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ransformer-based models achieve strong performance on Urdu sentiment analysis; 
however, their predictions are often difficult to interpret, which can undermine trust in 
practical applications. In this paper, we present a Hybrid LIMESHAP Attribution 

(HLSAE) Module. We fine-tune Urdu BERT and introduce a token-level explanation pipeline 
that combines LIME and SHAP. The method is evaluated on a dataset of 50,000 Urdu movie 
reviews. Compared with LIME or SHAP individually, the hybrid approach produces more 
stable attributions across multiple runs and perturbations. In a human evaluation involving 
native Urdu speakers, the explanations achieve a fidelity score of 0.72, while the classifier 
maintains an F1-score of 79.8%. The resulting visualizations highlight sentiment-bearing 
linguistic cues and reveal instances where the model relies on spurious correlations. These 
results demonstrate that explainability can be incorporated without sacrificing classification 
accuracy in low-resource sentiment analysis, and the proposed workflow can be extended to 
similar languages. 
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Introduction: 
Urdu is spoken by more than 253 million people worldwide, and it plays a central role 

in online communication and cultural expression. With the rapid growth of Urdu content on 
social media, platforms also face familiar risks such as misinformation, hate speech, and highly 
polarizing discourse, which can undermine social cohesion [1][2]. Sentiment analysis provides 
a practical tool for monitoring such content at scale. However, developing reliable Urdu 
sentiment classifiers remains challenging due to rich morphology, frequent codeswitching with 
English, dialectal variation, and the limited availability of high-quality annotated datasets [3]. 

Recent transformer-based models, particularly Urdu BERT, have reported strong 
results by transferring knowledge from large unlabeled corpora through fine-tuning [4][5]. 
Their self-attention mechanism [6] captures long-range dependencies and subtle contextual 
cues, which is especially useful in low-supervision scenarios [7][8]. Despite these gains, 
transformers are often difficult to interpret. They produce a label without clearly indicating 
which words or linguistic cues contributed to the decision [9]. Transformers encode rich 
linguistic structure in their hidden representations [10][11]; identifying which internal 
components are responsible for specific predictions remains challenging [12]. This lack of 
transparency has practical consequences. Without explanations, stakeholders cannot easily 
verify or audit predictions [13], making deployment in sensitive settings riskier. The model 
may also rely on spurious correlations, such as dialectal markers or domain-specific terms 
rather than genuine sentiment evidence [14]. When failures occur, it is difficult to diagnose 
whether the issue stems from biased training data, annotation noise, or the model’s 
misunderstanding of linguistic structure [15]. Furthermore, policy trends and emerging 
regulations increasingly emphasize the need for transparent and interpretable automated 
decisions [16]. 
Our Solution and Contributions: 

To address the interpretability gap in Urdu sentiment analysis, we present a Hybrid 
LIME-SHAP Attribution Explainability (HLSAE) Module, which combines a fine-tuned Urdu 
BERT classifier with post-hoc attribution techniques. In addition to reporting classification 
accuracy, we evaluate the reliability and usefulness of the explanations, treating explanation 
quality as a first-class objective alongside predictive performance. 
Key Contributions of This Work Include: 
An end-to-end pipeline that produces token-level attributions for every model prediction. 

A hybrid LIME–SHAP fusion strategy that leverages perturbation-based local 
explanations while incorporating the consistency benefits of game-theoretic attributions. 

A large-scale study on 50,000 translated Urdu movie reviews, highlighting linguistic 
cues that are most influential for sentiment decisions. 

Quantitative evaluation of explanation quality, including stability under perturbations, 
fidelity with human judgments, and the accuracy–interpretability trade-off. 

A qualitative user study with native Urdu speakers showing that the proposed hybrid 
explanations are easier to interpret than single-method baselines. 

Overall, this work bridges strong transformer-based performance with more 
accountable decision-making, supporting trustworthy NLP systems for Urdu and other low-
resource languages. 
Paper Organization: 

Section II reviews related work. Section III describes the dataset, model architecture, 
and explanation methods. Section IV reports classification and explanation results. Section V 
discusses insights and limitations. Section VI concludes the paper and outlines future 
directions. 
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Related Work: 
Urdu Natural Language Processing: 

Urdu NLP faces significant challenges including limited annotated resources [17], 
frequent code-switching with English [18], and rich morphological structures. Early sentiment 
analysis systems relied on lexicon-based methods and conventional machine learning models, 
which struggled to capture context-dependent polarity. Recent transformer-based approaches, 
particularly multilingual BERT and Urdu-specific variants, have substantially improved 
performance [19]; however, most studies focus primarily on classification accuracy without 
examining model interpretability. 
Explainable AI for NLP: 

Post-hoc explainability methods have become essential as NLP models grow 
increasingly complex. LIME [20] explains predictions by perturbing input instances and fitting 
local surrogate models, whereas SHAP [21] employs a game theoretic framework to assign 
feature-level contributions. Both approaches have inherent trade-offs: LIME can produce 
unstable explanations due to sampling sensitivity, while SHAP is computationally intensive for 
large models. Our proposed approach combines the strengths of both methods to balance 
explanation, stability and computational cost. 

 
Figure 1. Overall system workflow of the proposed UrduBERT-based sentiment analysis 

model. 
Low-Resource Language Technologies: 

Multilingual pre-trained transformers such as BERT have become standard for low-
resource NLP tasks, enabling knowledge transfer from large corpora to tasks with limited 
supervision. UrduBERT and related language-adapted models leverage this strategy; however, 
interpretability has received comparatively less attention in low-resource contexts [22]. The 
field has largely prioritized predictive accuracy over explainability, with limited discussion on 
model validation or auditability. This paper demonstrates that interpretability can be integrated 
into system design without compromising classification performance. 
Methodology: 

We propose an end-to-end framework for explainable Urdu sentiment analysis that 
couple’s transformer-based classification with post-hoc attribution techniques. The overall 
workflow consists of four stages: 
Dataset preprocessing 
Fine-tuning UrduBERT 
Generating explanations with LIME and SHAP 
Evaluating both predictive performance and explanation quality 
Figure 1 summarizes the complete pipeline. 
Model Architecture: 
Transformer Backbone: 

We employ UrduBERT, a BERT-base model that has been further pre-trained on large 
Urdu corpora. It adheres to the standard BERT-base configuration, comprising L = 12 
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transformer encoder layers, H = 12 self-attention heads, and a hidden size of dh = 768. Given 
an input token sequence x = [x1, x2, xn] of length n, UrduBERT produces contextualized 
token representations: 

H = UrduBERT(x) ∈ Rn×dh (1) 
where H = [h[CLS], h1, hn] contains the embedding for the [CLS] token and the 

embeddings for all input tokens. 
Classification Head. For binary sentiment prediction, we attach a lightweight feed-

forward classification layer on top of the [CLS] embedding. The classifier maps h[CLS] to the 
two sentiment classes (positive, negative) using: 

yˆ = softmax(Wh[CLS] + b) (2) 

where W ∈ RC×dh, b ∈ RC, and C = 2 for binary classification. Figure 2 illustrates 
the full flow, from tokenization through the classifier output. 
We train the model using the standard cross-entropy objective: 

 (3) 
where N is the batch size, is the ground-truth indicator for class c, and   is the predicted 

probability assigned to class c. 
Data Preprocessing: 

For our experiments, we use the Kaggle IMDb dataset compromising 50,000 Urdu-
translated movie reviews. [23]. The dataset is balanced, containing 25,000 positive and 25,000 
negative reviews. These reviews were originally authored in English and then subsequently 
professionally translated into Urdu, providing a large-scale benchmark despite the general 
scarcity of native Urdu sentiment resources. 

We preprocess the raw text in four steps. (1) Punctuation, special characters, URLs, 
and other noise are removed using regex-based cleaning. (2) Unicode normalization is 
performed by standardizing Urdu diacritics and unifying character variants. (3) Tokenization 
is conducted using UrduBERT’s WordPiece tokenizer, with sequences capped at a maximum 
length of 128 tokens. (4) The dataset is partitioned into training and test sets using an 80/20 
split, resulting in 40,000 training samples and 10,000 test samples. 
Fine-Tuning Strategy: 

The pre-trained UrduBERT parameters are fine-tuned using the AdamW optimizer 
[24] with a learning rate of η = 2 × 10−5 and a weight decay of λ = 0.01. A linear warmup is 
applied over 10% of the total training steps: 

ηt = η · min  (4) 
Table 1 presents the complete set of training hyperparameters. To stabilize 

optimization, gradient clipping is applied with a maximum norm of 1.0. Training is performed 
for 3 epochs, with validation conducted after each epoch to monitor convergence and mitigate 
the risk of overfitting. 

Table 1. Hyperparameters used for fine-tuning 

Hyperparameter Value 

Learning Rate 2×10−5 

Batch Size 8 

Number of Epochs 3 

Optimizer Adam W 

Weight Decay 0.01 

Gradient Clipping 1.0 

Warmup Steps 10% of total 

Evaluation Strategy Per Epoch 
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Explainability Framework: 
To reduce the black-box nature of transformer predictions, we implement a hybrid 

explanation pipeline combining LIME and SHAP. The objective is to generate token-level 
attributions that are both informative and robust, leveraging the complementary strengths of 
the two methods. 
LIME: Local Perturbation-Based Explanations: 

LIME (Local Interpretable Model-agnostic Explanations) [20] provides an explanation 
for a single prediction by generating perturbed versions of the input and fitting an interpretable 
surrogate model locally around that instance. For given x, we create K perturbations by 
randomly masking tokens, and subsequently then learn a sparse linear explanation model by 
solving: 

ξ(x) = argminLLIME(f,g,πx) + Ω(g) (5) 

g∈G where f is the black-box classifier (UrduBERT), g ∈ G is an interpretable linear 
model, πx weights samples by proximity to x, and Ω(g) controls explanation complexity. The 
LIME loss is: 

(6) 
using the kernel πx(x′) = exp(−D(x,x′)2/σ2), where D measures feature distance. We 

set K = 1000 perturbations and use Lasso regression to obtain sparse token weights wLIME 

∈ Rn. 
SHAP: Game-Theoretic Attributions: 

SHAP (SHapley Additive exPlanations) [21] assigns each token a Shapley value that 
quantifies its average marginal contribution across all possible subsets of tokens. For a given 
token i, the Shapley value is computed as: 

(7) 
where N is the full token set and S denotes a coalition (subset of tokens). 

Exact Shapley computation requires O(2n) model evaluations, which is infeasible for 
long sequences. We therefore use Kernel SHAP, which approximates the solution by fitting a 
weighted linear model: 

 (8) 

 
Figure 2. Hybrid LIME–SHAP Attribution Explainability (HLSAE) module architecture 

with sentiment classification head 
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with kernel, which preserves the SHAP Consistency Property. 
Hybrid Consensus Attribution: LIME is effective for analyzing local model decisions, 
analysis, whereas SHAP providess theoretically grounded and consistent attributions. To 
leverage the strengths of both methods, we construct a consensus explanation by linearly 
combining the two attribution vectors: 

whybrid = α · wLIME + (1 − α) · wSHAP (9) 
We set α = 0.5 to give equal weight to both methods. Because negative scores can be 

harder to interpret for sentiment evidence, we retain only positive contributions via: 
si = max (0, whybrid,i) (10) 

As shown in our results (Section IV), this hybrid strategy produces more stable 
explanations than using LIME or SHAP alone. 
Experimental Setup and Results: 
Dataset: 

All experiments were conducted on the Kaggle IMDb dataset of 50,000 Urdu-
translated movie reviews [23]. The dataset contains an equal number of positive and negative 
reviews, as illustrated in Figure 3. The reviews were originally composed in English and 
subsequently professionally translated into Urdu, providing a large-scale benchmark despite 
the limited availability of native Urdu sentiment datasets. 

 
Figure 3. Distribution of sentiment labels in the dataset: 25,000 positive and 25,000 negative 

reviews. 
Following the preprocessing pipeline described in Section III-B, the dataset was split 

into 40,000 training and 10,000 test samples. 
Training Configuration: 

Urdu BERT was fine-tuned for 3 epochs using the hyperparameters listed in Table 1, 
with validation performed at the end of each epoch. Training behavior was monitored using 
Weights & Biases, and the resulting training and validation curves are presented in Figure 4. 
Classification Performance: 

The fine-tuned Urdu BERT achieves 79.8% accuracy, with an F1 score of 79.2% 
precision and 80.5% recall, demonstrating competitive performance, as shown in Table 2. 
While these results are favorable compared to prior work (summarized in Table 3 ), it is 
important to note that [5][25] evaluated their models on different datasets, limiting direct 
comparison. Importantly, our study differs in scope: To the best of our knowledge, we are the 
first to investigate the interpretability accuracy trade-off in Urdu sentiment analysis, 
demonstrating that explainability and predictive performance can coexist as an aspect not 
addressed in prior approaches. 
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Figure 4. Training and validation accuracy over 3 epochs, reaching 79.8% on the validation 

set. 
Table 2. Sentiment classification performance 

Metric Score (%) 

Accuracy 79.8 

Precision 79.2 

Recall 80.5 

F1-Score 79.8 

Explainability Analysis: 
Attribution Visualization: To illustrate the behavior of the explanation methods on real 
inputs, Table 4 presents token-level attribution scores produced by LIME, SHAP, and the 
proposed hybrid method for representative positive and negative reviews. The hybrid 
approach combines LIME’s robust local explanations with SHAP’s theoretically grounded 
attributions, providing more stable and interpretable token-level insights. In our examples, it 
produces attributions that are less erratic across tokens. Highly weighted tokens correspond 
to sentiment-bearing cues such as intensifiers (bahut, ziada), negation (nahi), and opinionated 
words (shandar, kharab), indicating that the model relies on linguistically meaningful evidence 
rather than arbitrary artifacts. 
Quantitative Evaluation: We evaluate explanation quality across three dimensions. For 
stability, we generate synonym-substituted variants of test samples using Urdu WordNet and 
measure the cosine similarity between attribution vectors. The hybrid method achieves a 
stability score of 0.84. 
Table 3. Classification performance compared to previous urdu sentiment analysis methods 

Method Accuracy F1-Score 

UrduBERT + Hybrid LIME-SHAP (this work) 79.8% 79.8%a 

[5] 78.1% 77.8% 

[25] 72.5% 71.2% 

Evaluated on 50K Kaggle IMDb Urdu-translated dataset with 80/20 train-test split. 
Results reported on Urdu social media corpus; different dataset and preprocessing pipeline. 
Results reported on custom Roman-Urdu dataset; different annotation scheme and 
preprocessing. 

Note: Urdu tokens shown in romanized transliteration with English glosses. Cells with 
attribution > 0.6 are highlighted. Original reviews: Positive – “This movie was very good and 
the acting was excellent”; Negative – “This movie was very bad and the story was boring”. 

(std. 0.09), outperforming LIME (0.76) and SHAP (0.81), demonstrating greater 
robustness to input perturbations. 



                                 International Journal of Innovations in Science & Technology 

December 2025|Vol 7 | Issue 10                                                             Page |307 

For fidelity, three native Urdu speakers annotated 200 test reviews to identify 
sentiment-critical tokens (Cohen’s κ = 0.81). At k = 5 tokens, the hybrid method achieves 0.72 
fidelity compared to 0.65 for LIME and 0.68 for SHAP, indicating superior alignment with 
human judgment. 

Table 4. Comparison of token-level attribution scores for lime, shap, and hybrid methods 

Review Token (Romanized) LIME SHAP Hybrid 

Positive yeh (this) 0.02 0.03 0.025  

film (movie) 0.05 0.04 0.045 

bahut (very) 0.85 0.88 0.865 

ziada (very) 0.82 0.84 0.83 

achhi (good) 0.92 0.78 0.85 

thi (was) 0.01 0.02 0.015 

aur (and) 0.03 0.04 0.035 

adakari (acting) 0.78 0.82 0.80 

shandar (excellent) 0.95 0.88 0.915 

thi (was) 0.02 0.03 0.025 

Negative yeh (this) 0.03 0.04 0.035 

film (movie) 0.06 0.05 0.055 

bahut (very) 0.83 0.86 0.845 

nahi (no) 0.81 0.79 0.80 

Kharab (bad) 0.94 0.89 0.915 

thi (was) 0.02 0.03 0.025 

aur (and) 0.04 0.05 0.045 

bilkul nahi (absolutely not) 0.87 0.85 0.86 

kahani (story) 0.75 0.78 0.765 

boring (boring) 0.91 0.87 0.89 

thi (was) 0.03 0.04 0.035 

For sufficiency, we measure whether predictions remain correct when using only the 
top-k attributed tokens. With k = 10, the hybrid approach retains 89.3% accuracy, confirming 
that high-attribution tokens effectively capture the sentiment signal. 

Table 5. Ablation Study: Effect of Fusion Weight α 

α Stability Fidelity@5 Sufficiency@10 

0.0 (SHAP only) 0.81 0.68 0.87 

0.3 0.83 0.70 0.88 

0.5 (Hybrid) 0.84 0.72 0.89 

0.7 0.82 0.69 0.88 

1.0 (LIME only) 0.76 0.65 0.86 

Ablation Study and Computational Analysis: 
We examine the impact of the fusion weight α in Equation 9. Table 5 reports stability, 

fidelity@5, and sufficiency@10 for different settings. An equal balance (α = 0.5) yields the 
best stability and fidelity, motivating our default choice to weight LIME and SHAP equally. 

Beyond ablation experiments, we also evaluate the computational overhead introduced 
by the hybrid explanation pipeline. Inference without explanations takes 0.02 s per sample. 
With explanations, LIME requires 1.2 s per sample, SHAP requires 0.8 s, and the hybrid 
method takes 1.3 s. While this adds overhead, it remains practical for real-time use. 
Importantly, the per-sample cost is independent of training dataset size. Larger datasets may 
increase fine-tuning time, but the inference and explanation pipeline scales linearly, making it 
suitable for deployment. 
 



                                 International Journal of Innovations in Science & Technology 

December 2025|Vol 7 | Issue 10                                                             Page |308 

Discussion: 
Key Findings: 

Three key observations stand out. First, Urdu BERT achieves F1 score of 79.8%, 
demonstrating that transfer learning is effective for Urdu sentiment classification. Second, 
hybrid LIME– SHAP explanations are both more stable (0.84) and better aligned with human 
judgment (0.72 fidelity) than either method individually. Third, generating explanations 
introduces additional computational overhead (1.3 s vs. 0.02 s inference), but remains practical 
when interpretability is required. 
Linguistic Insights: 

Attributions highlight expected Urdu sentiment cues: intensifiers (bahut, ziada), 
negations (nahi, bilkul nahi), and affective words (shandar, kharab) frequently dominate. The 
explanations also maintain meaningfulness under common Urdu-English code-switching, 
reflecting the model’s robustness to mixed-language input. 
Limitations and Impact: 

As experiments rely on translated movie reviews with binary sentiment labels, results 
may not fully generalize to other domains (e.g., social media) or multi-class sentiment tasks 
without additional data. The human evaluation (200 samples, 3 annotators) provides useful 
insights but is limited in scale. Nevertheless, token-level explanations enable auditing of model 
behavior and contribute to more transparent analysis of Urdu content, supporting 
accountability in practical applications. 
Conclusion and Future Work: 

We introduced an explainable Urdu sentiment analysis framework, the Hybrid LIME–
SHAP Attribution Explainability (HLSAE) Module, which fine-tunes Urdu BERT and 
generates token-level explanations using a hybrid LIME-SHAP approach. The model achieves 
F1 score of 79.8% with explanations that are more stable (0.84) and better aligned (0.72) than 
those produced by either method individually. These results demonstrate that interpretability 
and predictive performance are not mutually exclusive in low-resource NLP settings. 

Future work includes extending the framework to multiclass sentiment classification 
and evaluating it across diverse domains such as social media and news. Additionally, we plan 
to apply the approach to other low-resource languages including Sindhi, explore inherently 
interpretable architectures, and deploy the system in real-world moderation pipelines to 
validate its practical utility. 

Overall, this advances Urdu sentiment analysis toward models that are not only 
accurate but also transparent and trustworthy. 
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