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Abstract

Automated detection of abusive language remains challenging for Urdu and Arabic, and high classification scores do
not establish that a model transfers reliably or explains its decisions faithfully. We evaluate a bilingual XLM-RoBERTa
detector trained on 65,344 records, combining Integrated Gradients (IG), KernelSHAP, and an open-weight Aya-23-8B
explainer with tests of cross-lingual transfer, robustness, calibration, and context sensitivity. The classifier achieved
0.821 accuracy (Urdu, 0.816; Arabic, 0.826), with mean accuracy of 0.819 £ 0.001 across three seeds. Zero-shot
transfer between Urdu and Arabic remained near chance (0.50—0.53), indicating that the small in-language performance
gap depended on joint bilingual training. IG and KernelSHAP showed moderate agreement (pooled Spearman p =
0.369). Although Aya-23 explanations echoed 69% of attributed words, deletion tests found that quoted words were not
more decisive than random words, whereas 1G-selected words were. Synthetic Roman-Urdu transliteration reduced
Urdu accuracy by 0.218. A contrast set sharing sensitive keywords exposed context-insensitive predictions (accuracy,
0.571); context-aware fine-tuning raised contrast accuracy to 0.857 while leaving full-test accuracy nearly unchanged.
These findings support evaluating multilingual abusive-language detectors through targeted reliability tests rather than
aggregate accuracy alone.

Keywords: Abusive language detection; Urdu and Arabic; Explainable Al (XAl); cross-lingual transfer; Integrated
Gradients; faithfulness versus plausibility

Introduction

The scale of abusive and toxic content on social platforms has outpaced human moderation, motivating automated
detection. Most toxicity-detection research, however, targets English, leaving low-resource, right-to-left languages such
as Urdu and Arabic under-served despite their hundreds of millions of speakers [1,2]. The harm is well documented in
the region: in a survey of 426 Saudi university students, 17.6% reported cyberbullying others [3], and among young
Saudi online gamers, half of those who had been cyberbullied showed depressive symptoms [4]. Following common
usage [1], we use abusive language as an umbrella term for hate speech, offensive and toxic content, and classify single
posts as abusive or not abusive; cyberbullying proper, which requires conversation histories, is outside our scope. A
second gap is that most detectors are black boxes: they assign a label without justifying it, which undermines moderator
trust, due process for users and any meaningful audit of bias [5,6].

Urdu abusive-language research covers native Nastaliq script, through shared tasks, hatred benchmarks, transfer
learning and recurrent and transformer models [7—13], and Roman (Latin-script) Urdu, which dominates informal social
media [14—18]. Arabic research is anchored by dialectal corpora and shared tasks [2,19,20] and by monolingual
transformers such as AraBERT, MARBERT and SaudiBERT [21-23], with recent work on dialectal breadth [24-26]
and class imbalance [27-29]. These systems are strong but monolingual, single-corpus and rarely interpretable, so they
cannot show whether one model treats the two languages equally.

Multilingual encoders such as mBERT and XLM-RoBERTa learn a representation shared across languages [30—-32],
but cross-lingual transfer of hate-speech models is fragile and language-pair dependent [33,34]. Proposed remedies
include label bootstrapping and auxiliary-task training [35,36], and for Arabic a translate-then-classify approach
outperformed a jointly trained multilingual model [37]. On the explanation side, token attributions are dominated by
Integrated Gradients (IG) [38] and SHapley Additive exPlanations (SHAP) [39], with LIME [40] as a perturbation
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baseline, all available in Captum [41]. The two families often disagree [42,43], and benchmarks such as HateXplain and
ERASER [5,44], together with recent surveys, show that faithfulness, whether an explanation reflects the model's
reasoning, differs from plausibility [6,45,46]. Multilingual rationale benchmarks [47,48] and the Urdu Hatelnsights
study [49] compare attribution methods but add no generative stage, while LLM-based explainers [50-52] produce
fluent text whose faithfulness is only conditional [53,54].

No prior system combines a single bilingual Urdu—Arabic classifier, two independent attribution methods with a
quantified agreement, and an open-weight generative explainer evaluated for faithfulness under one reliability protocol.
We address this gap with the three-stage framework in Fig. 1 and four research questions: whether one cross-lingual
model detects abusive language reliably in both languages (RQ1); whether IG and KernelSHAP agree on the words that
drive a decision (RQ2); whether an open-weight generative model can turn attributions into faithful explanations (RQ3);
and how robust the detector is to character noise, masking, diacritic removal and Roman-Urdu transliteration (RQ4).
Our contributions are (i) a balanced, dual-script, gold-labelled Urdu—Arabic corpus of 65,344 records; (ii) a jointly
trained XLM-RoBERTa detector that reaches near-parity across the two languages, with evidence that this parity comes
from joint training rather than from multilingual pre-training; (iii) a quantified IG-KernelSHAP agreement for this
language pair; (iv) a locally run Aya-23-8B explainer measured for faithfulness, plausibility and deletion impact; and
(v) a context-sensitivity test and a reliability card that report, for each decision, a calibrated confidence, the evidence
word, the attacked target and the reason. An extended review of related work is given in the Supplementary
Information.

Explainable pipeline

Stage 1 - Detection Stage 2 - Attribution

Stage 3 - Explanation

Urdu (Nastaliq) XLM-RoBERTa-base Integrated Gradients Aya-23-8B (open Label

Roman Urdu | ®| fine-tunedon 85344 |®| (Captum, 50steps) |®|  weights, local 4-bity  |[* Confidence
Arabic (standard bilingual records cross-checked with prompted with the Highlighted words
and dialectal) — label, confidence KernelSHAP top-5 1G words Explanation

Reliability protocol

RQ1 - EVALUATES STAGE 1
Cross-lingual equity

* Per-language accuracy

* Urdu - Arabic gap

» Zero-shot transfer

RQ2 - EVALUATES STAGE 2
Attribution agreement

+ 1G versus KernelSHAP

* Pooled Spearman p

* Top-3 word Jaccard

RQ3 - EVALUATES STAGE 3
Explanation quality

* Faithfulness (echo, deletion)
« Plausibility (1-5 scale)

* Faithfulness < plausibility

RQ4 - EVALUATES STAGE 1
Robustness

+ Character noise, masking
« Diacritic stripping
+ Roman-Urdu transliteration

Figure 1. Overview of the proposed framework. The upper panel shows the three-stage explainable pipeline; the
lower panel maps each research question to the pipeline stage it evaluates.

Results

One bilingual detector reaches near-parity across languages

On the 9,802-post held-out test set the detector attains 0.821 accuracy and 0.820 macro-F1, with an abusive-class recall
of 0.866 (Supplementary Table S1). Accuracy is 0.816 on Urdu and 0.826 on Arabic, a gap of —0.010 (95% bootstrap
interval —0.025 to 0.006). Retraining with three random seeds (Table 1) changes accuracy little (0.819 = 0.001, mean +
s.d.; Matthews correlation coefficient (MCC) 0.639 + 0.003), whereas abusive recall varies more (0.800—0.866) because
the runs settle at different trade-offs between recall and specificity. The Urdu — Arabic gap is small in every run (—0.010
to —0.018), but its interval excludes zero for seeds 43 and 44, so the detector shows near-parity with a small Arabic
advantage of one to two accuracy points. Missed abusive posts are the minority error (680 of 5,057 abusive test posts;

Supplementary Fig. S1). Validation macro-F1 peaked at epoch 5 (0.813) while validation loss rose after epoch 2
(Supplementary Fig. S2), a sign of growing over-confidence that we address by temperature scaling below.
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Table 1. XLM-RoBERTa trained with three random seeds on identical splits. Test set, n = 9,802; Urdu—Arabic
accuracy gap with 95% bootstrap interval.

Seed Accuracy  Macro-F1 Recall Specificity MCC Urdu / Arabic Gap (95% CI)
acc.

42 (main 0.821 0.820 0.866 0.773 0.642 0.816/0.826 —0.010 (—0.025 to

model) 0.006)

43 0.818 0.818 0.825 0.810 0.635 0.809/0.827 —0.018 (—0.032 to
—0.003)

44 0.819 0.819 0.800 0.839 0.639 0.812/0.827 —0.015 (=0.031 to
—0.000)

Mean = SD 0.819 + 0.819 0.830 % 0.807 = 0.639 0.812/0.826 —-0.014

0.001 0.001 0.033 0.034 0.003

Parity depends on joint bilingual training

In-language accuracy is high (Urdu—Urdu 0.814, Arabic—Arabic 0.829), but zero-shot transfer collapses to near
chance: Urdu— Arabic reaches 0.532 and Arabic—Urdu 0.504, with Arabic—Urdu abusive recall falling to 0.167
(Supplementary Table S2). The shared multilingual embedding does not by itself carry abusive-language cues across
the two scripts; the near-parity reported above therefore comes from joint training on both languages, a finding that
averaged accuracy would mask.

Attribution methods agree only moderately

IG and KerneISHAP agree positively but moderately, with a pooled Spearman p of 0.369 (mean per-sample p: Arabic
0.360, Urdu 0.301) and a mean top-3 Jaccard overlap of about 0.25 (Supplementary Table S3). The positive correlation
supports the validity of the highlighted words, but no single attribution method should be treated as ground truth.

Generated explanations echo attributions but are only weakly faithful

The Aya-23 explainer quoted 69.0% of the IG top-5 words (faithfulness 0.690; Urdu 0.71, Arabic 0.67) across 40
explanations, all produced by the live model (Supplementary Table S4). An automated plausibility score (mean 2.2 of 5,
with Aya-23 judging its own outputs) correlated only weakly with faithfulness (Spearman p = 0.20), so the two
properties must be reported separately. The deletion test (Supplementary Table S5) is stricter. Removing the IG top-k
words lowered the probability of the predicted class by 0.289, against 0.106 for the same number of random words
(Wilcoxon p = 0.023), and keeping only the IG words preserved almost the whole prediction (sufficiency 0.065 versus
0.297; p < 0.001). Removing the words quoted by Aya-23 lowered it by 0.218, which did not differ significantly from
random words (p = 0.49). Token echo therefore overstates how closely the generated text follows the detector: the
explanations mix decisive words with words that matter little. All attribution and explanation estimates rest on a 40-post
probe and carry correspondingly wide uncertainty.

Robustness to noise and transliteration

From a clean accuracy of 0.809, diacritic stripping cost essentially nothing (—0.001), character noise —0.029 and
character masking —0.103 (Supplementary Table S6). The largest weakness is synthetic Roman-Urdu transliteration,
which lowered Urdu accuracy by 0.218 (to 0.595) while leaving Arabic unaffected. Because naturally occurring Roman
Urdu is already in the training data, this drop reflects the synthetic transliteration shift rather than a gap in script
coverage.

Context sensitivity and calibration

A reliable detector must read a sensitive word together with its neighbours. The Urdu sentence S1, i il S sy
o ks = s U ("girls wear tight clothes and are shameless"), insults a group, whereas S2, (S U3 (53 s s
~—= ("we should not behave indecently"), is moral advice. On 49 held-out contrast sentences that share sensitive
words between insults and harmless uses (Methods), the base detector reached only 0.571 accuracy: it labelled three of
every four harmless sentences abusive, with a mean confidence of 0.957 on its errors (Supplementary Table S7). The
training data explain why. The tokenizer splits S =+ into the same opening pieces as the insult o2 %=, which is abusive
in 75% of its training occurrences, and posts containing " ... —x\2" are abusive in 53% of the 107 Urdu training
posts that contain them, mostly political attacks. Context-aware fine-tuning raised contrast accuracy to 0.857 without
lowering test accuracy (0.823 versus 0.821; McNemar p = 0.26). Figure 2 shows the mechanism: in the base detector,
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context pushed harmless sentences further toward abusive (mean p(abusive) 0.50 for the keyword alone, 0.77 for the
full sentence), whereas in the context-aware model the words to the right of the keyword lowered it from 0.48 to 0.14,
while insults stayed at or above 0.75. The word-level evidence for S1 and S2 is shown in Supplementary Fig. S3. Both
models were over-confident, and temperature scaling reduced the expected calibration error about fourfold without
changing any prediction.

Base model Context-aware model
1.0 -
- 0.8 e N.
[
>
@
_g 0.6 1 decision b decision
S threshold threshold
= I = o e e 8 e B B S e ot
S 0.4
o}
=
021 o Insulting sentences
= Harmless sentences
0.0 T T T T T T T T
Keyword Left words Keyword + Full Keyword Left words Keyword + Full
alone + keyword right words sentence alone + keyword right words sentence

Figure 2. Effect of context on the abusive-class probability. Mean abusive-class probability as context is added
around a sensitive keyword in insulting and harmless contrast sentences, for the base and context-aware detectors.

Comparison with baselines and language specialists

XLM-RoBERTa outperformed every classical baseline on accuracy, macro-F1, abusive recall, area under the ROC
curve (AUC) and MCC (Supplementary Table S8). The strongest, TF-IDF with logistic regression, reached 0.796
accuracy and an MCC of 0.592, against 0.821 and 0.642, with non-overlapping confidence intervals and McNemar p <
0.001 for all four classical models. Multilingual BERT came closest (0.804 accuracy, MCC 0.608) but was significantly
weaker for each of the three seeds (p < 0.001); a run capped at two epochs scored 0.811 and was also weaker than the
main model (p = 0.015). The two XLM-RoBERTa models have the highest ROC curves (AUC 0.900 and 0.899; Fig. 3).
Against single-language specialists (Table 2), MARBERTV2 was more accurate on Arabic (0.851 versus 0.826; p <
0.001), as expected of an encoder pretrained on about one billion Arabic tweets [22], whereas MuRIL did not
outperform the bilingual model on Urdu (0.806 versus 0.816; p = 0.08). Specialised single-language systems report
higher scores on their own benchmarks (for example, MARBERT F1 = 0.92), but none covers both languages in one
model or measures the reliability of its explanations (Supplementary Table S9).

(a) ROC curves (AUC) (b) Summary metrics
1.0 — 0851
0.80 A
0.8 . B
2 0.75 4
g
3 han 0.70
‘n
o) -
E‘ 0.4 “TE-IDF + RF (0.857) 0.65 +
3 ~<— TF-IDF + SVM (0.866)
= _+"—— TF-IDF + NB (0.867) 0.60
0.2 - .~ —— TF-IDF +LR (0.878)
2 —— mBERT (early stopping) (0.889)
= XLM-R (ours) (0.900) 0.55 4
0.0 4 # = XLM-R context-aware (ours) (0.899)
T T T T T T 0.50 - —
0.0 0.2 0.4 0.6 0.8 1.0 Accuracy Macro-F1 MCC

False-positive rate

Figure 3. Comparison of all models on the identical test set. (a) Receiver operating characteristic curves with the
area under each curve. (b) Accuracy, macro-F1 and Matthews correlation coefficient.
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Table 2. Bilingual XLM-RoBERTa against single-language specialists on each language's test posts. Accuracy
with 95% bootstrap interval; exact McNemar test against the bilingual model.

Language Model Accuracy Macro- Recall  Specificity AUC MCC McNemar
(test posts) (95% CI) F1 P
Arabic MARBERTV2, 0.851 (0.840— 0.850 0.898 0.803 0.924 0.705 <0.001
(4,895) Arabic only 0.860)

Arabic XLM-RoBERTa, 0.826 (0.815— 0.825 0.859 0.793 0.904 0.653 —
(4,895) bilingual (ours) 0.836)

Urdu MuRIL, Urdu only 0.806 (0.795— 0.804 0.860 0.744 0.879 0.611 0.08
(4,907) 0.816)

Urdu XLM-RoBERTa, 0.816 (0.804— 0.813 0.872 0.751 0.896 0.630 —
(4,907) bilingual (ours) 0.826)

Reliability card: target and reason

Each prediction carries a reliability card that states who is attacked and why (Fig. 4; Supplementary Table S10). On 24
held-out insults the target tagger found the annotated target in every sentence, against 0.71 for a gazetteer rule, and
assigned the target type with accuracy 0.96, gender with 1.00 and topic with 0.96. For the 20 of these insults flagged as
abusive, the reason category matched the category of the sentence's word family in every case; because both use the
same four categories defined by us, this is a consistency check rather than an independent validation. For S1 the card
reads: abusive, 92.6% calibrated confidence, target JS3! (a female group), reason "modesty and morality, in the
context of dress", evidence > —; for S2 it reads: not abusive, no target, with the negation and advice cues that explain
the decision.

s b " . rd
ot e = sl o sy gl S5 LS ETIC JUNTL SPTORRUL REDITRTEY,

Decision ABUSIVE Decision NOT ABUSIVE
Confidence 92.6% (calibrated) Confidence 88.3% (calibrated)
Explanation evidence word Li> - Explanation no abusive evidence

Target (NER) none
Target (NER) U[JS_';J (group, female)

Reason no one is attacked (advice)
Reason modesty and morality, in the context of dress

Context negation, advice
Context no softening cue

Figure 4. Reliability cards for the example sentences S1 and S2. Each card shows the decision, calibrated
confidence, evidence word, target, reason and context.

Discussion

A single explainable model can moderate abusive language in Urdu and Arabic at near-parity, provided it is trained
jointly on both languages. The zero-shot collapse shows that this parity is earned by balanced joint training rather than
granted by the multilingual backbone, which agrees with evidence that cross-lingual transfer of hate-speech models is
fragile [33,34] and supports joint or auxiliary-task training as a remedy [35,36]. The bilingual model matches an Urdu
specialist and trails the strongest Arabic specialist by 2.5 accuracy points, while serving both languages with one model
and one explanation pipeline.

Explanations are useful but imperfect. IG-KernelSHAP agreement is moderate, and although Aya-23 echoes 69% of
the attributed words, only the IG words, not the words the explanations quote, are more decisive than random words.
This mirrors evidence that LLM-generated explanations are only conditionally faithful [53,54], and it supports
grounding the generator in attribution evidence and presenting its text as decision support rather than as the model's
reasoning. The contrast set exposes a failure that aggregate accuracy hides: the base detector judged sensitive words
without their context, and a small context-aware fine-tuning step corrected most of these errors at no cost on the test set.
The residual transliteration weakness echoes the dialect- and script-robustness concerns of recent Arabic and Roman-
Urdu work [17,25,26].

Several limitations apply. Results come from one stratified split, with run-to-run variation estimated from three
seeds; the Arabic portion has limited dialectal breadth; the attribution and explanation analyses rest on a 40-post probe;
Aya-23 does not officially cover Urdu, and plausibility was scored by Aya-23 itself; the contrast set and reliability card

5



176
177
178
179
180
181
182
183
184
185

186

187

188
189
190
191
192
193
194
195
196
197

198

199
200
201
202
203
204

205

206
207
208
209
210
211
212
213
214

215

216
217
218
219
220
221
222
223

rest on a small, Al-assisted and self-annotated Urdu set that does not yet cover Arabic or Roman Urdu; the robustness
perturbations are deterministic approximations; and the classical baselines were not tuned, while AraBERT and a
dedicated Urdu encoder were not evaluated (see Supplementary Discussion). Automated moderation is also dual-use:
public corpora can encode regional and demographic bias, and recall-first detection raises false positives, so the system
is designed to support a human moderator with an explanation and an appeal path rather than to act autonomously.

Future work should add natural and back-translated Roman Urdu to training, broaden Arabic dialect coverage with
k-fold evaluation, compare generative explainers that officially cover Urdu, extend the contrast set to Arabic and
Roman Urdu with native-speaker review, and test the explanation layer with calibrated confidence in a live moderation
workflow. More broadly, our results argue for evaluating multilingual abusive-language detectors through targeted
reliability tests rather than aggregate accuracy alone.

Methods

Bilingual corpus

We assembled a balanced bilingual corpus of 65,344 records with a binary target (non-abusive = 0, abusive = 1) under a
unified text, label, language and script schema (Supplementary Table S11). The Urdu portion (32,711) combines 24,719
Nastaliq records consolidated from public Urdu toxicity and hate-speech corpora with 7,992 Roman-Urdu records from
the RUHSOLD corpus [15]. The Arabic portion (32,633) merges L-HSAB [19], the Arabic subset of MLMA [55], an
annotated Arabic offensive-comment set and a sample of the Arabic hate-speech superset released with the dataset
survey of Tonneau et al. [56]. Native labels (hate, offensive, abusive or toxic) were mapped to the binary target, and
duplicate texts were removed within and across sources before splitting. The corpus was stratified 70/15/15 on language
x label (train 45,740, validation 9,802, test 9,802; seed 42), and the test set was never used for training or model
selection. Only publicly available, de-identified social-media text from published research corpora was used; no human
participants were recruited and no personal data were collected.

Classification

We fine-tuned x/m-roberta-base [32] for binary classification with the Hugging Face Transformers library [57], using
AdamW (learning rate 2 x 10~%, warmup ratio 0.1, weight decay 0.01), a batch size of 16, 16-bit mixed precision, a
maximum length of 128 tokens and up to 10 epochs with early stopping on validation macro-F1 (patience 1; training
stopped after epoch 6 and the epoch-5 checkpoint was restored), on one NVIDIA GeForce RTX 3060 GPU (12 GB).
Abusive-class recall was prioritised because false negatives let harmful content through moderation. The settings and
computational costs of all fine-tuned models are listed in Supplementary Table S12.

Attribution and generative explanation

For each prediction we computed IG attributions [38] for the abusive-class logit over the input embeddings with
Captum [41] (50 steps from a pad-token baseline), merged sub-word scores to word level and cross-checked them with
KernelSHAP [39] on the same samples. Agreement was measured by the pooled Spearman correlation over shared
word-—attribution pairs and by top-k Jaccard overlap. The five words pushing most strongly toward and against the
predicted label, together with the label and its confidence, were passed to Aya-23-8B [58,59], an open-weight model
that covers 23 languages including Arabic but not, officially, Urdu. Aya-23 ran locally with 4-bit NF4 quantisation and
greedy decoding (at most 170 new tokens, repetition penalty 1.2), so no paid application programming interface was
used. The prompt asked for two to three plain-English sentences that explain the label using only the supplied evidence,
quote every driving word verbatim and note any Urdu or Arabic sociolinguistic nuance.

Reliability protocol

Cross-lingual equity (RQ1) was assessed by per-language metrics, the Urdu — Arabic gap and zero-shot transfer, for
which separate XLM-RoBERTa models were fine-tuned on one language (3 epochs) and evaluated on both. Attribution
agreement (RQ2) and explanation quality (RQ3) were measured on a probe of 40 test posts stratified by language and
label (10 per cell). Faithfulness is the fraction of the IG top-5 words quoted in the explanation, and plausibility is an
automated score on a 1-5 scale. Following ERASER [44], the probability of the predicted class was recomputed after
removing (comprehensiveness) or keeping only (sufficiency) the k quoted words, the IG top-k words or k random
words (20 draws), with k equal to the number of quoted words (at most 5). Robustness (RQ4) was measured on 1,200
random test posts (seed 42; posts of four characters or fewer excluded) under character masking (each non-space
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character replaced with probability 0.20), adjacent-character swaps (probability 0.15 in words longer than three
characters), removal of diacritics and tatweel, and a phonetic Roman-Urdu transliteration of the Urdu rows.

Context sensitivity, calibration and reliability card

The contrast set contains 133 Urdu sentences, drafted with the assistance of a large language model and labelled by the
authors, in which each of 22 sensitive-word families appears both in targeted insults and in non-abusive uses (advice,
reporting, negation, general or self-referential statements). Fourteen families (84 sentences) were used for training and
eight unseen families (49 sentences, including S1 and S2) for testing. The context-aware detector was obtained by
training the base detector for one further epoch (learning rate 1 x 107°) on the full training set plus the 84 training
sentences repeated 30 times (about 5% of the mixture). Calibration was measured by the expected calibration error (15
bins) before and after temperature scaling fitted on the validation set. For the reliability card, the target is found by a
token-level logistic-regression tagger over the word, its neighbours, a pronoun list and a gazetteer of Urdu person and
group nouns, trained on the 42 annotated insults of the contrast-set training split and tested on the 24 held-out insults;
the reason is the attack category (modesty and morality, intelligence and competence, honesty and loyalty, or
degradation and contempt) of the strongest IG evidence word, combined with any topic cue in the sentence.

Baselines and statistical testing

We trained four classical baselines on the identical splits, using TF-IDF word 1-2-grams and character 2—5-grams
(300,000 features) with a linear support vector machine, logistic regression, a random forest (300 trees) and multinomial
naive Bayes, and fine-tuned multilingual BERT [30] with the XLM-RoBERTa protocol, plus a run capped at two
epochs. XLM-RoBERTa was retrained with seeds 43 and 44 to estimate run-to-run variation. As single-language
specialists we fine-tuned MARBERTV2 [22] on the Arabic portion and MuRIL [60] on the Urdu portion. All models
were evaluated on the same 9,802 test posts with accuracy, macro-F1, precision, recall, specificity, AUC and MCC;
95% confidence intervals come from 1,000 bootstrap resamples, and each comparison with XLM-RoBERTa uses an
exact McNemar test on the posts where the two models disagree. The complete procedure is summarised in
Supplementary Table S13, and further implementation details are given in the Supplementary Methods.

Use of generative Al tools

Aya-23-8B is part of the method. In addition, during the preparation of this manuscript the authors used Claude
(Anthropic) to assist with drafting, language editing, verification of references against their primary sources, writing
and checking analysis code, and drafting the Urdu contrast sentences, whose labels were reviewed by the authors. The
authors reviewed and edited all content and take full responsibility for the publication.

Data availability

The datasets analysed during the current study are publicly available from the sources cited in the Methods. The
consolidated bilingual splits, the Urdu contrast set with its target annotations, the fine-tuned models and the code for
training, attribution, explanation and evaluation are available from the corresponding author on reasonable request for
non-commercial research use.
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