, reducing the bias gap from 0.09 to 0.06 (see Fig. 5d). The improvement in performance for

Female + Black and the narrowing gaps across all demographic subgroups.

5.3 Bias Gap Pre and Post Augmentation

In both the English and Bengali datasets, a comprehensive analysis of identifying bias reduction through T5-based

augmentation was conducted by comparing pre and post augmentation gaps between the highest (Male+White)
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and lowest (Female+Black) F1 scores across models. Pre-augmentation phase, bias gaps range from 0.06 to

0.13, with the most significant disparities occurring in models that use Naïve Bayes or SVM with FastText (see

Fig. 6). These results strengthen the earlier observation that simpler models like NB or overly lexical embeddings

such as FastText may exacerbate demographic disparities due to overfitting to dominant group patterns. Bias

is generally more pronounced in the Bengali dataset, accentuating the compounding effect of under repr-

esentation in low-resource settings.

Figure 6. Impact of T5-based augmentation on reducing F1-score bias gaps across models

and languages for intersectional demographic subgroups

Applying targeted T5-based data post-augmentation results demonstrates theatrical improvements. Nearly

all model configurations show a substantial reduction in the bias gap, with several dropping below the 0.05

threshold often used to indicate acceptably fair performance. The most skewed models, such as NB-FT and SV-

M-W2V, saw a bias gap drop by up to 0.09, demonstrating the augmentation’s impact on fairness. The figure

also clearly shows that gap reductions were more pronounced in Bengali, where the added synthetic samples

likely provided the most outstanding linguistic and demographic balance. The inclusion of different labels hig-

hlights that the most significant improvements occurred for the most disadvantaged subgroups, like

Female+Black, who benefited the most from the intervention. This ensures that T5-based augmentation delivers

consistent, targeted benefits to underserved groups without destabilizing overall model performance. The

visual contrast between the pre-and post-augmentation bars in Fig. 7 powerfully reinforces that synthetic

data can most effectively mitigate intersectional bias where it is most severe, particularly in resource con-

strained settings.

5.4 Bias Gap Between Majority and Minority Subgroups

In the bias mitigation experiment that utilized a T5-based model, the majority subgroup (Male+White) per-

formed significantly better than the minority subgroup (Female+Black) in both pre-and post-augmentation

F1 scores, as shown in Fig. 7. Before augmentation, the Male+White subgroup substantial performance to the

Female+Black subgroup, achieving F1 scores of 0.80 compared to 0.68, resulting in a gap of 0.12. However,

after augmentation, the minority group’s performance improved significantly to 0.79, narrowing the gap to

just 0.03, while the majority group’s score increased slightly to 0.82. This 75% reduction in the performance

disparity (from 0.12 to 0.03) demonstrates that targeted synthetic data generation can effectively mitigate

representation bias while maintaining the majority group’s performance. Therefore, demographic aware augme-

ntation can achieve near parity in model outcomes across subgroups without compromising overall accu-

racy, marking a critical step forward in building more equitable NLP systems.
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Figure 7. F1-score bias gap reduction between majority (Male+White) and minority

 (Female+Black) subgroups following T5-based data augmentation

5.5 Overall Performance Comparison

Figure 8 indicates an apparent positive effect of augmentation on model performance. The macro averaged F1

score on the English dataset increased moderately from 0.81 to 0.84 (+3 points), confirming that synthetic

data improved model utility without introducing noise. In the Bengali dataset, which started at a lower baseline

(0.74), it showed additional gains, rising from 0.74 to 0.81 (+7 points), highlighting the substantial impact of

augmentation in low-resource settings where data scarcity overwhelmingly affects baseline performance.

These performance gains were achieved while minimizing demographic bias, as discussed in the previous

figures and analysis. The simultaneous improvement in fairness and accuracy refutes the often-cited trade-off

in debiasing literature. It suggests that carefully targeted interventions, such as T5-generated samples for

underrepresented groups, can enhance equity and utility in NLP models. The findings confirm that T5-generated

samples for underrepresented groups can improve equity (by closing subgroup gaps) and efficacy (by boosting

overall scores), providing a scalable solution for inter sectionally fair NLP across diverse linguistic settings.

Figure 8. Macro-averaged F1 score improvement after T5-based augmentation

on English and Bengali datasets
6. Discussion

6.1 Effects of T5-Based Augmentation on Bias

Our results demonstrate that targeted T5-based data augmentation significantly mitigates intersectional bias,
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especially for the most disadvantaged Female+Black subgroup (see Fig. 4-5). This approach proved particularly

impactful in Bengali, where constraints of low-resource datasets and demographic underrepresentation led to

significant initial disparities. For instance, LR+FastText embeddings improved F1 score (0.68’™0.79) for

Female+Black in Bengali, reducing the performance gap by 67% while maintaining the accuracy of the majority

group. Similarly, the English dataset saw consistent gains, with RF + Word2Vec reducing the Female+Black

gap from 6% to just 2%. These improvements occurred without compromising performance on the majority

subgroups (Male+White scores remained stable within ±1%), challenging the common assumption of a fairness-

accuracy trade off. The greater relative improvements in Bengali underscore how data augmentation disp-

roportionately benefits low-resource settings where manual data collection is most constrained. These findings

indicate that transformer based synthetic data generation can effectively address representation imbalances

while enhancing overall model robustness. This method’s success across both languages and various classifier

architectures suggests it is a practical, scalable solution for mitigating intersectional bias in diverse NLP

applications.

6.2 Impact on Overall Performance and Fairness

T5-based augmentation achieved dual benefits, simultaneously reducing intersectional bias while improving

overall model performance. As shown in Figure 8, the macro-averaged F1 score across all subgroups increased

post-augmentation for both languages. The average F1 score in English increased from 0.81 pre-augmentation

to 0.84 post-augmentation, while in Bengali, it improved from 0.74 to 0.81. This augmentation strategy

successfully reduced bias gaps without sacrificing performance, potentially enhancing the model’s overall

effectiveness and achieving balanced improvement across both areas. Figure 8 quantitatively summarizes the

bias gap reduction, indicating that augmentation decreased the F1 score gaps by roughly 45% on average

across all configurations, with the most significant improvements (up to 70% gap reduction) for the most

disadvantaged (Female+Black) group. These results emphasize that targeted data augmentation can

substantially improve equity in model performance. In summary, the discussion of Figures 4–5 presents a

consistent narrative. Pre-augmentation, models exhibit significant intersectional bias, particularly in low-

resource languages, while post-augmentation, these biases are notably reduced, and the overall model efficiency

is slightly improved. This demonstrates the effectiveness of the proposed T5-based augmentation pipeline in

addressing demographic bias in sentiment analysis without sacrificing accuracy.

6.3 Future Work

Future research should focus on incorporating real world demographic labels through ethical data collection

methods, expanding beyond binary categories to include non binary identities and additional dimensions

such as age and socio economic status, and exploring hybrid approaches that combine data augmentation

with algorithmic debiasing techniques like adversarial training or fairness constrained optimization. Addi

tionally, while this study focused on classical models, extending this work to transformer based architectures

such as BERT and RoBERTa in multilingual contexts, and conducting longitudinal studies of bias evolution in

continuously updated models represent critical next steps. This underscores the urgent need for standardized

evaluation protocols and community developed best practices for assessing and mitigating demographic bias

in NLP systems, particularly for low resource languages where the risks of inequitable performance are most

acute, yet the resources for addressing them are limited.

We also plan to conduct a sensitivity analysis to show how performance varies across different demographic

assignment assumptions and to validate naming conventions.
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7. Conclusion

This study thoroughly investigates intersectional demographic bias in sentiment analysis across English and

Bengali datasets. The thorough evaluation of model configurations and subgroup analyses exposes consistent

performance disparities, especially within the Female+Black subgroup, which shows the lowest accuracy and

emphasizes the critical need for intersectional approaches beyond single axis fairness assessments. Our results

show that traditional ML models, Strained on biased data, exacerbate demographic imbalances despite high

accuracy.

Specifically, Naïve Bayes and SVM models display significant gaps in F1-scores across subgroups, while FastText

embeddings, though effective for rare words, sometimes amplify biases, especially in Bengali. To address

these challenges, we propose a T5-based data augmentation framework that reduces bias gaps by up to 70%

without sacrificing accuracy. Bengali datasets are experiencing the most significant improvement due to their

low-resource nature. By demonstrating that synthetic data generation can enhance both model performance

and equitable representation, this work advances algorithmic fairness in NLP. It also expands research into

multilingual and intersectional domains, offering a practical approach for developing more inclusive sentiment

analysis systems.
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