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Abstract

Sentiment analysis in low-resource languages
such as Urdu poses unique challenges due to
limited annotated data, morphological complex-
ity, and significant class imbalance in most pub-
licly available datasets. This study addresses
these issues through two experimental strate-
gies. First, we explore class imbalance mitiga-
tion by using instruction-tuned large language
models (LLMs) to generate synthetic negative
sentiment samples in Urdu. This augmenta-
tion strategy results in a more balanced dataset,
which significantly improves the recall and F1-
score for minority class predictions when fine-
tuned using a multilingual BERT model. Sec-
ond, we investigate the effectiveness of trans-
lating Urdu text into English and applying sen-
timent classification through a pre-trained En-
glish language model. Comparative evaluation
reveals that the translation-based pipeline, us-
ing a RoBERTa model fine-tuned for English
sentiment classification, achieves superior per-
formance across major metrics. Our results sug-
gest that LLM-based augmentation and cross-
lingual transfer via translation both serve as
viable approaches to overcome data scarcity
and performance limitations in sentiment anal-
ysis for low-resource languages. The findings
highlight the potential applicability of these
approaches to other under-resourced linguistic
domains.

Keywords: Urdu sentiment analysis; large lan-
guage models; data augmentation; cross-lingual
transfer; machine translation.

1 Introduction

Sentiment analysis has become an important in-
strument for measuring public opinion, customer
attitude, and user-generated content on social me-
dia. Although significant advances have been made
in languages like English, sentiment analysis in
low-resource languages like Urdu is a largely un-
tapped and technically challenging area. The in-

herent complexities of the Urdu language, such as
rich morphology, script variation irregularities, and
limited annotated resources, are a few reasons why
it is difficult to develop robust sentiment classifica-
tion systems (Khattak et al., 2021). Furthermore,
class imbalance is a common issue in sentiment
datasets, where positive or neutral sentiments heav-
ily outweigh negative sentiments, leading to bi-
ased learning and poor generalization of minority
classes (Ashraf et al., 2023, 2024).

The growing social media and review website
presence of Urdu speakers online demands better
sentiment analysis tools for this linguistic setting.
While there has been growing interest in using deep
learning and transformer-based architectures for
Urdu and Roman Urdu, most existing work still
faces issues with limited resources, class imbal-
ance, and weak generalization (Naqvi et al., 2021;
Khan et al., 2021; Altaf et al., 2022). Traditional
methods such as Support Vector Machines (SVM),
Decision Trees, and Naive Bayes have shown ini-
tial promise but cannot model contextual seman-
tics, especially in longer or syntactically diverse
text (Mukhtar and Khan, 2018). Deep learning
models such as CNNs and LSTMs have improved
contextual understanding, but they require large
amounts of data to produce optimum outcomes
(Ghulam et al., 2019; Chandio et al., 2022; Khan
et al., 2022a).

One of the main issues in previous research is
the lack of dedicated exploration of how LLMs can
be harnessed to address the issues of Urdu senti-
ment analysis. While several studies have started
to examine the application of pretext-trained trans-
formers like BERT and XLLM-R to Urdu sentiment
classification (Ashraf et al., 2024, 2023; Khan et al.,
2022b), less research has been conducted on how
LLMs can be used not just for classification but
also for data augmentation and cross-lingual trans-
formation. Sentiment-bearing Urdu text collected
from online sources is often naturally imbalanced,

198

Proceedings of the 2nd Workshop on NLP for Languages Using Arabic Script (AbjadNLP 2026), pages 198-207
March 28, 2026. ©2026 Association for Computational Linguistics



e tasda e tade

(negative sentiment)
T e R L N P
R g g Nz ey S0

oo S P oo ol

el sl dsl g B ZT S o

G IR

Figure 1: Example Urdu sentences illustrating positive
and negative sentiment written in Urdu script. This
figure highlights the linguistic structure and script char-
acteristics of Urdu text commonly encountered in senti-
ment analysis tasks.

with a strong bias toward positive expressions. Fur-
thermore, class imbalance is either disregarded or
handled using traditional oversampling techniques
rather than being managed with modern generative
approaches. In addition, sentiment-bearing expres-
sions in Urdu are often context-dependent and writ-
ten in Nastaliq script, which differs substantially
from Latin-based writing systems commonly used
in high-resource languages. To illustrate the nature
of Urdu text and the variation in sentiment expres-
sion, Fig. 1 presents example sentences written
in Urdu script, representing positive and negative
sentiments.

A further direction that has been less examined
is where translation fits into sentiment analysis.
English remains the language where most LLMs
are trained and optimized. Because of this, English
text benefits from more advanced tokenization tech-
niques, more plentiful pretraining data, and gener-
ally superior model performance. This suggests a
fascinating line of inquiry: would Urdu sentiment
analysis performance be improved by first translat-
ing Urdu text to English and then applying high-
performance English sentiment classifiers? The
implications of this would be significant, especially
for practical applications where performance and
accuracy are of the utmost importance (Mukhtar
and Khan, 2020; Saeed et al., 2024).

In this study, we sought to explore these two
significant lines. First, we explore the impact of
alleviating class imbalance in an Urdu sentiment
dataset using LLMs-based data augmentation. We
balance the class distribution by generating nega-
tive samples and analyzed the impact on model per-
formance. Second, we test whether the translation
of Urdu text to English and performing sentiment
analysis in the English realm yields more favor-
able results than direct Urdu classification. Both of
these approaches leverage the capability of LLMs

but expand it in fundamentally different ways: one
within the target language and the other through
cross-lingual transformation.

We frame our study around two primary research
questions; RQ1: What is the effect of LLM-based
data augmentation on addressing class imbalance
in Urdu sentiment classification? Here, we are
interested in the effectiveness of synthetic data pro-
duced with LLM to augment the underrepresented
class (typically negative sentiment). We evaluate
whether supplementation with such data improves
recall and F1-score for the minority class, thereby
leading to more generalizable and balanced models.
RQ2: How does translating Urdu text into English
influence sentiment classification using English-
specific LLMs?

To address these research questions, we con-
duct a series of controlled experiments on an Urdu
sentiment dataset. We begin by setting an initial
baseline performance on the original imbalanced
dataset. We then introduce LLM-generated syn-
thetic samples to mitigate class imbalance and
reevaluate the models. Finally, we translate the
dataset into English and apply English-specific sen-
timent classifiers to estimate gains. We employ
accuracy, precision, recall, Fl-score, and confu-
sion matrix visualizations as metrics for detailed
analysis. In summary, this study addresses key lim-
itations of prior Urdu sentiment analysis research
by empirically evaluating LL.M-based augmenta-
tion and translation-based sentiment classification.
By comparing data augmentation and translation-
based techniques, we aim to provide insight into
how sentiment analysis for low-resource languages
can be significantly improved with the aid of cur-
rent natural language processing advances.

2 Related Work

The sentiment analysis area for Urdu and Roman
Urdu has witnessed significant growth from rule-
based systems to high-end transformer-based mod-
els. However, the evolutionary process for these
languages has not been in parallel with the devel-
opments in high-resource languages like English,
and this is primarily due to the unique linguistic
challenges and resource limitations presented by
the Urdu language. These challenges include script
differences, rich morphological inflections, and the
absence of high-quality annotated datasets, which
have collectively presented challenges to construct-
ing strong and generalizable sentiment classifica-
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tion models (Khattak et al., 2021).

Earlier approaches have extensively employed
traditional machine learning algorithms such as
Support Vector Machines (SVM), Decision Trees,
and k-nearest Neighbors (k-NN). These approaches
relied on hand-crafted feature extraction methods
such as TF-IDF, Bag-of-Words (BoW), and n-gram
models to encode text data (Mukhtar and Khan,
2018). While these methods furnished baseline
knowledge, their dependence on hand-crafted fea-
tures also made them less generalizable to varied
types of text and complex syntactic structures. The
rigidity of these models typically made them less
effective at handling the dynamics of informal lan-
guage and domain-specific variations prevalent in
social media and user-generated text (Farooq et al.,
2023; Mukhtar and Khan, 2020).

The introduction of deep learning revolutionized
Urdu sentiment analysis studies with deep mod-
els like Convolutional Neural Networks (CNNs),
Long Short-Term Memory networks (LSTMs), and
their bidirectional counterparts taking center stage
(Chandio et al., 2022; Ghulam et al., 2019; Khan
et al., 2021). These architectures facilitated auto-
matic feature learning and improved the capability
to model sequential dependencies in text. Studies
that employed attention mechanisms brought the
performance of models to new levels by allowing
models to selectively focus on the most important
parts of the input sequence (Naqvi et al., 2021;
Khan et al., 2022a). Despite these advances, the
performance of deep learning models has still been
restricted by the lack of large-scale annotated Urdu
datasets (Saeed et al., 2024).

More recently, transformer-based models have
brought about a new revolution in the domain. Re-
searchers have employed models such as mBERT,
XLM-RoBERTa, and GPT-2 for Urdu sentiment
analysis, yielding promising results (Ashraf et al.,
2023, 2024; Khan et al., 2022b). These models
leverage cross-lingual transfer learning through pre-
training on multilingual corpora, which is the rea-
son they achieve higher performance even in low-
resource languages. XLM-R, for instance, has been
applied to Roman Urdu sentiment classification by
researchers and has been found to outperform re-
current and classical models (Ashraf et al., 2024;
Khan et al., 2022a). Fine-tuning BERT and its mul-
tilingual variants has also been found to greatly
enhance both binary and multi-class sentiment clas-
sification performance (Ashraf et al., 2023; Khan
et al., 2022b).

Current research also explored prompt engi-
neering and zero-shot/few-shot learning for senti-
ment analysis using large language models (LLMs).
These approaches eliminate large volumes of la-
beled data and allow models to perform tasks via
conditioning on carefully crafted prompts (Ahmed
et al., 2024; Hasan et al., 2024). While this ap-
proach has been highly popular in English, it re-
mains largely limited in Urdu. There is a strong
opportunity to assess how LLMs respond to Urdu
prompts and whether prompt-based learning can
bridge the resource disparity in sentiment classifi-
cation (Tahir et al., 2025).

One other prominent research area has been
the creation and use of new datasets. Several
studies have introduced custom datasets for Urdu
and Roman Urdu sentiment analysis, usually col-
lected from social media or review websites (Khan
et al., 2022b; Shabbir and Majid, 2024). These
datasets vary in terms of size and label granularity,
with some of them being multi-class classification-
friendly. Despite these efforts, the absence of stan-
dardized benchmarks continues to be a hindrance
to advancing the field since it is challenging to
compare results across studies or reproduce any re-
sults consistently (Khattak et al., 2021; Khan et al.,
2022b).

Hybrid models that combine traditional and deep
learning methodologies have also been explored.
Some studies, for example, have combined CNNs
with LSTMs or have used ensemble methods with
decision trees and extra trees classifiers (Khan et al.,
2022a; Ali et al., 2025; Saeed et al., 2024). These
models attempt to combine the strengths of various
algorithms to enhance predictive capability. While
potent in some cases, they also involve greater com-
putational complexity and require careful tuning.

Cross-lingual sentiment analysis efforts have
also gained traction, spearheaded particularly by
translation-based approaches. Here, Urdu texts
are translated into English to leverage the strongly
trained English sentiment classifiers (Mukhtar and
Khan, 2020; Majeed et al., 2024; Saeed et al., 2024).
This line of work has met with mixed success while
translation introduces novel noise, in a few in-
stances the better quality of English models can
overshadow these limitations. Few studies have
attempted to systematically quantify this trade-off,
indicating an under-explored area with ample op-
portunity for improvement in Urdu sentiment anal-
ysis (Hasan et al., 2024).

Briefly, while the field has seen considerable
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progress with the introduction of deep learning
and transformer-based approaches, several gaps re-
main. These include the absence of widespread
application of LLMs to Urdu-specific tasks, lim-
ited exploration of prompt-based learning, inade-
quate addressing of class imbalance, and absence
of benchmarking across studies. The current study
addresses some of these gaps through an explo-
ration of both LLM-based data augmentation and
translation-based sentiment classification.

3 Methodology

We initiated by acquiring an Urdu sentiment dataset
from an open-source repository (refer: (Batra et al.,
2021)). The dataset was originally uploaded on
Mendeley, a data-sharing platform, and needed
strict preprocessing to make it conducive to sen-
timent classification. The raw data consisted of
user-generated text in Urdu along with respective
sentiment labels. The dataset was unstandardized
and needed extensive cleaning.

3.1 Data Cleaning and Preprocessing

The text inputs contained some non-linguistic arti-
facts such as emojis, HTML entities, and aberrant
punctuation, which were cleaned for consistency
on input. More importantly, the sentiment labels
were not provided as categorical classes. Instead,
each example was labeled with a list of emotions
or sentiment descriptors that had to be manually
classified. Each descriptor was manually tagged
with a binary tag of either “positive” or “negative’
based on its semantic polarity and conventional sen-
timent interpretation. The mapping was performed
manually at first and subsequently automated using
a Python script.

Other preprocessing included the use of regular
expressions to remove residual characters, emojis,
and undesirable characters. We also normalized
Urdu script characters for consistency and compat-
ibility with tokenization. The dataset was cleaned
and then checked to ensure that each entry was
a well-formed text with a single binary sentiment
label. The dataset was divided into training, vali-
dation, and test sets using an 80/10/10 split ratio.
Stratified sampling was applied during splitting to
preserve the original class distribution in all sub-
sets. The training set was used to fine-tune the
models, while the validation set was employed for
early stopping and hyperparameter tuning. The test
set, comprising 10% of the total data, was used for

>

final evaluation of all models.

3.2 Tokenization and Model Architecture

To perform sentiment analysis, we employed
a multilingual BERT model, specifically the
bert-base-multilingual-cased model. The
tokenizer is trained on a variety of languages,
including Urdu, and processes complex scripts
through WordPiece tokenization (Ashraf et al.,
2023). WordPiece tokenizes text into subword
pieces according to frequency in the training data,
which allows it to handle out-of-vocabulary words
and morphologically rich languages in a better way.

Tokenized text was used to fine-tune the multi-
lingual BERT model on the binary sentiment clas-
sification task. It was trained using the Hugging
Face Trainer API with evaluation metrics including
accuracy, precision, recall, and F1-score, with pri-
mary emphasis on class-wise F1-score due to class
imbalance.

3.3 Handling Class Imbalance Using LLMs

The initial dataset was highly imbalanced in terms
of classes, with positive samples significantly out-
numbering negative samples. To address this im-
balance, we employed bigscience/bloomz-1b1,
a multilingual instruction-tuned LLM, for data
augmentation. Specifically, after performing a
stratified 80/10/10 split, the training set contained
12,800 positive and 3,200 negative samples. We
therefore generated 9,600 synthetic negative senti-
ment sentences in Urdu using carefully designed
negative-sentiment prompts (Hasan et al., 2024).

All generated samples were passed through an
aggressive cleaning pipeline to retain only struc-
turally valid Urdu sentences, remove non-Urdu
scripts, and enforce a minimum length require-
ment. After filtering, the augmented training set
consisted of 12,800 positive and 12,800 negative
samples, resulting in a balanced training corpus.
Augmentation was applied exclusively to the train-
ing data, while the validation and test splits were
kept unchanged, preserving their original class dis-
tributions. The multilingual BERT model was then
further fine-tuned on this augmented training set
and evaluated on the original stratified test set (see
Fig. 2).

3.4 Translation and English LLM Evaluation

In order to explore the benefits of cross-lingual
transfer, we translated the entire Urdu dataset into
English via the Helsinki-NLP/opus-mt-ur-en
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Figure 2: Pipeline for RQ1: Addressing Class Imbal-
ance in Urdu Sentiment Analysis using LLM-Based
Augmentation

translation model. The translation enabled us to
leverage the English sentiment classification mod-
els that have high performance. We employed the
siebert/sentiment-roberta-large-english
model, a RoBERTa-based classifier that was
fine-tuned for English sentiment tasks (Liu et al.,
2019; Saeed et al., 2024).

We employed the same performance measures
that were used for the Urdu models to assess the
performance of the English pipeline. The English
classifiers improved on a range of metrics, due to
more advanced tokenization techniques and larger
pretraining datasets available in English.

This method offers a step-by-step data prepa-
ration process, training models, class imbalance
resolution through LL.M-based augmentation, and
cross-lingual translation for sentiment classifica-
tion. By comparing performance on a baseline
Urdu model, LLM-augmented Urdu model, and
translated English pipeline, we aim to determine
the most effective way of doing sentiment analysis
under low-resource settings. In the following sec-
tion, we present detailed experimental results and
interpretation of our findings.

4 Experiments and Results

The experimental setup and evaluation results in-
tended to answer the previously stated research
questions are presented in this section.

4.1 RQ1: Impact of Class Imbalance
Mitigation via LLMs

This experiment investigates the role of class imbal-
ance in Urdu sentiment classification and evaluates
whether large language models (LLMs) can be used
to address it effectively. The original dataset we
acquired was significantly skewed toward positive
sentiments, with a ratio of 4:1 in favor of positive
samples. This imbalance can cause classification

models to perform disproportionately well on the
majority class, while severely underperforming on
the minority class.

4.1.1 Baseline Performance on Imbalanced
Dataset

We first trained a multilingual BERT model
(bert-base-multilingual-cased) (Ashrafetal.,
2023) on the original imbalanced dataset. The train-
ing and validation splits maintained the original dis-
tribution, and the test set was likewise imbalanced.
Table 1 presents the precision, recall, and F1-score
for each class.

Table 1: Performance on Imbalanced Dataset (Baseline
Model)

Class Precision Recall F1-score
Negative 0.62 0.22 0.32
Positive 0.83 0.97 0.89

Confusion Matrix

1400

negative - 87 313 1200

1000

True label

positive - 54

negative positive

Predicted label

Figure 3: Confusion Matrix: Baseline (Imbalanced)

The results in Table 1 and Fig. 3 demonstrate
that although the model achieves a high overall
accuracy, it performs extremely poorly on the mi-
nority class. The negative class has a recall of only
0.22, which means that most negative samples are
misclassified as positive. This indicates the model
has learned to rely heavily on the dominant class
and lacks the representational ability to generalize
to minority class instances.

4.1.2 LLM-Based Data Augmentation

To mitigate class imbalance, we generated
9,600 synthetic negative sentiment samples using
bigscience/bloomz-1b1 (Hasan et al., 2024), a
multilingual LLM instruction-tuned for generative
tasks. Urdu prompts representative of negative
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sentiment were crafted to generate realistic exam-
ples. All generated sentences were then passed
through a post-processing pipeline involving regu-
lar expression filtering, Urdu-script validation, and
a minimum character threshold. These samples
were combined with the 3,200 real negative sam-
ples present in the training split, resulting in a bal-
anced training set of 12,800 negative and 12,800
positive examples.

We also experimented with other instruction-
tuned language models, including Falcon-1 and
AraGPT-2, as exploratory comparisons to contex-
tualize the performance of our primary model. The
latter has been developed specifically for Arabic
text generation and shows promising capabilities
in morphologically rich languages (Antoun et al.,
2021).

The BERT model was retrained on this aug-
mented dataset. Table 2 and Fig. 4 presents the
classification metrics and confusion matrix on the
test set.

Table 2: Performance on LLM-Augmented Balanced
Dataset

Class Precision Recall F1-score
Negative 0.87 0.79 0.83
Positive 0.93 0.96 0.95

Confusion Matrix

1000

negative 316 84

True label

400
positive 47

negative positive

Predicted label

Figure 4: Confusion Matrix: LLM-Augmented Dataset

The LLM-augmented model exhibits a dramatic
improvement in class-wise performance. Notably,
the recall for the negative class improved from 0.22
(baseline) to 0.79, and the F1-score jumped from
0.32 to 0.83. These metrics confirm that the model,
after augmentation, is significantly more effective
in identifying the minority class, while maintaining
high performance on the positive class. Table 3
reports the overall accuracy of the baseline and

LLM-augmented models on the imbalanced test
set.

Table 3: Accuracy Comparison for Class Imbalance
Mitigation (RQ1)

Training Strategy Acc

0.82
0.92

Imbalanced Data
LLM-Augmented

The analysis across two evaluation settings, im-
balanced dataset and LLM-augmented balanced
training set. It clearly reveals the transformative
role of LLM-based data augmentation. While the
baseline model leaned heavily on the dominant
class, the augmented model displays well-balanced
precision, recall, and F1-scores. This affirms that
using LLMs to synthetically augment low-resource
sentiment classes can be an effective and scal-
able solution to dataset imbalance. See Table 4
for negative-class performance across instruction-
tuned LLMs.

Table 4: Performance Comparison of Class Imbalance
Mitigation Models (on Negative Class)

Model / Strategy Prec Rec F1 Acc
Baseline Imbalanced 0.62 0.22 0.32 0.82
bloomz-1b1 (Final) 0.87 0.79 0.86 0.92
falcon-rw-1b 0.88 0.68 0.76 0.82
aragpt2-base 085 0.65 0.73 0.79

4.2 RQ2: Effect of Translating Urdu
Sentences to English for Sentiment
Classification

This research question investigates whether per-
formance in Urdu sentiment classification can be
improved by translating the text into English and us-
ing high-performing English sentiment classifiers.
The rationale is grounded in the understanding
that most large language models (LLMs), particu-
larly transformer-based models, are primarily pre-
trained on English corpora, benefiting from richer
linguistic features, superior tokenization strategies,
and larger pretraining datasets.

4.2.1 Method Overview

To evaluate this hypothesis, we translated the
entire Urdu dataset into English using the
Helsinki-NLP/opus-mt-ur-en translation
model. The translated dataset was then fed into
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siebert/sentiment-roberta-large-english,
a RoBERTa-based classifier fine-tuned on English
sentiment data (Liu et al., 2019). The classifier
was not retrained or fine-tuned further and it was
used in its zero-shot or direct inference capacity.

The evaluation was conducted on the test set
consisting of 1600 examples, identical in content
(but translated) to the test set used in RQ1.

4.2.2 Model Performance

The performance results are presented in Table 5.
As shown, the classifier performed robustly on both
sentiment classes, with closely aligned precision
and recall values. Fig. 5 shows the confusion ma-
trix for the translated dataset evaluated using the
English LLM.

Table 5: Performance After Urdu-to-English Translation
Using English LLM

Class Precision Recall F1-score
Negative 0.81 0.78 0.79
Positive 0.92 0.93 0.92

Confusion Matrix

1000

negative 4 352 98

True label

400
positive 4 84

negative positive

Predicted label

Figure 5: Confusion Matrix: Translated Dataset (En-
glish LLM)

4.2.3 Analysis and Comparison with
Augmented Urdu Model

The experimental results provide insight into the
effectiveness of both LLM-based data augmenta-
tion and translation-based cross-lingual sentiment
classification for addressing challenges in Urdu
sentiment analysis. When comparing the two ap-
proaches, distinct strengths and trade-offs emerge
with respect to minority-class sensitivity and over-
all predictive performance.

The LLM-augmented Urdu model demonstrates
strong gains in handling class imbalance. In partic-
ular, the negative class achieves a precision of 0.87,

recall of 0.79, and an F1-score of 0.83, indicating
a substantial improvement in minority-class recog-
nition compared to imbalanced training scenarios.
At the same time, the model maintains robust per-
formance on the positive class (F1-score of 0.95),
resulting in an overall accuracy of 0.92. These re-
sults suggest that synthetic data generation using
instruction-tuned LLMs can effectively enhance
the model’s ability to learn discriminative features
for underrepresented sentiment categories without
sacrificing majority-class performance.

The translation-based approach, which lever-
ages an English sentiment classifier after Urdu-
to-English translation, exhibits competitive but
slightly lower performance. While the positive
class remains strong (F1-score of 0.92), the nega-
tive class shows comparatively reduced precision
and recall (F1-score of 0.79), leading to an overall
accuracy of 0.89. This performance gap suggests
that although English LLMs benefit from richer
pretraining and optimized tokenization, translation
artifacts and potential semantic drift can still im-
pact minority-class sentiment detection.

Overall, the findings indicate that LL.M-based
augmentation is particularly effective for mitigat-
ing class imbalance within the original language,
while translation-based sentiment classification of-
fers a viable alternative when high-resource lan-
guage models are desired.

5 Discussion and Future Work

The experimental results highlight the complemen-
tary strengths of LLM-based data augmentation
and translation-based cross-lingual sentiment clas-
sification for Urdu. Addressing RQ1, the LLM-
augmented Urdu model demonstrates a clear im-
provement in handling class imbalance, particularly
for the negative (minority) sentiment class. The ob-
served gains in recall and F1-score indicate that
instruction-tuned LLMs can effectively generate
informative synthetic samples that help the clas-
sifier learn minority-class patterns more robustly.
Importantly, these improvements are achieved with-
out degrading performance on the positive class,
suggesting that augmentation enhances class sensi-
tivity rather than introducing bias.

The translation-based approach shows that map-
ping Urdu text into a high-resource language such
as English can yield competitive sentiment classi-
fication performance. The strong results obtained
using an English sentiment classifier reflect the
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advantages of richer pretraining data and more op-
timized tokenization available in English-centric
models. Together, these results indicate that while
cross-lingual transfer is a viable alternative, LLM-
based augmentation within the source language
may be more effective when minority-class sensi-
tivity is a primary concern.

Looking ahead, several promising research di-
rections emerge from this work. One avenue is
to investigate the few-shot and zero-shot capabili-
ties of newer instruction-tuned multilingual LL.Ms,
such as BLOOMZ-MT and GPT-style models, for
Urdu-specific sentiment analysis. Prompt-based
evaluation in Urdu could reduce reliance on large
labeled corpora or extensive synthetic data gener-
ation, offering a more lightweight alternative for
low-resource scenarios (Ahmed et al., 2024; Hasan
et al., 2024). Another important direction involves
deeper analysis of translation-based sentiment clas-
sification. While our findings demonstrate the ef-
fectiveness of Urdu-to-English translation, further
investigation is needed to understand how transla-
tion quality interacts with sentiment preservation.
Techniques such as back-translation or selective
manual annotation could help uncover systematic
artifacts introduced during translation and their
impact on downstream classification performance
(Majeed et al., 2024). Additionally, extending this
work beyond binary sentiment classification to in-
clude neutral, mixed, or fine-grained emotional
categories would provide a richer understanding
of sentiment expression in Urdu. Such extensions
would require carefully defined labels and the de-
velopment or adaptation of Urdu-specific datasets
supporting multi-class annotations (Khattak et al.,
2021).

6 Conclusions

This work explores the problem and potential so-
lutions of sentiment analysis for Urdu, a language
with very few annotated resources and class im-
balance problems. Sensing the limitations of clas-
sical methods under low-resource conditions, we
explore two complementing strategies that build on
the strengths of state-of-the-art large language mod-
els (LLMs). The first method addresses class im-
balance by synthetically creating negative samples
from an instruction-adapted LLM. Such augmen-
tation enables the creation of a more balanced and
representative training set that can better allow a
multilingual BERT classifier to learn minority sen-

timent patterns. The second method capitalizes on
English language model maturity by translating the
Urdu text into English and utilizing a pre-existing
RoBERTa classifier for sentiment analysis.

Our comparative study of these approaches re-
veals that both approaches carry critical enhance-
ments, but for varying aspects of the problem. The
augmentation-based approach enhances sensitivity
in the model towards underclass categories, and
the translation-based approach leverages the ro-
bustness of high-resource models. The combined
effect of these solutions provides us with an applied
blueprint for sentiment analysis in linguistically un-
derclass contexts. In addition to Urdu, this work’s
insights extend more generally to multilingual NLP
activities.

7 Limitations

Despite the encouraging results, several limitations
of this study should be acknowledged. First, while
translation-based sentiment classification proved
effective, the extent to which semantic fidelity is
preserved during Urdu-to-English translation re-
mains uncertain. Translation artifacts may intro-
duce subtle distortions that affect sentiment inter-
pretation and classification performance (Majeed
et al., 2024). Second, the study focuses on binary
sentiment classification, which may not fully cap-
ture the nuanced emotional expressions present in
natural Urdu text. Extending the analysis to multi-
class or fine-grained sentiment categories would re-
quire carefully defined labels and additional Urdu-
specific annotated resources (Khattak et al., 2021).

Furthermore, although LLM-based augmenta-
tion mitigates class imbalance, the synthetic data
generated may differ in subtle ways from organi-
cally produced language. Evaluating such data us-
ing qualitative linguistic analysis and human judg-
ment, in addition to quantitative metrics, could
provide deeper insight into its fluency and con-
textual appropriateness. Finally, accuracy may not
fully reflect model behavior under class imbalance,
which is why class-wise metrics are emphasized
throughout the analysis. Moreover, the robustness
of the proposed models to noisy, informal, and
user-generated Urdu text characterized by spelling
variation, transliteration, and non-standard gram-
mar remains an open challenge.
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