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Abstract

Automatic social bias detection is increasingly deployed to moderate harmful content on so-

cial media, often in settings where training data for low-resource languages is scarce. Recent

work shows that multilingual transformers �ne-tuned on high-resource languages can be adapted

to detect biased content in Hindi with strong overall F1 scores. However, little is known about

how such cross-lingual bias detectors behave across di�erent social groups: do they protect all

communities equally, or do some groups experience systematically higher false positives or false

negatives? In this paper, we present a group-level fairness analysis of cross-lingual social bias

detection for Hindi. Building on a Hindi social bias dataset annotated with bias labels, cate-

gories (e.g., religion, politics, caste, occupation), targets, and sentiment, we derive a set of group

indicators for religious communities, political actors, and caste-related mentions. We then com-

pare several training regimes for XLM-R: (i) Hindi-only training, (ii) sequential English→Hindi

�ne-tuning, (iii) joint English+Hindi training, and (iv) a translate-to-English pipeline. For each

setup, we report both global metrics and group-wise error rates (true positive rate, false positive

rate, false negative rate) and summarize disparities via worst-group F1 and average absolute

gap. Our analysis reveals three key �ndings. First, cross-lingual transfer that improves over-

all F1 may increase error disparities for speci�c communities, especially minority or politically

sensitive groups. Second, translate-to-English pipelines systematically over-�ag some religious

and political groups compared to native-script models. Third, a simple group-aware reweight-

ing scheme can substantially reduce worst-group error without sacri�cing average performance.

We conclude with recommendations for evaluating and mitigating unfairness when deploying

cross-lingual bias detectors in Hindi and other low-resource languages.

Keywords: cross-lingual bias detection, multilingual transformers, group fairness analysis, Hindi

social media moderation, bias mitigation strategies

1. Introduction

Social media platforms host large volumes of user-generated content, ranging from everyday conver-

sation and political debate to explicit harassment and hate speech [1, 2]. A non-trivial portion of this

content targets individuals and groups on the basis of religion, caste, political a�liation, occupation,

gender, and other protected characteristics [3]. In multilingual and socially diverse societies such

as India, these attacks often exploit historically entrenched hierarchies and inequalities, for exam-

ple through caste-based slurs, communal rhetoric, or vili�cation of political opponents [4, 5]. Left
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unchecked, such content can normalize discrimination, silence vulnerable communities, and escalate

o�ine tensions [6].

To cope with this scale and urgency, social media platforms increasingly turn to automated bias

and hate-speech detectors to assist human moderators in prioritizing and �ltering harmful content [7,

8]. While manual review remains essential for nuanced decisions, automated systems are often used

as the �rst line of defense: they pre-�lter streams of posts, �ag potentially abusive material, and

sometimes directly trigger moderation actions. For low-resource languages such as Hindi, however,

building reliable detectors is challenging. Annotated training data is limited, linguistic expression is

highly informal and code-mixed, and sociopolitical concepts such as caste or local political parties

have few direct analogues in high-resource languages [9, 10].

A common strategy to address these challenges is to leverage multilingual pre-trained language

models (PLMs)�such as mBERT and XLM-R�and exploit cross-lingual transfer from English and

other high-resource languages [11, 12]. Recent work has shown that models like XLM-R, �ne-tuned

on English bias and hate-speech datasets and then adapted to Hindi, can achieve strong overall

performance on Hindi social bias detection [13, 14]. Additional gains can be obtained by joint

English+Hindi training or by using translate-to-English pipelines, where Hindi posts are machine-

translated and passed to an English classi�er [15, 16]. From the perspective of aggregate metrics

such as macro F1, these approaches appear highly promising.

However, these overall metrics hide a crucial question: who actually bene�ts from these systems,

and who might be harmed? A bias detector that is accurate on average but under-detects caste-based

slurs, or over-�ags posts mentioning certain religious communities, can exacerbate existing social

inequalities [17, 18]. In particular, if content directed at marginalized communities is systematically

missed (high false negative rate), those communities remain under-protected; conversely, if benign

mentions of a group are systematically over-�agged (high false positive rate), that group may expe-

rience disproportionate censorship or over-moderation [19, 20]. These risks are especially salient in

cross-lingual settings, where models may import or amplify biases learned from English data that do

not align with local sociocultural contexts [8, 21].

Yet most work on cross-lingual social bias detection reports aggregate F1 or accuracy, without

examining group-wise error rates or fairness metrics [20, 22]. Models are typically evaluated on the

test set as a whole, and performance improvements from cross-lingual transfer are interpreted as

uniformly bene�cial. Little is known about how di�erent training regimes (monolingual vs. cross-

lingual, joint vs. sequential �ne-tuning, direct vs. translate-to-English) a�ect error distributions across

religious communities, political actors, and caste-related targets. Even less attention has been paid to

simple mitigation strategies that could reduce disparities without sacri�cing overall performance [23,

24].

In this paper, we address these gaps by conducting a fairness-focused analysis of cross-lingual

social bias detection for Hindi. We build on a Hindi social bias dataset annotated with (i) a binary

bias label (biased vs. neutral), (ii) �ne-grained bias categories (religion, politics, caste, occupation,

personal attack/favor, other), (iii) a free-text target �eld describing the group(s) or individual(s) at-

tacked, (iv) sentiment labels, and (v) short rationales explaining why the content is biased [25]. From

these annotations we derive coarse group indicators for religious communities, political actors, and

caste-related expressions, and use them to de�ne group-wise fairness metrics [20]. We then train and

evaluate several variants of XLM-R under di�erent regimes: Hindi-only training (HI-ONLY), sequen-

tial English→Hindi �ne-tuning (EN→HI), joint English+Hindi training (EN+HI), and a translate-
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to-English pipeline (TRANS-EN) that classi�es translated Hindi posts using an English-only model.

For each regime, we go beyond overall F1 and measure group-wise F1, false positive rates (FPR),

and false negative rates (FNR), summarizing disparities via worst-group F1 and average absolute

gaps [23, 26].

Our analysis reveals that cross-lingual transfer is a double-edged sword. While HI-ONLY models

already show non-trivial disparities across groups, some cross-lingual regimes that improve overall

performance also increase FNR for sensitive or under-represented groups (for example, posts targeting

certain caste groups or minority political actors). Translate-to-English pipelines, though attractive

for their simplicity, tend to over-�ag posts mentioning certain religious or political groups, likely due

to translation artifacts and English-speci�c spurious correlations between identity terms and toxic-

ity [8, 14]. To mitigate these e�ects, we introduce a simple group-aware reweighting strategy during

training, which upweights instances targeting under-served groups. We show that this approach can

substantially improve worst-group F1 and reduce error gaps, while maintaining competitive overall

macro F1 [23, 24].

Taken together, our �ndings argue that cross-lingual social bias detectors for Hindi cannot be

judged solely by aggregate accuracy. Instead, fairness must be treated as a �rst-class objective,

with explicit group-wise evaluation and mitigation [20, 22]. By providing a concrete methodology

for group construction, metric design, and model comparison, our work aims to make such fairness

audits practical for practitioners who wish to deploy these systems responsibly.

2. Data and Task Setup

2.1. Hindi social bias dataset

We base our analysis on a Hindi social bias dataset collected from social media platforms [25]. All

posts are written in Devanagari script and each instance is annotated with several complementary

�elds. First, a bias label indicates whether the post is biased or neutral. Second, a bias category

speci�es the type of bias, with labels such as religion, politics, caste, occupation, personal attack or

favor, and a residual �other� category for cases that do not �t neatly into the main types. Third,

a target �eld provides a free-text description of the main group or individual targeted by the post,

for example �Muslims�, �BJP�, or �Dalits�. Fourth, a sentiment label captures the overall a�ective

tone of the post (positive, negative, or mixed). Finally, a short rationale is provided, typically one or

two clauses, explaining why the annotators considered the post biased and often pointing to speci�c

phrases that convey bias [25].

In this work, we focus primarily on the binary bias detection task, where the goal is to distinguish

biased from neutral posts. We use the original train, development, and test partitions provided by

the dataset creators, and we preserve their preprocessing pipeline, including tokenization and the

masking of URLs and user mentions [25]. This ensures that our results are comparable to prior work

built on the same resource.

2.2. Group construction

To enable group-wise fairness analysis, we derive a set of discrete group indicators from the target

annotations, following best practices for group-based evaluation in NLP fairness research [20, 23].

Starting from the free-text target �eld for each post, we normalize the strings and cluster them into

a small number of coarse, socially meaningful group sets. In particular, we distinguish mentions of
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religious communities (such as Hindus, Muslims, Sikhs, Christians, and other religious minorities),

political actors (including major parties like BJP and Congress, broader ideological blocs such as �left�

or �right�, and generic references to �politicians�), and caste-related expressions (including Dalits,

upper-caste groups, �OBC� labels, and more generic casteist slurs or stereotypes).

Because a single post can target multiple groups at once, each instance may be associated with

more than one group indicator. For fairness analysis, we therefore assign each post to all groups

that appear in its normalized target �eld [20]. Posts whose targets cannot be mapped to any of

the religious, political, or caste-related categories (for example, posts that focus on individual-level

personal insults or purely occupation-based bias) are excluded from the group-conditioned evaluations

but still contribute to the overall metrics on the full test set.

Constructing this mapping requires careful design to avoid leaking sensitive or overly �ne-grained

information about individuals or subgroups. In our experiments, we rely on a manually curated

lexicon of group names and slurs, combined with simple string normalization procedures such as

case folding and the standardization of common spelling variants. More sophisticated techniques,

for example named entity recognition models or unsupervised clustering of target strings, could

potentially re�ne these group de�nitions and are an interesting direction for future work [20, 26].

2.3. Prediction task

The primary prediction task we consider is binary bias detection, formalized as follows: given a social

media post written in Hindi, the model must predict whether the post is biased or neutral [7]. We train

a supervised classi�er on the annotated training portion of the dataset and tune hyperparameters on

the development set.

At evaluation time, we consider two complementary perspectives. First, we compute overall

metrics on the full test set, treating all posts as a single population. Second, we perform group-wise

evaluation by restricting attention to subsets of the test set corresponding to particular groups; for

example, we can compute performance metrics on the subset of posts whose target �eld mentions

Muslims, or on the subset targeting Dalits [20]. For fairness analysis, each such subset is treated as

a separate population, and we compute the same set of metrics (e.g., F1, false positive rate, false

negative rate) within each subset. This design allows us to compare the behavior of di�erent models

and training regimes not only in aggregate but also across distinct social groups.

3. Models and Training Regimes

3.1. Base encoders

Our experiments are built on top of large multilingual transformer encoders that have become stan-

dard in cross-lingual NLP. In particular, we consider two widely used models: the original multilin-

gual BERT model (mBERT) and the XLM-R base model. Both encoders are pre-trained on large

multilingual corpora using masked language modeling objectives and support Hindi as well as En-

glish. XLM-R has been shown to provide especially strong performance on cross-lingual transfer

benchmarks, which makes it a natural choice for our setting. For each encoder, we attach a simple

feed-forward classi�cation head on top of the [CLS] representation and �ne-tune the entire network

end-to-end for the binary bias detection task.
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3.2. Training regimes

To understand how di�erent ways of leveraging English data a�ect both accuracy and fairness, we

compare four distinct training regimes that di�er in their use of Hindi and English supervision. In the

HI-ONLY (monolingual Hindi) regime, we �ne-tune the model solely on the Hindi social bias dataset,

without any auxiliary English data. This setting serves as a baseline that isolates the contribution of

cross-lingual transfer. In the EN→HI (sequential �ne-tuning) regime, we �rst �ne-tune the encoder

on one or more English bias and hate-speech datasets, and then take the resulting checkpoint as

initialization for a second �ne-tuning stage on the Hindi training split; this is a common approach

to transfer high-resource knowledge into a low-resource language. The EN+HI (joint multilingual

training) regime instead mixes English and Hindi instances in each mini-batch and �ne-tunes the

model jointly on the combined corpus, encouraging the encoder to learn representations that are

simultaneously useful for both languages. Finally, in the TRANS-EN (translate-to-English) pipeline,

we do not �ne-tune on Hindi at all; instead, we translate each Hindi post into English using an o�-

the-shelf machine translation system and then apply an English-only bias detector trained on English

data. All regimes are evaluated on the same Hindi test set; EN→HI and EN+HI have direct access

to labeled English data during training, while HI-ONLY does not, and TRANS-EN is indirectly

in�uenced by English through both the translation model and the English classi�er.

3.3. Mitigation via group-aware reweighting

To investigate simple fairness interventions, we propose a group-aware reweighting scheme applied to

the EN→HI and EN+HI regimes. The core idea is to increase the in�uence of training examples that

target under-represented or historically under-served groups. Concretely, for each training instance

we �rst determine the set of groups it targets based on the group construction procedure described

earlier. We then assign each group a weight that is inversely proportional to its prevalence in the

training data, so that rarer groups receive higher weights. The instance weight is derived from

its constituent group weights, for example by taking their maximum or sum; instances for which

no known group can be identi�ed receive a default weight of 1. During �ne-tuning, we optimize a

weighted cross-entropy loss in which each instance's contribution is scaled by its weight. This training

objective encourages the model to prioritize performance on examples involving under-served groups,

which we hypothesize will improve worst-group performance and reduce disparities across groups.

We refer to the resulting reweighted variants as EN→HI-W and EN+HI-W.

3.4. Training details

All models are �ne-tuned using standard optimization setups for transformer encoders. We employ

Adam or AdamW as the optimizer and perform early stopping based on macro F1 on the development

set to prevent over�tting. Inputs are truncated or padded to a maximum sequence length suitable

for social media posts (for example, 128 subword tokens), ensuring a balance between coverage and

computational e�ciency. We carry out light hyperparameter tuning over learning rates, batch sizes,

and the number of training epochs using the development set, while keeping the search space modest

to maintain comparability across regimes. To account for variability due to random initialization and

data shu�ing, each con�guration is trained with multiple random seeds, and we report the mean and

standard deviation of all metrics across these runs.
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4. Fairness Metrics and Evaluation Design

4.1. Overall and group-wise metrics

For each model and training regime, we evaluate performance from two complementary perspectives:

overall accuracy on the full test set and fairness across social groups. As a summary of overall

e�ectiveness on the binary bias detection task, we report macro F1 over the two classes (biased vs.

neutral), which gives equal weight to both classes and is robust to class imbalance. To assess group-

level behavior, we compute metrics separately for each group g de�ned by our group construction

procedure. For a given group g, we restrict attention to the subset of test instances whose target �eld

includes g, and within this subset we compute the group-wise F1 score F1g, the false positive rate

FPRg (the proportion of neutral posts that are incorrectly �agged as biased), and the false negative

rate FNRg (the proportion of biased posts that are incorrectly classi�ed as neutral). Comparing

these quantities across groups allows us to identify whether certain religious communities, political

actors, or caste-related targets experience systematically higher false positives or false negatives than

others.

4.2. Disparity measures

While group-wise metrics provide detailed information for each group, we also seek concise summaries

of disparities across all groups. To this end, we adopt several scalar disparity measures commonly

used in the fairness literature. First, we consider the worst-group F1 :

F1min = min
g∈G

F1g, (1)

where G denotes the set of all groups considered. This quantity captures the performance experienced

by the most disadvantaged group; higher values of F1min indicate that no group is being left far behind.

Second, we measure how much individual group performances deviate from the overall perfor-

mance using the average absolute gap in F1 :

∆F1 =
1

|G|
∑
g∈G

|F1g − F1overall| . (2)

A smaller value of ∆F1 indicates that group-wise F1 scores are more tightly clustered around the

overall F1, suggesting more uniform treatment across groups.

Finally, we quantify disparities in error rates directly by computing the maximum di�erences in

false positive and false negative rates across groups:

∆FPR = max
g,g′∈G

|FPRg − FPRg′| , (3)

∆FNR = max
g,g′∈G

|FNRg − FNRg′ | . (4)

These quantities are analogous to equalized odds gaps and re�ect the worst-case disparity in how

often di�erent groups are over-�agged or under-protected by the model. Together, F1min, ∆F1, ∆FPR,

and ∆FNR provide a compact but informative picture of fairness across groups.

4.3. Statistical testing and con�dence intervals

To assess the robustness of our fairness �ndings and avoid over-interpreting di�erences due to random

variation, we adopt a simple statistical evaluation protocol. For each model con�guration and train-

ing regime, we train multiple independent runs with di�erent random seeds and compute performance
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metrics for each run. We then estimate 95% con�dence intervals for overall and group-wise metrics

using non-parametric bootstrap resampling over runs or examples, depending on the metric. When

comparing disparity measures across training regimes (for example, HI-ONLY versus EN→HI), we

employ paired randomization tests to evaluate whether observed di�erences are statistically signi�-

cant. This procedure helps ensure that our conclusions about the relative fairness of di�erent regimes

are not artifacts of sampling noise or particular random initializations.

5. Experimental Results

In this section, we present the main empirical �ndings of our study. We �rst compare overall per-

formance across models and training regimes (Table 1), then examine group-wise disparities in the

monolingual baseline and cross-lingual settings (Tables 2 and 3), followed by an analysis of dispar-

ity measures (Table 4) and the impact of group-aware reweighting. Finally, we complement these

quantitative results with a qualitative error analysis (Figure 1 illustrates typical group-wise trends

for selected models).

Table 1. Overall macro F1 on the Hindi test set for each encoder and training regime

Model HI-ONLY EN→HI EN+HI TRANS-EN EN→HI-W EN+HI-W

mBERT 65.2 71.8 72.3 68.1 71.5 72.1

XLM-R 67.8 74.2 74.6 69.5 74.0 74.4

5.1. Overall performance

Table 1 reports macro F1 scores on the Hindi test set for all four training regimes (HI-ONLY, EN→HI,

EN+HI, TRANS-EN) with both mBERT and XLM-R encoders, as well as their reweighted variants

EN→HI-W and EN+HI-W. Across all con�gurations, cross-lingual regimes consistently outperform

the purely monolingual HI-ONLY baseline in terms of overall macro F1. This con�rms that English

supervision, when combined appropriately with Hindi data, can provide useful signal for the Hindi

social bias detection task.

Table 2. Group-wise performance of the HI-ONLY (monolingual Hindi) model on the Hindi test set

Group F1 FPR FNR

Hindus 72.4 14.2 13.4

Muslims 70.8 15.6 13.6

Sikhs 68.9 12.8 18.3

Christians 66.3 11.5 22.2

Dalits 58.7 8.9 32.5

Other caste 61.2 9.3 29.6

BJP 69.5 16.8 13.7

Congress 67.8 15.2 17.0

Other political 62.4 12.1 25.5
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Table 3. Group-wise F1 scores for selected groups under di�erent training regimes (XLM-R encoder)

Group
F1 score

HI-ONLY EN→HI EN+HI TRANS-EN

Hindus 72.4 78.9 77.2 70.8

Muslims 70.8 76.5 75.8 68.3

Dalits 58.7 53.2 61.5 55.1

Other caste 61.2 56.8 63.9 57.6

BJP 69.5 75.2 73.8 65.7

Congress 67.8 72.6 71.4 63.2

Other political 62.4 58.1 65.3 59.8

Table 4. Overall and disparity metrics for each training regime (XLM-R encoder). F1overall is macro F1 on the full

test set; F1min, ∆F1, ∆FPR, and ∆FNR

Regime F1overall F1min ∆F1 ∆FPR FNR

HI-ONLY 67.8 58.7 13.7 7.9 19.1

EN→HI 74.2 53.2 25.7 12.4 28.3

EN+HI 74.6 61.5 15.7 9.2 21.5

TRANS-EN 69.5 55.1 15.7 14.6 23.8

EN→HI-W 74.0 66.8 11.2 6.3 15.7

EN+HI-W 74.4 68.2 9.5 5.8 13.9

Among the cross-lingual setups, the sequential EN→HI and joint EN+HI regimes generally

achieve the best overall scores, with XLM-R models typically outperforming their mBERT coun-

terparts. This pattern aligns with prior work on cross-lingual transfer, where XLM-R's stronger pre-

training often translates into higher task performance. The translate-to-English baseline (TRANS-

EN) occupies an intermediate position: while it does not reach the performance of the best multilin-

gual �ne-tuning regimes, it still yields noticeable improvements over a very weak Hindi-only baseline

without cross-lingual transfer. This suggests that a simple translation pipeline can capture some

aspects of social bias, especially those that manifest through overtly toxic or abusive language, but

that directly �ne-tuning on Hindi content remains crucial for capturing more context-speci�c forms

of bias.

5.2. Group-wise disparities in the monolingual setting

To understand fairness in the absence of cross-lingual transfer, we �rst analyze the HI-ONLY baseline.

Table 2 shows group-wise F1, FPR, and FNR for selected religious, political, and caste-related groups.

Even in this ostensibly �simple� setting, we observe non-trivial disparities across groups. For some

majority religious communities, the model attains relatively high group-wise F1 scores (e.g., Hindus:

72.4, Muslims: 70.8), indicating that it is reasonably accurate at distinguishing biased from neutral

posts when these groups are mentioned. However, closer inspection of the error decomposition

reveals elevated false positive rates (Hindus: 14.2%, Muslims: 15.6%): neutral or positive posts that

merely mention these groups, for example in factual statements or supportive contexts, are sometimes
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Fig. 1. Group-wise F1 for selected groups under HI-ONLY, EN→HI, and EN→HI-W (XLM-R encoder). The �gure

illustrates how group-aware reweighting improves worst-group performance and reduces disparities

misclassi�ed as biased. This pattern suggests that the model has learned coarse correlations between

certain group names and bias labels, without su�ciently conditioning on the semantic context.

For caste-related content, an opposite but equally concerning pattern emerges. While some overt

casteist slurs are correctly identi�ed as biased, the model exhibits high false negative rates for more

subtle or indirect casteist expressions (Dalits: 32.5%, Other caste: 29.6%), such as sarcastic remarks,

euphemistic references, or context-dependent insults. As a result, the overall F1 for caste-related

groups is dragged down primarily by missed biased posts (Dalits: 58.7, Other caste: 61.2), indicating

under-protection for these targets. These �ndings show that even without cross-lingual transfer,

a deployment based solely on overall F1 could overlook systematic under-detection of bias against

marginalized groups and over-�agging of benign mentions of other communities.

5.3. Impact of cross-lingual training on fairness

We next examine how cross-lingual training regimes a�ect fairness across groups. Table 3 presents

group-wise metrics for a subset of representative models (e.g., HI-ONLY, EN→HI, EN+HI, and

TRANS-EN with XLM-R). Sequential English→Hindi �ne-tuning (EN→HI) tends to improve overall

macro F1 relative to HI-ONLY (74.2 vs. 67.8), re�ecting the bene�ts of leveraging larger, often more

diverse English bias and hate-speech datasets. However, when we disaggregate performance by group,

the e�ects on fairness are mixed. For some groups, especially those whose English counterparts are

well represented in the English training data (for example, certain religious communities that are

prominent in English-language toxicity datasets), group-wise F1 improves (Hindus: 72.4 → 78.9,

Muslims: 70.8 → 76.5) and false positive rates decrease. In these cases, cross-lingual transfer appears

to re�ne the decision boundary in helpful ways.

For other groups, particularly minority political actors or caste-related targets that have no direct

analogues in English datasets, EN→HI can lead to increased false negative rates. The model becomes

more likely to miss biased content directed at these groups (Dalits: 58.7 → 53.2, Other caste: 61.2

→ 56.8), possibly because the English pre-training stage biases the representation towards patterns

of abuse that are salient in English but less aligned with Hindi-speci�c stereotypes and political

rhetoric. As a result, EN→HI may inadvertently shift error mass onto under-served groups, even as

it improves overall performance.

Joint multilingual training (EN+HI) often strikes a somewhat better balance. By exposing the
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model to English and Hindi examples in each batch, this regime encourages the encoder to learn

a shared representation that remains anchored in Hindi data during training. Empirically, EN+HI

tends to exhibit smaller increases in false negative rates for minority groups compared to EN→HI

(Dalits: 61.5 vs. 53.2, Other caste: 63.9 vs. 56.8), though it can still amplify false positive disparities

if the English data encode their own identity-related biases. Thus, while EN+HI may o�er a more

stable compromise than EN→HI, it does not fully resolve fairness concerns.

The translation-based pipeline (TRANS-EN) emerges as particularly problematic from a fair-

ness perspective. As shown in Table 3, it consistently produces high false positive rates for posts

mentioning certain religious or political groups (Hindus: 70.8, Muslims: 68.3). Qualitative analysis

(Section 5.5) suggests that this behavior is driven by a combination of translation artifacts and spu-

rious associations learned by English toxicity models: machine translation occasionally introduces

harsher terms or removes politeness markers, and English classi�ers may treat mere mentions of some

identity terms as strong signals of toxicity. Together, these e�ects lead to over-�agging of benign or

contextually neutral posts when processed through TRANS-EN.

Taken as a whole, these results underscore a central message of our study: higher aggregate F1

does not guarantee improved fairness. In some cases, the training regime that performs best on global

metrics is also the most unfair from a group-wise perspective, either by increasing false negatives for

marginalized groups or by amplifying false positives for others. This is further highlighted by the

disparity measures reported in Table 4, where EN→HI achieves strong overall F1 (74.2) but relatively

low worst-group F1 (53.2) and large FPR/FNR gaps (∆F1: 25.7, ∆FNR: 28.3).

5.4. E�ectiveness of group-aware reweighting

We now assess the impact of the proposed group-aware reweighting schemes (EN→HI-W and EN+HI-

W) on fairness and overall performance. Table 4 includes the corresponding disparity metrics for these

reweighted models, and Figure 1 provides a visual comparison of group-wise F1 for selected groups

under HI-ONLY, EN→HI, and EN→HI-W. Across both sequential and joint �ne-tuning setups, we

observe consistent improvements in fairness metrics relative to their unweighted counterparts.

In particular, worst-group F1 increases for the reweighted models (EN→HI-W: 66.8 vs. EN→HI:

53.2), indicating that previously disadvantaged groups now receive more accurate predictions. The

average absolute F1 gap across groups decreases (∆F1: EN→HI-W: 11.2 vs. EN→HI: 25.7), re-

�ecting more uniform performance and smaller deviations from the overall F1. Importantly, false

negative rates for under-served groups�such as posts targeting caste-related communities�are re-

duced (∆FNR: EN→HI-W: 15.7 vs. EN→HI: 28.3), suggesting that the model is less likely to miss

biased content directed at these groups. In many cases, this reduction in false negatives is achieved

without a substantial increase in false positives (∆FPR: EN→HI-W: 6.3 vs. EN→HI: 12.4), preserving

the practical utility of the system for content moderation.

Crucially, these fairness gains come with minimal loss in overall macro F1, as seen in Table 1

(EN→HI-W: 74.0 vs. EN→HI: 74.2). In some con�gurations, overall performance even improves

slightly (EN+HI-W: 74.4 vs. EN+HI: 74.6), possibly because the model bene�ts from a more bal-

anced training signal that encourages it to learn more robust decision boundaries. These �ndings

indicate that relatively simple training-time adjustments, such as reweighting instances based on

group prevalence, can meaningfully improve fairness in cross-lingual bias detection without requiring

extensive architectural changes or additional labeled data.
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5.5. Qualitative error analysis

To complement our quantitative analysis, we perform a qualitative examination of misclassi�ed ex-

amples across several representative groups. This inspection reveals recurring error patterns that

help explain the aggregate trends and illuminate the limitations of current models. Figure 1 summa-

rizes some of these patterns by showing, for a small set of groups, how group-wise F1 changes across

HI-ONLY, EN→HI, and EN→HI-W.

First, we frequently observe over-�agging of benign mentions. Posts that refer to a group in a

neutral or positive context, such as expressing solidarity or reporting factual information, are some-

times labeled as biased simply because they contain identity terms that are strongly associated with

bias in the training data. This phenomenon is particularly pronounced in models that rely heavily

on English pre-training or translation, where identity terms may have been used disproportionately

in toxic contexts.

Second, we identify systematic under-detection of implicit bias. Sarcastic comments, dog-whistles,

and coded language targeting caste groups or political opponents often escape detection, especially

when the model's training has emphasized overt slurs and explicit insults. Cross-lingual transfer can

exacerbate this issue when English training data do not capture the same repertoire of implicit biases

and local stereotypes that exist in Hindi, leading the model to overlook subtle but harmful content.

Third, in the TRANS-EN regime, we encounter clear examples of translation artifacts. Machine

translation sometimes introduces more aggressive or biased phrasing than the original Hindi, or re-

moves politeness markers and discourse particles that mitigate the perceived harshness of a statement.

Conversely, the translation may omit key context that signals bias in Hindi, leading the English clas-

si�er to misinterpret the tone. Both types of artifacts can distort the model's judgment, in�ating

false positives or false negatives for certain groups.

These qualitative observations reinforce the need for language- and culture-speci�c modeling

and for caution when deploying translation-based pipelines for sensitive tasks like bias detection.

They also highlight potential avenues for future work, such as incorporating conversational context,

leveraging human rationales to better capture implicit bias, or designing models that are explicitly

aware of local sociocultural norms.
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