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Abstract

Detecting toxic language at scale requires models that are not only accurate but also robust to demographic subgroup
bias and reliable in their probability estimates; however, these objectives can conflict, especially under severe class
imbalance. This study investigates the performance—fairness—calibration interplay in toxicity detection using the
Jigsaw Unintended Bias dataset (124,858 comments; 5.99% toxic; identity annotations in 9.39% of samples). We
aim to quantify how sample reweighting and imbalance-aware training affect global discrimination, worst-subgroup
behavior, and probabilistic calibration, and to assess post-hoc temperature scaling on predicted probabilities. We
compare a TF-IDF + logistic regression baseline against ROBERTa variants trained without mitigation, with sample
reweighting, and with an imbalance-oriented loss, using multi-metric evaluation (AUC, Min/Worst-Subgroup AUC,
ECE, and NLL). RoBERTa consistently improves global AUC over the baseline (=0.96 vs 0.9155) while worst-
subgroup AUC remains substantially lower and varies modestly across RoBERTa variants (=0.7726—0.7813).
Calibration results indicate a marked gap between models: the baseline achieves the lowest ECE (0.0052), whereas
RoBERTa exhibits higher ECE (=0.0257) that increases further under reweighting and imbalance-oriented training
(=0.0490-0.0866), with NLL not improving consistently. These findings contribute empirical evidence that fairness-
oriented interventions can shift error and calibration profiles, motivating holistic evaluation and methods that jointly
constrain subgroup fairness and probabilistic reliability.
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1. INTRODUCTION

Automatic detection of toxic comments has become an essential component of online content
moderation as user interactions on digital platforms continue to grow in volume [1], [2]. The massive
scale of contemporary data renders manual moderation operationally infeasible, necessitating automated
approaches to protect users from exposure to hate speech, harassment, and abuse [1], [3], [4], as well as
to comply with regulatory requirements that mandate efficient handling of harmful content [5],
particularly in safeguarding vulnerable groups[2].

From a technical perspective, toxicity detection is commonly formulated as a text classification
task with probabilistic outputs [6], [7], [8]. Machine learning models are trained to produce probability
scores that represent the likelihood of a comment violating community policies [9], [10]. These scores
serve as the basis for moderation decisions, either through automatic filtering based on predefined
thresholds or via escalation to human moderators for further review [10], [11].

A central challenge in developing such systems lies in class imbalance, where toxic comments
constitute only a small fraction of real-world data [6], [12]. This long-tailed distribution biases models
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toward the majority class, leading to degraded performance on minority classes [13], [14]. The
consequences extend beyond reduced recall for rare toxic comments to distortions in standard evaluation
metrics, which often fail to adequately capture the risks associated with errors in critical cases [15], [16].

These issues are further compounded when model errors are unevenly distributed and
disproportionately affect specific identity subgroups [17], [18]. Models frequently learn spurious
correlations between identity-related terms—such as those referring to race, gender, or sexual
orientation—and toxicity due to biases present in training data [2], [8], [19]. As a result, non-toxic
comments that mention minority identities tend to exhibit elevated false positive rates, while implicit or
contextual attacks against these groups may go undetected [20], [21], [22]. This phenomenon highlights
the inadequacy of aggregate metrics such as accuracy or F1-score, which can obscure systematic failures
on worst-performing subgroups [17], [23]. Consequently, fair evaluation practices require reporting
subgroup-level performance and worst-group metrics to ensure system reliability in sensitive
deployment scenarios [17], [24].

Beyond classification performance, the reliability of predicted probabilities constitutes a critical
concern. Many modern models produce poorly calibrated predictions, in which confidence scores do
not accurately reflect true likelihoods [9], [25], [26]. Overconfident yet incorrect predictions—
particularly under distributional shift—complicate the selection of safe decision thresholds and may
exacerbate fairness disparities in high-stakes automated moderation systems [17], [27].

Although numerous approaches have been proposed, existing literature largely prioritizes global
accuracy optimization. The interplay between performance, subgroup fairness [17], [28], and
probabilistic calibration [27], [29] is often examined in isolation. While larger and more complex models
tend to achieve higher performance, they also incur substantial computational costs, introducing
practical trade-offs for large-scale deployment [6]. A comprehensive evaluation should therefore
consider these dimensions jointly, alongside their computational efficiency implications.

Within this context, ROBERTa has been widely adopted as a strong baseline for text classification
due to its capacity to capture nuanced linguistic patterns [7], [30], [31]. To address class imbalance,
sample reweighting techniques can be employed to amplify the contribution of minority or difficult
examples during training [17]. In parallel, temperature scaling offers an efficient post-hoc method for
improving probabilistic calibration without altering predicted class labels [9], [32].

Motivated by these gaps, this study aims to compare baseline models with ROBERTa, evaluate
the effects of reweighting strategies and probabilistic calibration, and report results holistically across
global metrics, subgroup performance, and computational cost using the Jigsaw Unintended Bias in
Toxicity Classification dataset. This approach is designed to provide a more comprehensive
understanding of the trade-offs among accuracy, algorithmic fairness, and probabilistic reliability in
imbalanced toxicity detection, serving as a foundation for the subsequent experimental methodology
and results analysis.

2. METHOD

To provide a clear overview of the experimental design, this section describes the end-to-end
research workflow, including dataset formulation, preprocessing and deterministic stratified splitting,
model training under controlled mitigation scenarios, post-hoc probability calibration, and evaluation of
performance, subgroup fairness, calibration quality, and computational cost. The complete workflow
and its main components are summarized in Figure 1 to clarify how each stage connects to the study
objectives and ensures reproducibility.
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Figure 1. End-to-end workflow of the proposed

2.1. Dataset

This study employs the Jigsaw Unintended Bias in Toxicity Classification dataset obtained from
Hugging Face, which provides demographic identity attribute annotations based on annotator
perceptions and enables explicit evaluation of subgroup bias. All data were consolidated prior to splitting
in order to preserve distributional consistency within this inherently imbalanced dataset.

The task is formulated as a binary classification problem, where the toxicity label y is derived
from the continuous target score susing the standard threshold of 0.5, as defined in Equation (1):

y =1[s = 0.5] (1)

Demographic identity attributes a; are binarized using the annotator consensus threshold, as
specified in Equation (2):

7z = 1[a;, = 0.5] 2)

To identify comments that contain references to any identity, a composite indicator his defined
as shown in Equation (3):

h=1[Ykze =2 1] 3)

This formulation enables systematic subgroup construction and supports fairness-aware
evaluation under severe class imbalance.

2.2. Preprocessing and Data Splitting

The dataset was split using stratified sampling based on the target label to preserve consistent
class proportions across all data subsets, thereby minimizing distributional bias in the evaluation of
classification models [23], [31]. The data were partitioned into training, validation, and test sets
following standard split ratios, such as 70:10:20 or 80:10:10, to ensure objective and reliable
performance assessment [17], [23], [31]. All splitting procedures were conducted deterministically using
a fixed random seed to guarantee experimental reproducibility and to prevent performance variability
arising from stochastic initialization effects [33], [34].

Text preprocessing was applied to standardize the input data and reduce social media—specific
noise without discarding semantically relevant information, a critical step in hate speech detection
pipelines [12], [35]. This process included the removal of URLs, HTML elements, and user mentions,
as well as text normalization through lowercasing [3], [34], [36]. In addition, non-informative non-
alphanumeric symbols, irregular repeated characters, and irrelevant punctuation were eliminated to
produce a consistent input representation [12]. Sequence length was further controlled through
truncation, with a maximum input length set to 128 tokens. This configuration provides an effective
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trade-off between contextual coverage and computational efficiency for Transformer-based models such
as BERT and RoBERTa [24], [37], [38], [39].

2.3. Model Architectures

The methodological implementation begins with the development of a traditional machine
learning baseline that combines statistical text representations using the Term Frequency—Inverse
Document Frequency (TF-IDF) scheme with a limited n-gram range to capture salient lexical patterns
[12]. This feature representation is modeled using Logistic Regression (LR), which approximates a
linear relationship between the bag-of-words feature vector and the target class probability, as
formulated in Equation (4):

Py =11x) =W ¢(x)), “

where adenotes the logistic function and ¢ (x)represents the TF—IDF feature vector [40]. To improve
the reliability of probabilistic estimates on unseen data, probability calibration is performed using Platt
scaling on the validation set. This procedure maps the raw classifier score f (x)to calibrated probabilities
via a sigmoid function, as shown in Equation (5):

1

P(y =1| f) = 1+exp (A f(x)+B)

)

where the parameters Aand Bare optimized by minimizing the log-loss on the calibration set [26].

As a comparison to this statistical approach, the study employs the Transformer-based RoOBERTa
model, which represents the state of the art due to its large-scale pretraining and enhanced optimization
strategies. Input text is processed using Byte-Pair Encoding (BPE) tokenization, followed by padding
and truncation to a fixed maximum sequence length L,,.to ensure consistent dimensionality across
mini-batches [41]. The contextualized representation of the special [CLS]token is then projected through
a linear binary classification head to produce the output probability distribution.

2.4. Training Procedure and Mitigation Components

This study adopts RoBERTa-base as the core model and evaluates it under three controlled
experimental scenarios designed to assess the mitigation of data imbalance and identity-based bias. The
baseline scenario (NoMit) applies standard fine-tuning without any modification to the loss function, a
setting known to be susceptible to spurious correlations in imbalanced data [17]. The second scenario
(Imb) incorporates class weighting to correct the global label distribution, a strategy shown to be
effective for text classification under long-tailed distributions [14]. The third scenario (Reweight)
applies group-based sample reweighting to balance sample contributions across combinations of target
labels and sensitive identity attributes, with the objective of reducing lexical bias against minority groups
[42].

The base loss function is Binary Cross-Entropy (BCE), formulated in Equation (6):

t; = —log pe(yi | x;) (6)

In the Imb scenario, class weights w.are computed in inverse proportion to class frequencies to
prevent dominance by the majority class, yielding the weighted loss defined in Equation (7):

N

cw . —
7 =wy b we = e

(7

For more fine-grained bias mitigation, the Reweight scenario defines groups g = (y,h) as
combinations of the target label and identity indicator. This approach follows the principles of
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Distributionally Robust Optimization (DRO), which prioritizes minimizing risk on the worst-performing
groups to improve overall model fairness [28]. The aggregated loss is normalized to maintain gradient
stability during training and is expressed in Equation (8):

Ziwgi ¢ N

T 8
Z.ng 7 Gmg ®

As a post-training step, probabilistic calibration is performed using Temperature Scaling to
enhance the reliability of prediction scores, particularly under distribution shift [43]. The temperature
parameter T is optimized on the validation set by minimizing the Negative Log-Likelihood (NLL), as
defined in Equation (9):

Zi

T* = arg min Yievalia —10g softmax (T)yi(g)

The calibrated logits z/T* are then used for final inference, a procedure empirically shown to
reduce Expected Calibration Error (ECE) in natural language understanding tasks [32].

2.5. Evaluation Protocol and Metrics

Performance evaluation is conducted using calibrated prediction probabilities to ensure the
reliability of model confidence estimates [26]. The baseline model is calibrated via Platt scaling, while
RoBERTa models employ temperature scaling, which has been shown to effectively align probability
distributions without affecting classification accuracy [26]. Global performance is primarily assessed
using the Area Under the Receiver Operating Characteristic Curve (ROC-AUC) as a threshold-
independent discrimination metric, complemented by Fl1-score, precision, and recall computed at the
standard decision threshold of 0.5 [12], [44].

Fairness evaluation is performed at the identity subgroup level by computing subgroup-specific
ROC-AUC scores and analyzing error rates derived from the confusion matrix [44]. Two key indicators
are the False Positive Rate (FPR) and False Negative Rate (FNR), defined in Equation (10):

FP FN

,FNR = (10)
FP+TN FN+TP

FPR =

where FP, TN, FN, and TP denote the components of the confusion matrix [2]. To summarize potential
systemic bias, worst-group metrics are reported, including the minimum ROC-AUC and the maximum
FPR and FNR observed across all subgroups [17].

Probabilistic calibration quality is assessed using binning-based Expected Calibration Error
(ECE), which quantifies the discrepancy between empirical accuracy and predicted confidence, as
formalized in Equation (11):

B
ECE = zbzl'fv—b' | ace(S,) — conf(Sy) 1 (11)

where Bdenotes the number of bins, Nthe total number of samples, and acc(S;)and conf(S,)represent
the accuracy and average confidence within the b-th bin, respectively [45]. This calibration analysis is
complemented by the Brier score and Negative Log-Likelihood (NLL) as indicators of sharpness and
overall probabilistic quality [9].

To ensure robustness and generalizability, all ROBERTa experiments are conducted using
multiple random seeds, with results reported as mean + standard deviation [1]. Performance differences
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across scenarios are statistically validated using bootstrapping on the test set to empirically estimate
confidence intervals and uncertainty [46].

2.6. Measurement of Computational Cost and Reproducibility Protocol

Algorithmic efficiency is evaluated through systematic logging of computational costs to compare
the baseline model and RoBERTa across different mitigation scenarios. These costs include training
time, inference latency, and peak GPU memory usage, following standard practices in large-scale deep
learning experiments[ 1], [17]. This evaluation is intended to ensure that improvements in model fairness
do not incur disproportionate computational overhead, given the inherent trade-offs between model
complexity and resource consumption in practical NLP applications [6], [26].

Reproducibility is maintained by using fixed random seeds for all data splits and multi-run
training procedures to mitigate stochastic variance in Transformer-based models [37]. All experiments
apply standardized preprocessing pipelines and a consistent maximum sequence length (L,,) to
minimize systematic bias [3], [47]. Calibration parameters are optimized exclusively on the validation
set to prevent data leakage, while performance and fairness evaluations are reported under a unified
protocol on a previously unseen test set [4], [42].

3. RESULT

The experiments were conducted on a dataset comprising 124,858 samples with a highly
imbalanced label distribution, where 5.99% of instances were classified as toxic and 94.01% as non-
toxic. Demographic identity attributes were available for 9.39% of the samples. The data were
partitioned using a 70:10:20 train/validation/test split, while preserving a consistent proportion of toxic
instances across all splits. A comprehensive summary of the dataset statistics, including label
proportions per split, identity availability, and the extent of identity overlap, is presented in Table 1.

Table 1. Overall Dataset Summary and Split Statistics
Split Count Share of Dataset Toxic (%) Non-toxic (%) Has identity (%) Identity overlap (%)

Train 87,400 70.00% 5.99% 94.01% 9.44% 2.78%
Validation 12,486 10.00% 5.99% 94.01% 8.68% 2.56%

Test 24,972 20.00% 5.99% 94.01% 9.57% 2.89%
Total (All) 124,858 100.00% 5.99% 94.01% 9.39% —

A comparison of global discriminative performance, fairness performance on the worst-
performing subgroup—defined as the minimum AUC across identity subgroups—and computational
cost across all modeling scenarios is summarized in Table 2. Consistently, all Transformer-based
variants achieve higher global AUC than the TF-IDF + logistic regression baseline. The unmitigated
RoBERTa model attains the highest mean global AUC (0.9618 = 0.0012), followed by RoBERTa with
class weighting (0.9612 + 0.0004) and RoBERTa with group-based reweighting (0.9600 + 0.0006),
whereas the baseline records a substantially lower value of 0.9155 + 0.0000. This pattern is further
corroborated by the precision—recall curves in Figure 4(c), where the Transformer variants maintain
higher precision over a broader range of recall compared with the baseline on the imbalanced test set.

Table 2. Performance, Fairness, and Computational Efficiency Across Modeling Scenarios
Min Subgroup Training Peak VRAM Inference Throughput

Scenario AUC AUC Time (s) (MB) (samples/s)
. 0.9155 + 0.7632 +
Baseline (TF-IDF) 0.0000 0.0000 33.9683 228.3242 4075.441
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Transformer (Class  0.9612 + 0.7813 +

Weighting) 0.0004 0.0239 1348.376 8034.606 667.1836
Transformer (No 0.9618 + 0.7726 +
1351.177 8034.606 670.6863
Mitigation) 0.0012 0.0384
Transformer (Group  0.9600 + 0.7778 +
1351. 4. 4
Reweighting) 0.0006 0.0235 351.07 8034.606 666.4366

From an efficiency perspective, the computational metrics reported in Table 2 and the
visualizations in Figures 2(a)—(b) reveal a clear separation between the baseline and Transformer-based
models. The baseline operates with training times on the order of tens of seconds and a memory footprint
of several hundred megabytes, whereas all RoBERTa configurations require training times of
approximately 1.35 x 10° seconds, with peak VRAM usage around 8.03 x 10* MB and inference
throughput in the range of 6.66 x 10% to 6.71 x 10? samples per second. In Figure 2(c), the Pareto front
illustrates the relationship between global AUC and worst-group AUC across the different modeling
scenarios.

.
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Figure 2. Trade-off analysis and Pareto front: (a) the relationship between global performance and
training time, (b) model fairness with respect to memory footprint, and (¢) the Pareto front illustrating
the trade-off between global AUC and subgroup AUC.

The classification error behavior on the test set is depicted by the normalized confusion matrices
in Figure 3. The baseline model achieves a sensitivity of 38.17% for the toxic class and a specificity of
99.14% for the non-toxic class. In contrast, all Transformer-based models exhibit substantially higher
sensitivity: the unmitigated RoBERTa reaches 69.59%, RoBERTa with class weighting attains 85.03%,
and RoBERTa with group-based reweighting achieves 76.74%. These gains in sensitivity are
accompanied by corresponding changes in specificity, decreasing to 92.78% under class weighting and
95.35% under group-based reweighting, while the unmitigated configuration lies between these two
extremes, as reflected in Figure 3.
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For fairness evaluation, the comparison of worst-group AUC (defined as the minimum subgroup
AUQCQC) in Table 2 indicates that class weighting yields the highest mean worst-group AUC (0.7813 +
0.0239), followed by group-based reweighting (0.7778 + 0.0235), while the unmitigated configuration
attains 0.7726 = 0.0384. Bootstrap-based tests applied to the fairness comparisons report no statistically
significant differences between the mitigated and unmitigated models at the 0.05 significance level (p >
0.05). Detailed subgroup-wise AUCs are visualized in Figure 4(b), illustrating variability across identity

groups for each modeling scenario, whereas Figure 2(b) shows that these fairness differences among
Transformer variants occur under comparable peak GPU memory usage.
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Figure 4. Evaluation of calibration, fairness, and discriminative performance: (a) reliability diagram
illustrating probabilistic calibration, (b) subgroup-wise AUC comparison across identity groups, and
(c) precision—recall curves on the imbalanced test set.

The reliability of predicted probabilities is summarized in Table 3 and visualized using reliability
diagrams in Figure 4(a). The baseline model exhibits the lowest Expected Calibration Error (ECE) of
0.0052, with a corresponding negative log-likelihood (NLL) of 0.1339. In contrast, all Transformer-
based models display higher ECE values: 0.0257 (NLL 0.1109) for the unmitigated RoBERTa, 0.0490
(NLL 0.1401) for group-based reweighting, and 0.0866 (NLL 0.1967) for class weighting. These

deviations of the reliability curves from the ideal diagonal line are evident in Figure 4(a), with the largest
deviation observed for the class-weighted configuration.

Table 3. Probability Calibration Metrics Across Modeling Scenarios
Model Scenario ECE NLL (Cross-Entropy)

Baseline (TF-IDF + Logistic Regression)  0.0052 0.1339
RoBERTa without Bias Mitigation 0.0257 0.1109
RoBERTa with Group-Based Reweighting  0.049 0.1401
RoBERTa with Class Weighting 0.0866 0.1967
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4.  DISCUSSIONS

The findings of this study reveal an empirical trade-off among global discriminative performance,
subgroup fairness, and probabilistic reliability in highly imbalanced toxicity detection. Compared with
the TF-IDF + logistic regression baseline (global AUC = 0.9155), all RoBERTa variants achieve
substantially higher global AUC, with the unmitigated configuration attaining the highest value (0.9618
+0.0012). However, this improvement does not automatically translate into enhanced fairness under the
definition adopted in this study—namely, the minimum AUC across identity subgroups (worst-group
AUQC). For the unmitigated RoOBERTa, the worst-group AUC remains at 0.7726 £ 0.0384, indicating a
persistent performance gap between aggregate metrics and the most disadvantaged subgroups. This
pattern is consistent with concerns that pretrained language models trained on large-scale web corpora
may reflect sociolinguistic biases and spurious associations related to identity mentions [48], [49].
Importantly, the present study does not investigate the causal mechanisms of such biases and restricts
its assessment to measurable impacts via identity-based metrics.

The two mitigation strategies examined—class weighting and identity group—based
reweighting—produce only modest shifts in worst-group AUC. Specifically, worst-group AUC
increases from 0.7726 (unmitigated) to 0.7813 + 0.0239 (A = +0.0087) with class weighting, and to
0.7778 £ 0.0235 (A = +0.0052) with group-based reweighting. However, the reported bootstrap tests
indicate that these differences are not statistically significant at a = 0.05 (p > 0.05). Under the
experimental conditions considered, the mitigation strategies are therefore more appropriately
characterized as inducing small shifts in worst-group performance rather than yielding statistically
conclusive fairness improvements. The difficulty of achieving stable fairness gains, as well as their
sensitivity to metric choice and evaluation procedures, has also been emphasized in prior fairness
literature [18], [50].

In terms of global performance, the differences in AUC among RoBERTa variants are relatively
small compared with the large improvement over the baseline, and they follow a pattern in which
mitigation is accompanied by slight absolute reductions in AUC: 0.9618 £ 0.0012 (unmitigated) versus
0.9612 + 0.0004 (class weighting; A = —0.0006) and 0.9600 + 0.0006 (group-based reweighting; A =
—0.0018). For threshold-dependent metrics, the confusion matrix results reveal more pronounced trade-
offs on the imbalanced dataset. The baseline exhibits very high specificity (99.14%) but low sensitivity
for the toxic class (38.17%), whereas RoBERTa substantially increases sensitivity (69.59% without
mitigation; 85.03% with class weighting; 76.74% with group-based reweighting) at the cost of reduced
specificity (92.78% and 95.35% for the two mitigation strategies). Because identity-conditional error
analyses (e.g., FPR/TPR per subgroup or analyses restricted to samples with identity annotations) are
not reported, these changes should be interpreted as shifts in the aggregate error profile rather than as
direct evidence of error dynamics specific to identity-bearing texts.

With respect to probabilistic quality, the results further demonstrate that discriminative
superiority does not necessarily imply reliable probability estimates. Under the temperature scaling
procedure employed in this study (with the optimal temperature estimated on the validation set), the
baseline retains the lowest Expected Calibration Error (ECE = 0.0052), whereas RoBERTa exhibits
higher ECE values (0.0257 without mitigation; 0.0490 with group-based reweighting; 0.0866 with class
weighting). Negative log-likelihood (NLL), however, reveals a different nuance: unmitigated RoBERTa
achieves a lower NLL (0.1109) than the baseline (0.1339), while both mitigation strategies increase
NLL (0.1401 and 0.1967). This divergence between ECE and NLL aligns with arguments that modern
models may excel in ranking performance while remaining miscalibrated under certain reliability
measures, underscoring the need to evaluate calibration using multiple metrics [26]. From a practical
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perspective, these findings suggest that selecting training configurations and decision thresholds in
moderation systems may require explicit trade-offs among sensitivity, score reliability, and operational
objectives.

Several limitations constrain the scope of the conclusions. First, identity attributes are available
for only approximately 9.39% of samples, with identity overlap of about 2.56—2.89% per split, which
may render identity-based fairness estimates unstable, particularly for low-frequency subgroups—
consistent with critiques of identity benchmarks that are sensitive to distributional sparsity [23]. Second,
the evaluation is conducted on an English-language dataset, limiting cross-linguistic and cross-cultural
generalization [12], [14]. Third, fairness is proxied solely through worst-group AUC and bootstrap
testing. Future work should incorporate identity-conditional error analyses, compare more expressive
mitigation approaches (e.g., adversarial or contrastive methods aimed at disentangling toxicity signals
from identity tokens [18], [51], complement distribution-based evaluation with functional tests such as
HateCheck to assess robustness beyond dataset artifacts [23], and strengthen audits through
explainability analyses [52] and targeted strategies for small subgroups [42].

S.  CONCLUSION

This study examines the interplay between discriminative performance, identity subgroup
fairness, and probabilistic calibration in highly imbalanced toxicity detection. Consistently, ROBERTa
outperforms the TF—-IDF + logistic regression baseline in terms of global AUC (=0.96 vs. 0.9155);
however, performance on identity subgroups remains substantially lower, with minimum (worst-
subgroup) AUC values ranging from approximately 0.7726 to 0.7813 across all RoOBERTa variants.
Interventions aimed at addressing imbalance (e.g., reweighting or loss modification) primarily shift the
trade-off profile across evaluation dimensions rather than yielding uniform improvements in either
global AUC or fairness metrics.

From a probabilistic reliability perspective, ROBERTa variants exhibit greater miscalibration than
the baseline, as evidenced by increases in ECE from 0.0052 (baseline) to approximately 0.0257
(unmitigated) and further to about 0.0490—0.0866 under mitigation strategies, alongside NLL values
that do not improve consistently. These findings underscore the necessity of holistic evaluations that
jointly report performance, subgroup fairness, and calibration. The study is limited by its focus on a
single monolingual dataset and identity definitions based on annotator perceptions; future research
should assess cross-lingual and cross-domain generalization and develop objectives that explicitly
integrate fairness and calibration considerations.
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