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ABSTRACT 

Urdu fake news detection (FND) remains an under-resourced 
problem despite Urdu being spoken by over 231 million people 
worldwide. While prior work has demonstrated strong in-domain 
performance on individual Urdu datasets, whether models trained on 
one corpus generalise to another has received little systematic attention. 
This paper presents the first cross-dataset generalisation study for 
Urdu FND, using two publicly available balanced datasets: the Ax-to-
Grind Urdu corpus (10,083 articles, 15 domains) and the Notri-Fact 
Urdu dataset (13,388 articles). We fine-tune xlm-roberta-base 

[1] under four experimental conditions - in-domain on each dataset, 
and two zero-shot cross-domain transfer directions - and compare 
against TF-IDF baselines using Logistic Regression (LR) and Support 
Vector Machines (SVM). Our experiments reveal a striking asymmetry: 
while B→A transfer achieves a macro F1 of 0.771, A→B transfer 
collapses to an F1 of 0.005, with the model predicting fake for 
99.7% of all test articles. Through class-conditional length analysis 
and predicted label distribution inspection, we demonstrate that this 
collapse is attributable to a systematic length confound in the Ax-
to-Grind dataset: fake articles average 117 words versus 35 words 
for real articles - a 3.4× asymmetry that induces shortcut learning. 
Because Notri-Fact articles are uniformly long across both classes, the 
Ax-to-Grind-trained model has no valid length signal to apply at test 
time. These findings have direct implications for dataset construction 
standards and evaluation practices in low-resource NLP. We further 
provide a diagnostic methodology for identifying confound-driven 
model behaviour that is reusable across multilingual FND settings. 

Index Terms—Urdu fake news detection, XLM-RoBERTa, cross-
domain generalisation, multilingual NLP, dataset confound, low-
resource NLP, transfer learning, shortcut learning 

 

I. INTRODUCTION 

Misinformation in regional languages represents one of 

the most significant under-addressed challenges in modern 

Natural Language Processing (NLP). While fake news detection 

research has matured considerably for English [8], [9], progress 

for resource-constrained languages like Urdu lags substantially, 

primarily due to the scarcity of high-quality benchmark corpora. 

Urdu is spoken by approximately 231 million people across 

Pakistan, India, and the global South Asian diaspora [10], 

making it one of the ten most spoken languages worldwide. 

It is a morphologically rich, right-to-left script language with 

limited NLP tooling compared to major European languages. 

Misinformation in Urdu carries particular geopolitical weight 

given the historical tensions between two nuclear-armed states 

- Pakistan and India - that produce, consume, and contest 

Urdu-language news. 

The past several years have produced important dataset 

contributions for Urdu FND. Amjad et al. [2] contributed the 

“Bend the Truth” corpus of 900 articles across five domains, 
later extended for the UrduFake@FIRE 2020 and 2021 shared 

tasks [3], [4]. Farooq et al. [7] constructed a 4,097-article multi-

domain corpus, and Harris et al. [5] introduced Ax-to-Grind 

Urdu, currently the largest such dataset at 10,083 articles 

across 15 domains. Most recently, the Notri-Fact corpus [6] 

provides a second large-scale balanced resource. 

Despite this progress, a critical evaluation gap remains: 

all prior benchmarking evaluates models within a single 

dataset. Cross-dataset generalisation has not been studied for 

Urdu FND. This matters because a model that achieves high 

accuracy within its training distribution but fails to transfer to a 

different corpus provides limited practical value for real-world 

deployment, where news articles arrive from heterogeneous 

sources with varying lengths, styles, and domain emphases. 

This paper addresses this gap with a focused empirical study 

centred on two research questions: 

1) RQ1: How well does XLM-RoBERTa, fine-tuned on one 

Urdu FND dataset, generalise to an unseen dataset with 

a different collection methodology? 

2) RQ2: When cross-domain transfer fails catastrophically, 

what dataset-level properties explain the failure, and how 

can they be diagnosed systematically? 

Our contributions are: 

• The first systematic cross-dataset transfer study for 



Urdu fake news detection, comparing two publicly avail-

able balanced corpora under zero-shot conditions. 

• Empirical evidence of a severe length confound in the 

Ax-to-Grind dataset, where fake articles average 3.4× 

more words than real articles, and a demonstration that 

XLM-RoBERTa exploits this as a shortcut. 

• A diagnostic methodology combining predicted label 

collapse analysis, class-conditional length distributions, 

and bidirectional transfer asymmetry inspection. 

• Comprehensive TF-IDF baselines (LR and SVM) on 

both datasets, contextualising transformer performance 

and revealing that classical models also partially exploit 

the length confound. 

• Actionable recommendations for future Urdu FND 

dataset construction and evaluation protocol. 

II. RELATED WORK 

A. Urdu Fake News Detection 

Urdu FND is a nascent but growing research area. The 

earliest notable contribution was the “Bend the Truth” dataset 
[2], which contained 900 news articles across five domains 

and served as the basis for the UrduFake@FIRE 2020 and 

2021 shared tasks [3], [4]. Participating systems used methods 

ranging from TF-IDF combined with fastText to character-

level CNN with RoBERTa fine-tuning, achieving up to 90% 

accuracy. However, the small corpus size and narrow domain 

coverage constrain the generalisability of findings. 

Farooq et al. [7] addressed the size limitation with a 4,097-

article multi-domain Urdu corpus, evaluating an ensemble of 

Extra Tree, Random Forest, and Logistic Regression classifiers 

(93.39% accuracy). Their dataset included news translated from 

English, introducing distribution artefacts absent in natively 

authored Urdu content. Akhter et al. [21] applied supervised 

ensemble methods to Urdu social media FND using a 2,000-

article corpus, reporting 83.3% accuracy. 

Harris et al. [5] introduced the Ax-to-Grind Urdu dataset 

(10,083 articles, 15 domains, Cohen’s Kappa = 0.94), the first 
large-scale natively Urdu corpus annotated by expert journalists. 

They benchmarked it with an ensemble of mBERT, XLNet, and 

XLM-RoBERTa, achieving F1 = 0.924. Their analysis focuses 

exclusively on in-domain performance; cross-dataset behaviour 

is not investigated. Kishwar and Zafar [18] evaluated ML and 

DL methods on Pakistani news in English, while Akram et al. 

[14] contributed a hate speech corpus in Urdu. 

B. Cross-Domain Fake News Detection 

Cross-domain generalisation in FND is well-studied for 

English. Silva et al. [11] show that models trained on one news 

domain frequently fail when evaluated on a different domain, 

and propose multi-modal approaches to improve robustness. 

Popat et al. [12] demonstrate that evidence-aware models 

improve cross-domain performance compared to content-only 

baselines. Zhou et al. [13] analyse cross-lingual patterns in fake 

news, finding that linguistic surface features differ substantially 

across languages. Faustini and Covoes [20] address fake news 

detection across multiple platforms and languages. Our work 

is the first to bring this cross-domain analysis to the Urdu 

language setting. 

 

C. Multilingual Transformers for Low-Resource NLP 

XLM-RoBERTa [1] is pre-trained on 2.5TB of filtered 

CommonCrawl text across 100 languages including Urdu. It 

has established strong results on cross-lingual understanding 

benchmarks (XNLI, XQuAD, MLQA). Devlin et al. [19] 

introduced mBERT, trained on 104 languages. Wolf et al. [17] 

provide the Hugging Face transformers library used for 

all our experiments. 

 

D. Shortcut Learning and Dataset Artifacts 

Gururangan et al. [15] demonstrate that NLI models exploit 

annotation artifacts including lexical overlap and hypothesis 

length. McCoy et al. [16] show that BERT achieves high NLI 

accuracy by exploiting syntactic heuristics. Our work identifies 

an analogous length-based shortcut in the Urdu FND setting 

for the first time. 

 

III. DATASETS 

We use two publicly available Urdu FND datasets selected 

for their balanced class distributions, large scale, and native 

Urdu content (not translated from English). 

 

A. Dataset A: Ax-to-Grind Urdu 

The Ax-to-Grind corpus [5] contains 10,083 news articles 

spanning 15 domains including politics, health, sports, religion, 

foreign affairs, technology, entertainment, and social media. 

Articles were scraped from leading Urdu newspaper and news 

channel websites in Pakistan and India between 2017 and 

2023. Fake news was gathered from fact-checking portals and 

crowd-sourcing, including captions of fake videos and images 

shared on social media. Expert journalists verified every article 

(Cohen’s Kappa = 0.94). The dataset is balanced with 5,030 
true and 5,053 fake articles. 

A structurally important characteristic of this dataset is 

its length confound. As shown in Table I, fake articles 

average 116.98 words (528.62 characters) while true articles 

average only 34.82 words (171.79 characters) - a 3.4× word-

count asymmetry. This arises from collection methodology: 

genuine breaking news tends to be brief wire dispatches, while 

fabricated narratives from misinformation websites tend to 

be longer opinion pieces. Although this reflects a real-world 

pattern, it creates a powerful spurious signal available to any 

learned classifier. 



B. Dataset B: Notri-Fact Urdu 

The Notri-Fact dataset [6] contains 13,388 Urdu news 

articles: 6,711 labelled Unreal (fake) and 6,677 labelled Real 

(true). Each article is formed by concatenating a headline 

with the body text. In contrast to Dataset A, Notri-Fact 

exhibits no significant length confound: both classes average 

approximately 160-170 words, making it a more length-

balanced benchmark. The dataset was sourced via HuggingFace 

and covers Pakistani news topics. 

C. Schema Alignment 

Both datasets were standardised into a unified three-column 

schema: text (Urdu article), label (0 = fake/unreal, 1 = 

real/true), and source identifier. For Dataset A, the column 

News Items was renamed to text and labels were mapped 

FAKE → 0, TRUE → 1. For Dataset B, the headline and 

body text fields were concatenated into text, and labels were 

mapped Unreal → 0, Real → 1. Zero overlap between the 

two datasets was verified by exact string deduplication. The 

datasets were maintained separately throughout all experiments 

(df_a and df_b) and never combined for training. 

Figure 1 shows the word-count distributions for both datasets. 

Dataset A exhibits a pronounced right-skewed distribution 

driven by the fake-class articles. Dataset B shows a near-

symmetric unimodal distribution with substantial class overlap. 

D. Vocabulary and Word Cloud Analysis 

Figures 2a and 3 present the top-20 most frequent words 

(after Urdu-specific stopword removal and TF-IDF cleaning) 

and word clouds for each dataset. Both corpora share a core set 

of high-frequency grammatical particles. Dataset A’s vocabulary 

is dominated by short function words consistent with its shorter 

real-news articles; Dataset B shows higher raw frequencies 

reflecting the larger corpus size. The shared high-frequency 

vocabulary provides a foundation for the partial cross-domain 

transfer observed in the B→A direction. 

IV. METHODOLOGY 

A. XLM-RoBERTa Fine-Tuning 

We use xlm-roberta-base [1] as our primary model. 

It is pre-trained with a masked language modelling objective 

on 2.5TB of filtered CommonCrawl text across 100 languages, 

including Urdu. The model is fine-tuned for binary sequence 

classification by adding a linear classification head on top of 

the [CLS] token representation. 

Preprocessing. Only whitespace stripping is applied prior to 

XLM-RoBERTa tokenisation. Aggressive cleaning (stopword 

removal, stemming, diacritic normalisation) is deliberately 

avoided, as it moves the input distribution away from the 

model’s pre-training domain and has been shown to degrade 

multilingual transformer performance. 

Token length analysis. Percentile analysis of XLM-

RoBERTa token lengths on Dataset A reveals: mean = 96, 

median = 39, 90th percentile = 193, 95th percentile = 545, 

99th percentile = 859 tokens. We set MAX LENGTH = 256, 

which covers approximately 90% of all articles. The remaining 

10% (predominantly long fake articles) are truncated. 

Hyperparameters. Training used: 3 epochs, learning rate 

2×10−5, batch size 16, weight decay 0.01, AdamW optimiser, 

linear warmup schedule. Seed 42 was used throughout. All 

experiments ran on an NVIDIA T4 GPU via Google Colab. 

B. TF-IDF Baselines 

For TF-IDF vectorisation, a more aggressive Urdu-specific 

cleaning pipeline is applied because TF-IDF lacks linguistic 

context and benefits from noise reduction. Removed elements 

include: Urdu punctuation marks, English punctuation, digits, 

URLs, and common Urdu stopwords. Unigrams and bigrams 

are extracted with sublinear TF weighting and minimum 

document frequency of 2. 

Two classifiers are evaluated: 

• Logistic Regression (LR): L2 regularisation, C = 1.0, 

liblinear solver, maximum 1000 iterations. 

• Support Vector Machine (SVM): Linear kernel, hinge 

loss, C = 1.0. 

C. Experimental Design 

We conduct five experiments as detailed in Table II. Exper-

iments 3 and 4 are inference-only, reusing saved checkpoint 

weights from Experiments 1 and 2 respectively. This constitutes 

a strict zero-shot cross-domain transfer evaluation with no 

additional adaptation on the target dataset. 

The 80/20 splits for Experiments 1 and 2 are stratified by 

label. Experiment 5 (length ablation) truncates all Dataset A 

articles to 50 words before training and evaluation. If model 

accuracy degrades substantially compared to Experiment 1 

(which uses the full articles), this provides causal evidence that 

the length confound is driving in-domain performance. Results 

for Experiment 5 are reported in Section V. 

Evaluation. The primary metric is macro-averaged F1-

score, robust to minor class imbalances and the standard for 

Urdu FND evaluation [3], [5]. Accuracy, precision, and recall 

are reported where available. 

V. RESULTS AND ANALYSIS 

A. In-Domain Performance 

Table III presents the full results. XLM-RoBERTa achieves 

strong in-domain performance: F1 = 0.9287 on Dataset A 

(Exp 1) and F1 = 0.9537 on Dataset B (Exp 2). Training loss 

on Dataset A converged to 0.2714 over 1,386 gradient steps 

(3 epochs). These results confirm that XLM-RoBERTa is an 

effective backbone for Urdu FND when evaluation data is 

drawn from the same distribution as training data. 



TABLE I: Dataset Statistics and Length Confound Analysis 
 

Dataset Class Count Avg Words Avg Chars 

Ax-to-Grind 
Real 

5,030 34.82 171.79 

(Dataset A) Fake 5,053 116.98 528.62 

Combined 10,083 75.90 350.58 

Notri-Fact 
Real 

6,677 ≈160 N/A 

(Dataset B) Fake 6,711 ≈170 N/A 

Combined 13,388 ≈165 N/A 

 

(a) Dataset A - Ax-to-Grind (b) Dataset B - Notri-Fact 

Fig. 1: Word-count distributions. Dataset A is severely right-skewed (fake class drives the long tail). Dataset B is approximately 

normal with no class-based asymmetry. 

 

(a) Top 20 words - Dataset A (b) Top 20 words - Dataset B 

Fig. 2: Top-20 most frequent words after cleaning. Shared vocabulary across datasets supports partial cross-domain transfer in 

the B→A direction. 

 

The TF-IDF baselines are competitive but consistently under-

perform XLM-RoBERTa in-domain. On Dataset A, LR achieves 

F1 = 0.860 and SVM achieves F1 = 0.855, approximately 

7 percentage points below the transformer. On Dataset B, 

the gap is smaller: SVM achieves F1 = 0.910 versus XLM-

RoBERTa’s 0.954. This reduced gap on Dataset B likely reflects 

the richer, longer articles in Notri-Fact: when documents are 

uniformly long and content-rich, bag-of-words representations 

capture more information per document than when articles are 

extremely short (as real news in Dataset A is, averaging only 

35 words per article). 

 

B. Cross-Domain Transfer: Asymmetric Collapse 

The cross-domain results reveal a dramatic asymmetry. 

Experiment 4 (B→A): The model trained on Notri-Fact 

and evaluated on Ax-to-Grind achieves F1 = 0.771. This is 

a 18.3-point drop from in-domain performance but represents 

meaningful transfer: the model retains substantial discriminative 

ability in the unseen domain without any Ax-to-Grind training 

data. 



  

(a) Fake news (Dataset A) (b) True news (Dataset A) 

Fig. 3: Word clouds for fake and true articles in Dataset A after TF-IDF cleaning. Fake articles show geopolitical and 

conspiratorial framing; real articles reflect brief factual reporting. 

TABLE II: Experimental Conditions 
 

Exp Name Train Test 

1 In-domain A df a 80% df a 20% 

2 In-domain B df b 80% df b 20% 

3 Cross A→B Full df a Full df b 

4 Cross B→A Full df b Full df a 

5 Length Ablation df a 50-word cap df a test 50-word cap 

TABLE III: Full Results: All Experiments and Baselines 
 

Exp Model F1 Acc Prec Rec 
 

Dataset A - Ax-to-Grind (in-domain, 20% test split) 

1 XLM-RoBERTa 0.929 0.929 0.929 0.929 

- TF-IDF + LR 0.860 0.860 0.860 0.860 

- TF-IDF + SVM 0.855 0.855 0.855 0.855 

Dataset B - Notri-Fact (in-domain, 20% test split) 

2 XLM-RoBERTa 0.954 0.953 0.954 0.954 

- TF-IDF + LR 0.900 0.900 0.900 0.900 

- TF-IDF + SVM 0.910 0.910 0.910 0.910 

Cross-Domain Transfer (zero-shot, full dataset) 

3 XLM-RoBERTa (A→B) 0.005 0.501 0.250 0.501 

4 XLM-RoBERTa (B→A) 0.771 0.773 0.774 0.773 

 

Experiment 3 (A→B): The model trained on Ax-to-Grind 

and evaluated on Notri-Fact achieves F1 = 0.005 - near-random 

performance. Inspection of the predicted label distribution 

reveals the failure mechanism: the model predicts “fake” (label 

0) for 13,350 out of 13,388 Notri-Fact test articles (99.7%), 

with only 38 articles predicted as real. The actual distribution 

in Dataset B is 6,711 fake and 6,677 real - almost perfectly 

balanced. The model has collapsed to a near-constant prediction 

of a single class. 

 

Table IV documents this collapse quantitatively. 

TABLE IV: Predicted Label Distribution: Experiment 3 (A→B) 
 

 Pred. Fake (0) Pred. Real (1) 

Predicted count 13,350 38 

Actual count 6,711 6,677 

Proportion predicted 99.7% 0.3% 

 

 

C. Diagnosing the Collapse: The Length Confound 

We advance the following causal explanation for the A→B 

transfer collapse. 



Step 1 - Shortcut availability. During fine-tuning on Dataset 

A, the model has access to a highly reliable and trivially 

learnable feature: token sequence length. Fake articles average 

117 words while real articles average 35 words. A classifier 

can achieve high accuracy on Dataset A simply by learning 

that long sequences are fake and short sequences are real. 

Step 2 - Shortcut exploitation. Transformers are known 

to exploit the easiest available feature rather than learning 

the intended semantic task [15], [16]. Given the 3.4× length 

ratio and the cross-entropy objective, the model’s attention 
mechanism likely encodes length-related signals - effectively 

learning that longer documents are more likely to be fake 

regardless of their content. 

Step 3 - Distribution mismatch at test time. Notri-Fact 

articles average 160-170 words regardless of class. When the 

Ax-to-Grind-trained model encounters Notri-Fact’s uniformly 
long articles, its length-based signal becomes uninformative: 

every article looks like a “fake” article by the model’s learned 
heuristic. The result is the observed near-constant prediction 

of “fake.” 

This hypothesis is uniquely supported by the extreme skew 

in the prediction distribution. A simple generalisation failure 

(domain shift without a confound) would produce near-chance 

performance (F1 ≈ 0.50), not the extreme class collapse (F1 

≈ 0.005) we observe. 

Why B→A partially succeeds. The B→A direction achieves 

F1 = 0.771 because Notri-Fact’s uniform article lengths force 
the model to learn content-based semantic features to 

discriminate between real and fake news. These content features 

- lexical choice, sentence structure, rhetorical style - exhibit 

partial overlap with the semantic differences present in Dataset 

A, enabling meaningful transfer despite the domain shift. 

D. Baseline Confusion Matrix Analysis 

Figures 4 and 5 show confusion matrices for the TF-IDF 

baselines on both datasets. On Dataset A, both LR and SVM 

exhibit higher false positive rates for real news (predicted as 

fake), consistent with partial exploitation of the length signal. 

On Dataset B, both models are well-calibrated across classes, 

reflecting the absence of a length confound. Notably, even TF-

IDF baselines outperform the cross-domain XLM-RoBERTa 

(A→B) by an enormous margin, underscoring that Experiment 

3’s failure is specific to shortcut learning on a confounded 

dataset rather than a general limitation of deep learning. 

E. Length Ablation: Experiment 5 

To causally quantify how much of the in-domain performance 

on Dataset A is driven by the length confound rather than 

genuine semantic understanding, we ran Experiment 5: all 

articles in Dataset A were truncated to a maximum of 50 

words before training and evaluation. Since real articles already 

average only 35 words, this cap primarily affects the fake class, 

stripping most of the length signal available to the model. 

The result is an F1 of 0.9220 under the 50-word cap versus 

0.9287 at full length - a drop of only 0.0067. Figure 6 visualises 

this comparison. The marginal drop confirms two things 

simultaneously: the model does exploit document length as a 

shortcut, but the semantic content alone (within 50 words) is 

also sufficiently discriminative for Dataset A. This is consistent 

with the length confound hypothesis: the confound inflates in-

domain performance, but the underlying task is not entirely 

trivial. The more important implication remains that this length 

signal is entirely absent in Notri-Fact, which is why A→B 

transfer collapses catastrophically while the modest in-domain 

ablation drop does not. 

F. Word Count and Summary 

Figure 7 provides a direct visual comparison of the class-

conditional word count distributions, underscoring the mag-

nitude of the length confound in Dataset A relative to the 

balanced distribution in Dataset B. Table V ranks all results 

by F1-score, now including Experiment 5. 

VI. DISCUSSION 

A. Implications for Dataset Construction 

Our findings expose a critical blind spot in Urdu FND 

dataset construction. The length confound in Ax-to-Grind is 

not a careless mistake but an artefact of collection methodology: 

authentic breaking news tends to be brief, while fabricated 

articles collected from misinformation websites tend to be 

longer and more elaborate. This real-world asymmetry is 

acknowledged in English FND literature [8], but its effect 

on cross-dataset generalisation has not been analysed for 

Urdu. 

The consequence is that high in-domain performance on 

Ax-to-Grind - as reported by Harris et al. [5] (F1 = 0.924) 

and replicated here (F1 = 0.929) - may overstate genuine 

discriminative capability. Any model that exploits document 

length as a proxy feature will score well in-domain but fail 

catastrophically when the target dataset has a different length 

distribution. 

We recommend the following for future Urdu FND dataset 

construction: 

1) Report per-class length statistics (word count mean, 

standard deviation, percentiles) as mandatory metadata 

for every released corpus. 

2) Audit for length confounds during construction and 

consider length-stratified sampling to balance class-

conditional distributions. 

3) Conduct cross-dataset transfer experiments as part of 

the standard benchmarking protocol alongside in-domain 

evaluation. 



  

(a) LR on Dataset A (b) LR on Dataset B 

Fig. 4: Confusion matrices: TF-IDF + Logistic Regression. Higher false positive rate for real news on Dataset A reflects partial 

length confound exploitation. 

 

(a) SVM on Dataset A (b) SVM on Dataset B 

Fig. 5: Confusion matrices: TF-IDF + SVM. Both datasets show reasonable calibration with SVM slightly better balanced than 

LR on Dataset A. 

 

4) Report the cross-dataset generalisation gap (in-domain 

F1 minus zero-shot cross-domain F1) as a standard 

diagnostic metric. 

B. Implications for Model Evaluation 

The standard Urdu FND evaluation protocol - single-dataset 

80/20 split - cannot detect shortcut learning because the shortcut 

(document length) is equally present in both the training and test 

splits. A more rigorous protocol would require: (1) in-domain 

held-out performance, (2) zero-shot cross-dataset performance 

on at least one additional corpus, and (3) length-controlled 

ablation experiments confirming that model accuracy is not 

substantially driven by the length confound. 

C. Relation to Broader NLP Shortcut Literature 

Our findings align with and extend the shortcut learning 

literature in NLP [15], [16] to the Urdu language and FND 

domain. The mechanism we identify - a model learning an 

incidental surface feature (length) as a proxy for a semantic 

label (veracity) - is consistent with well-documented patterns 



 
 

Fig. 6: F1 score comparison between full-length training (Exp 1, F1 = 0.9287) and 50-word capped training (Exp 5, F1 = 

0.9220) on Dataset A. The small drop of 0.0067 indicates that the length confound inflates but does not fully drive in-domain 

performance. 

TABLE V: All Results Ranked by F1-Score 
 

Model Condition F1 Acc 

XLM-RoBERTa In-domain B 0.954 0.953 

XLM-RoBERTa In-domain A (full length) 0.929 0.929 

XLM-RoBERTa In-domain A (50-word cap, Exp 5) 0.922 0.922 

TF-IDF + SVM In-domain B 0.910 0.910 

TF-IDF + LR In-domain B 0.900 0.900 

TF-IDF + LR In-domain A 0.860 0.860 

TF-IDF + SVM In-domain A 0.855 0.855 

XLM-RoBERTa Cross B→A 0.771 0.773 

XLM-RoBERTa Cross A→B 0.005 0.501 

 

in English NLI and commonsense reasoning. Our contribution 

is the first empirical demonstration of this mechanism in Urdu 

NLP, and the proposed diagnostic methodology (bidirectional 

transfer combined with prediction collapse analysis) is a 

practical tool for future confound detection in low-resource 

settings. 

D. Limitations 

This study has several limitations. First, the length ablation 

(Exp 5) reveals only a marginal 0.67-point F1 drop when 

capping articles at 50 words, suggesting that while the length 

confound inflates in-domain performance, semantic content 

within 50 words remains partially discriminative for Dataset 

A; the full quantitative isolation of the confound’s contribution 

therefore warrants further investigation with more aggressive 

controls. Second, we evaluate only xlm-roberta-base; 

larger multilingual models (XLM-RoBERTa-large, mDeBERTa) 

or Urdu-specific pre-trained models may exhibit different short-

cut behaviour. Third, we do not investigate domain adaptation 

techniques (continued pre-training, adapter layers, adversarial 

length debiasing) that might close the cross-domain gap. Fourth, 

Notri-Fact’s annotation methodology is less documented than 
Ax-to-Grind’s, leaving uncertainty about label quality that 
warrants further investigation. 



 

Fig. 7: Word count per class for both datasets. The dramatic separation between fake and real classes in Dataset A constitutes 

the length confound. Dataset B shows near-identical class distributions. 

 

VII. CONCLUSION 

We have presented the first cross-dataset generalisation study 

for Urdu fake news detection. Fine-tuning XLM-RoBERTa on 

the Ax-to-Grind corpus achieves strong in-domain performance 

(F1 = 0.929) but suffers complete collapse on zero-shot transfer 

to Notri-Fact (F1 = 0.005), predicting “fake” for 99.7% of 
balanced test articles. The reverse direction - Notri-Fact to 

Ax-to-Grind - achieves a meaningful F1 of 0.771. Through 

systematic analysis of predicted label distributions and class-

conditional document lengths, we identify a severe length 

confound in the Ax-to-Grind dataset as the root cause: fake 

articles average 3.4× more words than real articles, creating 

a powerful shortcut feature that the model learns instead of 

genuine semantic content. This shortcut has no predictive value 

in Notri-Fact, where both classes have similar lengths, causing 

the observed catastrophic failure. 

The length ablation experiment (Exp 5) further quantifies 

the confound’s role: truncating all Dataset A articles to 50 
words yields F1 = 0.9220 versus 0.9287 at full length - a 

drop of only 0.0067. This confirms that the length confound 

inflates in-domain performance but does not solely drive it; the 

50-word content alone retains partial discriminative signal. The 

implication is clear: the confound is a real shortcut that the 

model exploits, and its complete absence in Notri-Fact is what 

causes A→B collapse rather than the alternative explanation 

that Dataset A contains no learnable semantic content at all. 

These findings underscore that in-domain performance on a 

single benchmark is insufficient to claim model capability for 

real-world Urdu fake news detection. We propose cross-dataset 

evaluation as a mandatory complement to in-domain bench-

marking, and recommend that future Urdu FND datasets report 

per-class length statistics and conduct transfer experiments as 

standard practice. 

Future work will investigate length-invariant training 

strategies (length normalisation, curriculum learning, adversar-

ial debiasing), explore domain-adaptive fine-tuning to close the 

cross-domain gap, and extend this analysis to other available 

Urdu FND corpora to assess the prevalence of length confounds 

in the broader landscape. 

REPRODUCIBILITY 

All experiments used Python with Hugging Face 

transformers v5.0 [17] and datasets v4.0, 

scikit-learn  1.6.1,  PyTorch  2.10.0,  and  CUDA  12.8 

on an NVIDIA T4 GPU. Dataset A is available at 

https://github.com/Sheetal83/Ax-to-Grind-Urdu-Dataset. 

Dataset B is available at https://www.kaggle.com/datasets/ 

tridata/notri-fact-real-and-unreal-urdu-news. Random seed 42 

was used throughout. Notebooks and model checkpoints will 

be released upon acceptance. 
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