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Abstract 

Disinformation poses a severe threat in low-resource linguistic settings lacking annotated data and robust detection 
infrastructure. This study investigates the efficacy of multilingual transformers for zero-shot and few-shot cross-lingual 
disinformation detection, transferring knowledge from English to four Indic languages (Bangla, Hindi, Malayalam, and 
Tamil). Zero-shot evaluations reveal that large-scale models enable substantial knowledge transfer—with XLM-
RoBERTa achieving a peak Macro-F1 of 0.726 on Bangla—while traditional TF-IDF baselines fail entirely, underscoring 
the necessity of deep contextual embeddings. Furthermore, few-shot adaptation utilizing merely 200 target-language 
samples yields profound improvements, elevating MuRIL's performance to an average Indic Macro-F1 of 0.805 and 
0.945 on Hindi. Post-hoc explainability analyses utilizing LIME and SHAP confirm that these models successfully identify 
genuine, cross-lingual stylistic cues of deception (e.g., sensationalism and urgency markers) rather than relying on 
spurious memorization. Ultimately, this research demonstrates that combining multilingual transformers with minimal 
target supervision provides a highly effective, scalable framework for combating disinformation in resource-
constrained environments. 

Keywords: Cross-Lingual Transfer; Disinformation Detection; Fake News; Low-Resource Languages; Multilingual 
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1. Introduction

The rapid proliferation of disinformation across digital platforms is a critical modern challenge, spreading exponentially 
faster than verified facts by exploiting psychological vulnerabilities and algorithmic amplification [1-4]. Democratized 
content creation further exacerbates this issue, allowing unverified narratives to reach millions globally [5, 6]. The 
ramifications are profound, ranging from democratic disruption to severe public health crises like the COVID-19 
"infodemic" [7-10]. Additionally, the integration of multimodal elements and generative AI produces highly 
sophisticated synthetic media that easily bypass traditional verification mechanisms [11-13]. 

Automated disinformation detection has advanced significantly through deep learning and natural language processing 
(NLP), with transformer-based architectures (e.g., BERT, RoBERTa) establishing new text classification benchmarks 
[14, 15]. However, these advancements primarily benefit high-resource languages like English. Consequently, low-
resource languages—such as the Indic family (Bangla, Hindi, Malayalam, Tamil)—remain disproportionately 
underrepresented [16, 17] and highly vulnerable to localized campaigns despite serving over a billion speakers [18, 19]. 
The primary barriers to robust detection in Indic languages are the severe scarcity of annotated datasets [20, 21] and 
unique linguistic complexities, including diverse scripts, rich morphology, and frequent code-mixing [19, 22]. 
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While multilingual transformers (e.g., mBERT, XLM-RoBERTa) and Indic-specific models (e.g., MuRIL) enable zero-shot 
and few-shot cross-lingual transfer learning [23-25], they often suffer performance degradation due to domain 
mismatches and language-specific stylistic nuances. Furthermore, the "black-box" nature of advanced transformers 
hinders transparency and accountability, which are paramount in high-stakes disinformation detection [26, 27]. The 
integration of Explainable Artificial Intelligence (XAI) techniques, such as LIME and SHAP, is therefore essential to 
demystify model predictions and identify key linguistic indicators. 

To address these disparities, this study proposes a comprehensive cross-lingual disinformation detection framework 
tailored for low-resource Indic languages, focusing on Bangla. By leveraging English-trained multilingual transformers, 
this research systematically investigates transfer learning efficacy while integrating advanced XAI techniques to ensure 
the interpretability of cross-lingual deception detection. 

The primary contributions of this paper are summarized as follows: 

• Comprehensive Benchmark Evaluation: We present a systematic evaluation of zero-shot cross-lingual 
transfer efficacy for disinformation detection using advanced multilingual transformers from English to four 
low-resource Indic languages (Bangla, Hindi, Malayalam, and Tamil). 

• Ablation Study with Traditional Baselines: We conduct a thorough comparative analysis against traditional 
machine learning baselines. 

• Few-Shot Adaptation Insights: We investigate the impact of few-shot fine-tuning on the top-performing 
model, quantifying the performance gains achieved when utilizing highly limited target-language data. 

• Integration of Explainability (XAI): We apply LIME and SHAP to interpret model predictions at both local 
(individual instance) and global (feature importance) levels, uncovering universal versus language-specific 
linguistic indicators of deception. 

• Qualitative Error Analysis: We provide a comprehensive qualitative analysis of model predictions, 
highlighting the specific limitations of cross-lingual transfer, such as the handling of code-mixing and culturally 
nuanced narratives, offering actionable recommendations for future research in equitable AI. 

2. Literature Review 

2.1. Definitions and Societal Impact of Disinformation 

Terms like "misinformation" (unintentional inaccuracies) [30], "disinformation" (deliberate deception) [28, 29], and 
"malinformation" (weaponized facts) [28] carry distinct implications. Due to the semantic dilution of "fake news" [7], 
researchers increasingly favor precise terminology [29, 30]. Disinformation severely impacts society by exacerbating 
polarization [31], influencing elections [7, 32], and hampering public health responses [8-10]. Furthermore, generative 
AI enables the large-scale production of multimodal synthetic media [11-13, 33]. These threats disproportionately affect 
low-resource linguistic contexts lacking adequate detection infrastructure [16, 17, 34]. 

2.2. Traditional Machine Learning in Deception Detection 

Early automated detection relied on traditional classifiers (e.g., SVM, Random Forest) [35, 36, 37] utilizing manually 
engineered features across content [38, 39], user profiles [36, 40], and propagation dynamics [3, 41]. Deceptive content 
frequently exhibits distinct stylistic markers, including sensational language [38, 42] and specific psycholinguistic traits 
[38]. While these classifiers achieved 75–90% accuracy on early monolingual datasets like LIAR and FakeNewsNet [36, 
39, 43], handcrafted features proved brittle, failing to generalize across diverse domains and languages [37]. 

2.3. Deep Learning and Transformer Architectures 

Deep learning models, such as Bi-LSTMs [20, 44] and CNNs [45], improved feature extraction but struggled across 
languages due to their reliance on static word embeddings [46]. Subsequently, transformer architectures revolutionized 
detection via self-attention mechanisms [47, 48], with models like BERT and RoBERTa establishing new benchmarks 
[14, 15, 49]. 

2.3.1. Multilingual and Indic-Specific Models 

To address cross-linguistic constraints, multilingual transformers like mBERT [14, 50] and XLM-RoBERTa [23] were 
developed. Despite their early success in cross-lingual transfer, generalized multilingual models frequently suffer from 
vocabulary fragmentation when applied to morphologically rich or low-resource languages [51]. 
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2.3.2. Cross-Lingual Transfer Learning 

Cross-lingual transfer learning has emerged as a vital paradigm for mitigating data scarcity, leveraging knowledge from 
resource-rich languages to facilitate robust target-language performance without extensive parallel corpora [22, 23, 
52]. Zero-shot transfer achieves this by fine-tuning exclusively on source-language data before target-language 
evaluation. 

2.3.3. Explainability in Deception Detection 

Addressing the "black-box" nature of advanced transformers requires the integration of Explainable Artificial 
Intelligence (XAI) [53]. Techniques such as LIME and SHAP are vital for demystifying model decisions and uncovering 
linguistic indicators [54], though researchers emphasize they must be critically evaluated for vulnerability to 
adversarial perturbations [55]. 

3. Methodology 

3.1. Overall Framework 

This study employs a structured cross-lingual transfer learning framework designed to address the critical gap in 
disinformation detection for low-resource Indic languages. By leveraging deep contextual knowledge acquired from a 
high-resource language (English), the proposed methodology integrates zero-shot transfer, few-shot adaptation, 
systematic ablation, and post-hoc explainability to ensure robust, transparent, and equitable performance evaluation. 
Figure 1 illustrates the overall framework, with an emphasis on the flow from data preparation to evaluation and 
interpretability. 

 

Figure 1 Overall Methodology Framework for Cross-Lingual Disinformation Detection in Indic Languages 

The experimental pipeline consists of five primary stages: 

• Data Preparation: Aggregation and standardized preprocessing of a large-scale English source dataset 
alongside four curated Indic target datasets (Bangla, Hindi, Malayalam, and Tamil). 

• Model Selection & Ablation: Evaluation of advanced multilingual transformer models (mBERT, XLM-
RoBERTa, and MuRIL) against traditional machine learning baselines (TF-IDF coupled with Logistic Regression, 
SVM, and Random Forest) to quantify the necessity of deep contextual representations. 

• Zero-Shot Transfer: Fine-tuning the selected transformer models exclusively on the English dataset, followed 
by direct inference on the Indic test sets to evaluate baseline cross-lingual generalization. 

• Few-Shot Adaptation: Strategic fine-tuning on highly constrained subsets of target-language data to simulate 
realistic, data-scarce annotation scenarios. 
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• Explainability Analysis: Application of LIME and SHAP to extract local and global interpretations of model 
predictions, identifying language-agnostic versus language-specific linguistic indicators of deception. 

3.2. Datasets and Preprocessing 

3.2.1. English Source Dataset 

The English dataset serves as the high-resource foundation for cross-lingual transfer. To ensure adequate scale, 
linguistic diversity, and representation of contemporary disinformation strategies, the source corpus was constructed 
by aggregating three well-established repositories: LIAR, the ISOT Fake News Dataset, and FakeNewsNet. The raw data 
from these repositories underwent deduplication and standardization into a unified format comprising textual content 
(concatenated headlines and body text), binary labels (Real = 0, Fake = 1), and inferred domain metadata. 

3.2.2. Indic Target Datasets 

Target evaluation was conducted on four low-resource Indic languages. These datasets were strategically selected for 
their authenticity and representation of native disinformation patterns, such as culturally specific narratives and code-
mixing: 

• Bangla: Derived from the BanFakeNews 2.0 corpus, this subset comprises 25,800 balanced instances (12,900 
real, 12,900 fake) covering politics, entertainment, and current events. 

• Hindi: Sourced from the Hindi Fake and Real News corpus [59], the processed dataset contains 20,593 
instances (10,300 real, 10,293 fake), heavily featuring the English code-mixing typical of South Asian digital 
media. 

• Malayalam: Extracted from the DravidianLangTech-EACL2024 shared task, this dataset provides 5,091 
instances (2,579 real, 2,512 fake) sourced directly from regional news domains. 

• Tamil: Based on the Tamil Fake News Headlines corpus, this subset yields 5,148 instances (2,324 real, 2,824 
fake) encompassing politics, sports, and technology. 

All target datasets were preprocessed identically to the English source data—including text cleaning, normalization, 
and stratified splitting—to ensure strict cross-lingual consistency. The varying sizes and marginal imbalances of these 
datasets effectively mirror real-world, low-resource operational constraints. 

3.3. Experimental Setup 

3.3.1. Zero-Shot Cross-Lingual Transfer 

The zero-shot protocol forms the core evaluation paradigm, assessing the models' capacity to generalize deception 
detection across linguistic boundaries without explicit target-language supervision. The multilingual transformers were 
fine-tuned exclusively on the English source dataset using a binary cross-entropy loss function. During inference, the 
fine-tuned models were applied directly to the Bangla, Hindi, Malayalam, and Tamil test sets. Input text was tokenized 
using the models' shared multilingual vocabularies, relying entirely on cross-lingual alignment within the embedding 
space to execute classification. 

3.3.2. Few-Shot Adaptation 

To quantify the performance gains achievable with minimal target-language supervision, few-shot adaptation 
experiments were conducted by extending the fine-tuning process from the zero-shot checkpoints. Two complementary 
configurations were designed to simulate practical annotation limitations: 

• Per-Language Adaptation: A balanced subset of 200 labeled examples was sampled from each of the four Indic 
languages (800 total training instances). This simulates a scenario where minimal, uniformly distributed 
crowd-sourced annotations are available. 

• Bangla-Focused Adaptation: Fine-tuning was restricted to 200 labeled examples exclusively from the Bangla 
dataset. This configuration investigates whether supervised adaptation in a single Indic language yields 
downstream performance improvements in other Indic languages via shared multilingual representations. 
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3.3.3. Implementation Details and Hyperparameters 

To maintain the integrity of the zero-shot evaluation and prevent data leakage, hyperparameter tuning was conducted 
exclusively on the English validation set. A systematic grid search was utilized to identify optimal configurations. The 
learning rate was evaluated across:{1 × 10−5, 2 × 10−5, 3 × 10−5, 5 × 10−5} 

with batch sizes of  {16, 32} . Models were trained for a maximum of 10 epochs, incorporating an early stopping 
mechanism governed by validation Macro-F1 with a patience of 3 epochs. Additional parameters included a 10% 
warmup proportion, a weight decay of 0.01, and default model dropout rates. 

3.4. Evaluation Metrics 

Model performance was quantitatively assessed utilizing standard binary classification metrics. Given the marginal 
class imbalances present in the target datasets, Macro-F1 was prioritized as the primary evaluation metric to ensure 
equitable representation of both the majority and minority classes. Additional reported metrics include Accuracy, per-
class Precision, per-class Recall, standard F1-Score, and Weighted F1-Score. 

3.5. Explainability (XAI) Framework 

To mitigate the inherent opacity of advanced transformer architectures, post-hoc explainability techniques were 
integrated into the evaluation pipeline. Local Interpretable Model-agnostic Explanations (LIME)  and SHapley Additive 
exPlanations (SHAP) were selected for their complementary strengths in demystifying model decisions. 

• LIME Implementation: LIME was utilized to generate instance-specific explanations by fitting a sparse linear 
model to locally approximate the transformer's behavior. For each instance, 5,000 perturbations were 
generated with 25% of tokens randomly masked, utilizing unigram and bigram bag-of-words features. The 
framework outputs the top 10 positive (deceptive) and negative (authentic) features. 

• SHAP Implementation: Providing consistent feature attributions grounded in cooperative game theory, 
Kernel SHAP was applied for global summary plots (utilizing 1,000 background samples from the English 
training set), while Gradient SHAP was leveraged for localized, token-level explanations. A background dataset 
of 100 random English samples was utilized to establish expected values.  

4. Results and Discussion 

4.1. Quantitative Results 

4.1.1. Zero-Shot Cross-Lingual Transfer 

The zero-shot cross-lingual transfer experiments evaluated the capacity of models trained exclusively on English data 
to detect disinformation in Bangla, Hindi, Malayalam, and Tamil. As presented in Table 1, while all transformer models 
achieved strong baseline performance on the English source dataset (Macro-F1 approx. 0.90), their cross-lingual 
generalization varied significantly. 

Table 1 Zero-Shot Macro-F1 Scores Across Models and Languages  

Model English Bangla Hindi Malayalam Tamil 

mBERT 0.895 0.334 0.390 0.475 0.615 

XLM-RoBERTa (large) 0.900 0.726 0.649 0.345 0.489 

MuRIL 0.901 0.652 0.661 0.344 0.476 

XLM-RoBERTa (large) demonstrated the most robust overall transfer to Indic languages, achieving the highest Macro-
F1 on Bangla (0.726) and the highest average Indic score (0.552). This superior generalization is attributable to its 
massive pre-training scale and exposure to diverse, multilingual web corpora. MuRIL exhibited highly competitive and 
balanced results, notably leading in Hindi (0.661) and performing robustly on Bangla (0.652), reflecting the explicit 
benefits of its Indic-specific pre-training and transliteration augmentation. Conversely, mBERT displayed the weakest 
cross-lingual transfer, particularly on Bangla (0.334) and Hindi (0.390), aligning with its limited exposure to low-
resource Indic data during its foundational pre-training. 
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4.1.2. Ablation Study: Transformers vs. Traditional Baselines 

To quantify the necessity of deep contextual embeddings, an ablation study compared the transformer models against 
traditional machine learning baselines (Logistic Regression, Linear SVM, and Random Forest utilizing TF-IDF feature 
extraction). 

Table 2 Ablation Study (Zero-Shot Macro-F1 Scores) 

Model English Bangla 

Logistic Regression (TF-IDF) 0.890 0.398 

Linear SVM (TF-IDF) 0.880 0.388 

Random Forest (TF-IDF) 0.889 0.334 

mBERT 0.895 0.334 

XLM-RoBERTa (large) 0.900 0.726 

MuRIL 0.901 0.652 

The ablation results (Table 2) reveal that while traditional baselines perform adequately on the English source language 
(Macro-F1 approx. 0.89), they fail entirely in a cross-lingual setting. On Bangla, the baselines drop to an average Macro-
F1 of approximately 0.37, indicating virtually no effective knowledge transfer. This stark contrast underscores that 
surface-level lexical characteristics (n-grams) cannot bridge semantic alignments across disparate scripts and 
typologies. Multilingual transformers significantly outperform these baselines, confirming the critical role of contextual 
embeddings in enabling cross-lingual generalization. 

4.1.3. Few-Shot Adaptation 

To assess the viability of minimal-supervision scenarios, few-shot adaptation was evaluated under two configurations: 
a per-language setting (200 target-language samples per Indic language utilizing MuRIL) and a Bangla-focused setting 
(200 Bangla samples only, utilizing XLM-RoBERTa, to test positive transfer to related languages). 

Table 3 Few-Shot Adaptation Results (Macro-F1 Scores)  

Model Setting English Bangla Hindi Malayalam Tamil 

MuRIL Zero-Shot 0.901 0.652 0.661 0.344 0.476 

MuRIL Few-Shot (200/lang) 0.902 0.726 0.945 0.615 0.934 

XLM-RoBERTa (large) Zero-Shot 0.900 0.726 0.649 0.345 0.489 

XLM-RoBERTa (large) Few-Shot (200 Bangla only) 0.901 0.780 0.795 0.339 0.410 

The per-language adaptation yielded substantial improvements across all Indic languages. Most notably, Hindi and 
Tamil experienced gains of +28.4% and +45.7% respectively, demonstrating that combining Indic-specific pre-training 
with highly limited target supervision effectively bridges the cross-lingual gap. The Bangla-focused adaptation provided 
moderate downstream gains for closely related languages (Bangla +5.4%, Hindi +14.6%) but resulted in negligible or 
negative transfer for morphologically distant Dravidian languages (Malayalam -0.6%, Tamil -7.9%). Importantly, 
source-language (English) performance remained stable across all adaptations, indicating no catastrophic forgetting. 

4.2. Explainability and Interpretability Analysis 

To demystify decision-making and ensure models avoided spurious memorization, LIME and SHAP were applied. 

Authentic News Indicators: Both frameworks consistently attributed negative weights (predicting "Real") to factual 

terminology. Tokens like "said," "according to", “রিপ োর্ট” (report - Bangla), and "के अनुसार" (according to - Hindi) 
universally marked authentic journalism. 
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Deceptive News Indicators: Conversely, models heavily relied on stylistic markers of sensationalism to classify "Fake" 

content. Capitalized urgency markers ("SHOCKING", "BREAKING"), local equivalents ("চোঞ্চল্যকি" in Bangla, "बे्रककिं ग" in 

Hindi, "ഞെട്ടിക്കുന്ന" in Malayalam), and English-derived code-mixed terms (e.g., "viral") drove deception 
classification. This confirms transformers successfully learned genuine cross-lingual stylistic cues.  

5. Discussion and Limitations 

This study advances multilingual disinformation detection via rigorous zero-shot and few-shot evaluations on real-
world Indic datasets, achieving state-of-the-art few-shot performance (0.945 Macro-F1 on Hindi) with minimal 
annotation. Moving beyond broad surveys, this work introduces comprehensive explainability analysis across distinct 
Indic scripts, revealing underexplored cross-lingual stylistic consistencies. Despite these contributions, limitations 
define pathways for future research. First, traditional baselines were restricted to English and Bangla due to zero-shot 
constraints. Second, varying target dataset scales may have impacted few-shot stability for Malayalam and Tamil. 
Finally, constrained to textual features and binary classification, future architectures must integrate multimodal signals 
(images, captions) and transition toward multi-class frameworks capable of discerning varying shades of 
disinformation and their propagation dynamics. 

6. Conclusion 

This study systematically investigated multilingual transformer models for zero-shot and few-shot cross-lingual 
disinformation detection from English to four low-resource Indic languages (Bangla, Hindi, Malayalam, and Tamil). The 
results demonstrate that while large-scale models generalize significantly without target-language supervision, highly 
constrained fine-tuning yields profound performance enhancements. In zero-shot settings, XLM-RoBERTa (large) 
emerged as the most robust model (peak Macro-F1 of 0.726 on Bangla), underscoring the value of massive, 
heterogeneous pre-training. MuRIL also demonstrated competitive generalization, particularly for Hindi, reflecting the 
benefits of Indic-specific pre-training. Conversely, an ablation study utilizing traditional TF-IDF baselines failed entirely 
in cross-lingual settings, establishing deep contextual embeddings as a prerequisite for multilingual detection. 
Furthermore, few-shot adaptation with merely 200 labeled samples per language substantially bridged the cross-lingual 
performance gap, with MuRIL attaining near-optimal Macro-F1 scores of 0.945 for Hindi and 0.934 for Tamil. Finally, 
the pioneering application of post-hoc explainability frameworks (LIME and SHAP) confirmed these transformers 
successfully identify universal, cross-lingual stylistic deception cues—such as sensationalism, urgency markers, and 
code-mixing—rather than relying on spurious, domain-specific memorization. 

Future Work 

While establishing a robust foundation for cross-lingual disinformation detection, critical avenues remain for future 
exploration: 

• Expanded Linguistic Coverage: Extending evaluations to a broader spectrum of low-resource Indic languages 
(e.g., Assamese, Odia, Punjabi, Telugu) is vital for understanding intra-family transfer dynamics and prioritizing 
data collection. 

• Multimodal Integration: Integrating visual content analysis and caption-aware modeling will mitigate 
reliance on textual stylometric and improve resilience against sophisticated multimodal synthetic media. 

• Advanced Adaptation & Real-Time Architectures: Investigating parameter-efficient fine-tuning (e.g., LoRA) 
minimizes annotation overhead. Furthermore, integrating these models into real-time streaming pipelines with 
active learning and fact-checking cross-referencing is crucial for moderating live social media environments. 
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