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INTRODUCTION

The field of Natural Language Processing (NLP) has witnessed rapid advancements, primarily
driven by large-scale datasets and powerful model architectures. However, while high-resource
languages like English and Chinese benefit from abundant training data and extensive research,
low-resource languages face significant challenges, including limited datasets and insufficient
research attention. This discrepancy creates a pressing need for effective transfer learning
strategies that can leverage knowledge from high-resource languages to enhance NLP tasks in low-
resource settings. Transfer learning allows models trained on one task to adapt and perform well
on another, particularly when data is scarce. By employing pre-trained models and fine-tuning
them on specific low-resource language tasks, researchers can make strides in bridging the gap
between resource-rich and resource-poor languages. Low-resource languages are often
characterized by a lack of substantial annotated corpora, making it difficult to train robust NLP

Copyright © 2024 by Author/s and Licensed by IJCNIS. This is an open access article distributed under the Creative Commons Attribution
License which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.


https://https/ijcnis.org/

1869 A. Shahid et al. / IJCNIS, 16(3), 1868-1880

models. For instance, languages such as Pashto and Balochi may have only a few thousand
sentences available, resulting in poor performance in various NLP tasks like sentiment analysis
and named entity recognition (Zhang et al., 2021). Additionally, the linguistic diversity within low-
resource languages presents further challenges. Dialectal variations and code-switching
complicate the training process, often leading to model inaccuracies (Huang et al., 2022).
Therefore, effective transfer learning strategies are crucial for enhancing NLP capabilities in these
languages. Transfer learning has emerged as a promising approach to tackle the data limitations
faced by low-resource languages. By using pre-trained models like BERT and its multilingual
variants, researchers can leverage large-scale training data from high-resource languages to
improve performance on low-resource language tasks. Recent studies have demonstrated the
efficacy of fine-tuning multilingual models, such as mBERT and XLM-R, on limited datasets from
low-resource languages. For example, fine-tuning XLM-R on Urdu text for sentiment analysis
resulted in a notable accuracy increase of over 10% compared to baseline models (Ruder et al.,
2021). This improvement highlights the potential of transfer learning to enhance performance in
low-resource contexts.

One effective strategy in transfer learning is the use of multilingual pre-trained models. These
models, trained on diverse multilingual corpora, capture shared linguistic features across different
languages. By fine-tuning these models on specific low-resource language tasks, researchers can
achieve significant improvements in NLP performance. For instance, Gao et al. (2020) showed
that leveraging mBERT for tasks in low-resource languages can yield higher accuracy compared
to training models from scratch. This method reduces the reliance on large amounts of labeled
data, allowing for better generalization in low-resource settings. Data augmentation is another
critical strategy for enhancing training datasets in low-resource language contexts. Techniques
such as back-translation, synonym replacement, and random insertion can be employed to
artificially expand the available data (Sennrich et al., 2016; Wei & Zou, 2019). Back-translation,
in particular, involves translating sentences to a different language and then back to the original
language, generating paraphrased examples that enrich the dataset. Recent studies have indicated
that employing data augmentation can significantly improve model performance. For example,
Kumar et al. (2023) demonstrated that back-translation improved the accuracy of Urdu sentiment
analysis models by enhancing the training set's diversity and representation. Few-shot and zero-
shot learning paradigms are especially relevant in the context of low-resource languages. Few-shot
learning allows models to learn from a small number of labeled examples, making it suitable for
scenarios where annotated data is limited (Schick & Schiitze, 2021). This approach has gained
traction in various NLP tasks, where models trained on high-resource languages can quickly adapt
to low-resource tasks with minimal additional data. Conversely, zero-shot learning evaluates the
model's ability to generalize to new tasks without any additional training data. This capability
enables practitioners to apply NLP models to languages or tasks lacking extensive labeled datasets,
thereby fostering broader applications in low-resource environments (Kocmi & Bojar, 2021).
Cross-lingual transfer learning is another significant avenue for improving NLP tasks in low-
resource languages. This approach focuses on transferring knowledge from high-resource
languages to low-resource languages through shared embeddings or parameter sharing. For
instance, using a high-resource language to train a model and then adapting it to a low-resource
language can help mitigate data scarcity. Research has shown that this strategy can be effective in
tasks like named entity recognition and part-of-speech tagging (Huang et al., 2022). By utilizing
cross-lingual representations, models can leverage linguistic similarities to improve their
performance in low-resource contexts.
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Evaluating model performance in low-resource languages poses unique challenges. Traditional
metrics such as accuracy or F1 score may not fully capture the model's effectiveness, especially
when the dataset is small or unbalanced. To address this, researchers have increasingly employed
k-fold cross-validation techniques to ensure comprehensive evaluation (Kohavi, 1995).
Additionally, qualitative analyses, such as error inspection and user feedback, provide valuable
insights into model performance and usability (Bahl et al., 2022). For example, in a recent study,
models fine-tuned on Urdu sentiment analysis were evaluated using both quantitative metrics and
qualitative user feedback. Users highlighted specific misclassification instances that impacted their
trust in the system, underscoring the importance of addressing inaccuracies in sensitive contexts
(Kumar et al., 2023). A user-centered design approach is vital for developing effective NLP
applications for low-resource languages. Integrating user feedback into the development process
ensures that the models not only perform well technically but also meet the needs and expectations
of the target user base (Bhatia et al., 2021). By considering cultural and linguistic contexts,
developers can create more relatable and effective NLP solutions. For example, incorporating
culturally relevant datasets can enhance model performance by ensuring that it captures the
subtleties of language and expression. User feedback can guide further iterations, allowing
developers to focus on areas that matter most to end-users, such as improving sentiment analysis
accuracy in sensitive contexts (Zhao et al., 2023). Future research directions in transfer learning
for low-resource languages should focus on developing more sophisticated multilingual models
capable of adapting to a wider array of languages and dialects. Moreover, incorporating emerging
technologies like reinforcement learning and generative models may further enhance model
capabilities in low-resource settings. Collaborative efforts among researchers, linguists, and local
communities are also essential for creating rich, annotated datasets for underrepresented
languages. Such collaborations can facilitate the development of comprehensive NLP solutions
that address specific linguistic needs, fostering digital inclusion. The impact of model
interpretability and transparency is crucial as NLP systems become increasingly integrated into
daily life. Understanding how these models make decisions is essential for building user trust and
confidence in their applications. As NLP applications are deployed in various sectors, including
healthcare and education, ensuring that users comprehend model outputs and decisions will
become increasingly important. Effective transfer learning strategies present significant
opportunities for improving NLP tasks in low-resource languages. By leveraging multilingual pre-
trained models, employing data augmentation techniques, and exploring few-shot and zero-shot
learning paradigms, researchers can develop robust models that enhance performance despite data
scarcity. Additionally, adopting a user-centered design approach can ensure that these models are
culturally relevant and practically applicable in real-world scenarios. As the demand for effective
communication tools in low-resource languages grows, addressing these challenges will be vital
for fostering inclusivity and representation in the digital age (Bahl et al., 2022).

Research Objectives

1. To evaluate the effectiveness of transfer learning techniques in improving NLP tasks for low-
resource languages.

2. To analyze the impact of data augmentation strategies on model performance across different
languages.

3. To assess user feedback and identify areas for improving model usability and accuracy.

Research Questions
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1. How do transfer learning strategies affect the performance of NLP models in low-resource
languages?

2. What impact do data augmentation techniques have on the accuracy of sentiment analysis and
named entity recognition?

3. How can user feedback inform enhancements in model design and functionality for diverse
cultural contexts?

Significance of the Study

This study holds significant implications for the field of Natural Language Processing, particularly
in addressing the challenges faced by low-resource languages. By focusing on languages that are
often underrepresented in technological advancements, the research contributes to a more inclusive
approach in NLP applications. The findings emphasize the need for tailored transfer learning
strategies and data augmentation techniques that account for linguistic diversity and cultural
nuances. Furthermore, the insights gained from user feedback underscore the importance of a user-
centered design, which is crucial for developing effective and accessible NLP solutions. This
research ultimately aims to empower underrepresented communities in Pakistan by providing
robust NLP tools that cater to their specific linguistic needs, fostering greater engagement and
representation in digital spaces.

LITERATURE REVIEW

The advent of deep learning has revolutionized Natural Language Processing (NLP), but
challenges persist, particularly in low-resource languages. These languages often lack extensive
annotated datasets, hindering the development of robust NLP models. Recent research emphasizes
the need for transfer learning strategies to overcome these limitations (Pérez et al., 2020). By
leveraging pre-trained models developed on high-resource languages, researchers can enhance the
performance of NLP applications in low-resource contexts. Studies show that models like BERT
and its multilingual versions significantly improve accuracy when fine-tuned on low-resource
datasets (Ahmad et al., 2021). Transfer learning techniques have demonstrated their potential in
various NLP tasks, including sentiment analysis and machine translation. Recent findings suggest
that fine-tuning multilingual models on specific low-resource tasks can yield significant
improvements in performance (Kumar & Verma, 2021). The shared linguistic features across
languages allow models to adapt more effectively, enabling better generalization despite limited
data availability. This adaptability is particularly crucial for languages like Pashto and Balochi,
which have limited resources (Javed et al., 2022). Data augmentation has emerged as a vital
strategy in enhancing training datasets for low-resource languages. Techniques such as back-
translation and synonym replacement can help create diverse training samples (Bashir et al., 2021).
These methods not only expand the dataset but also improve model robustness by exposing it to
various linguistic structures. For instance, using back-translation has shown to improve the
performance of sentiment analysis models on Urdu datasets significantly (Shahid et al., 2023).
This approach highlights the importance of enriching the training corpus to improve model
performance in resource-scarce settings. Few-shot and zero-shot learning paradigms are
particularly relevant for low-resource language tasks. These methods allow models to learn from
a minimal number of labeled examples or even none at all (Schick & Schiitze, 2021). Zero-shot
learning, in particular, facilitates the application of models to new tasks without requiring
additional training data. Studies have demonstrated that applying zero-shot methods can
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effectively enhance performance in named entity recognition tasks across multiple languages,
including underrepresented ones (Li et al., 2020). This approach is essential for expanding NLP
capabilities in languages that lack sufficient annotated resources.

Cross-lingual transfer learning provides another avenue for improving NLP tasks in low-resource
languages. By transferring knowledge from high-resource languages, models can learn to perform
well on similar tasks in low-resource settings (Conneau et al., 2020). Research has indicated that
leveraging shared embeddings between languages significantly enhances model performance in
low-resource languages (Gulati et al., 2021). This method underscores the importance of
identifying linguistic similarities, which can be harnessed to improve task performance across
various languages, including less studied ones like Sindhi and Balochi. Multilingual pre-trained
models like mBERT and XLM-R have gained prominence for their ability to handle various
languages simultaneously. These models benefit from training on vast multilingual datasets,
allowing them to capture cross-lingual relationships (Chen et al., 2022). When fine-tuned on low-
resource languages, these models often outperform monolingual counterparts (Zhou et al., 2023).
The capacity of multilingual models to generalize across languages makes them ideal candidates
for addressing the challenges posed by low-resource language processing. Qualitative assessments
are crucial for understanding the performance of NLP models in low-resource contexts. User
feedback and error analysis provide insights into model strengths and weaknesses, guiding further
improvements (Khan et al., 2021). For example, qualitative studies have shown that
misclassification rates in sentiment analysis can significantly undermine user trust (Nadeem et al.,
2022). By addressing these issues through targeted refinements, researchers can develop more
effective NLP solutions that better meet user expectations and needs. The linguistic diversity
within low-resource languages poses additional challenges for NLP tasks. Dialectal variations and
code-switching can complicate model training, resulting in inaccuracies (Hussain et al., 2021).
Research suggests that addressing these linguistic phenomena is crucial for improving NLP
applications in multilingual contexts (Raza et al., 2023). By incorporating diverse linguistic data
and training on dialect-specific nuances, researchers can enhance model performance and better
cater to the linguistic needs of various communities.

User-centered design approaches are increasingly recognized as essential for developing effective
NLP applications. By integrating user feedback into the model development process, researchers
can create systems that are not only technically proficient but also relevant to the target audience
(Farooq et al., 2021). Studies have shown that considering user preferences and cultural contexts
can significantly improve model adoption and effectiveness (Baloch et al., 2022). This approach
emphasizes the importance of tailoring NLP solutions to the specific needs of low-resource
language speakers. Future research directions should focus on enhancing multilingual models and
exploring new methodologies for low-resource language processing. Incorporating advances in
unsupervised learning and generative models may provide innovative solutions to existing
challenges (Zhang et al., 2023). Collaborative efforts among researchers, linguists, and local
communities are crucial for creating annotated datasets and fostering technological advancements
in low-resource settings (Shah et al., 2022). Such collaborations can ensure that NLP solutions are
not only effective but also culturally relevant and inclusive. The role of interpretability in NLP
models is gaining attention, particularly as these technologies become more integrated into
everyday applications. Understanding how models make decisions is vital for building trust among
users (Khan et al., 2023). Recent research highlights the importance of transparency in model
outputs, especially in sensitive contexts like healthcare and education. Enhancing model
interpretability can lead to greater user confidence and facilitate the adoption of NLP technologies
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in low-resource environments. Effective transfer learning strategies are crucial for addressing the
challenges posed by low-resource languages in NLP. By leveraging multilingual pre-trained
models, implementing data augmentation techniques, and exploring few-shot learning paradigms,
researchers can enhance model performance despite data scarcity (Gulati et al., 2021).
Furthermore, integrating qualitative assessments and user-centered design principles can help
create more relevant and effective NLP applications. As the demand for NLP solutions in low-
resource languages continues to grow, addressing these challenges will be essential for fostering
inclusivity and representation in the digital landscape. The integration of transfer learning
strategies in NLP for low-resource languages presents a promising avenue for future research and
application. By building on existing methodologies and incorporating emerging technologies,
researchers can create robust NLP solutions that cater to the diverse linguistic landscape. Ongoing
collaboration among researchers, practitioners, and communities will be vital for developing
comprehensive and culturally relevant approaches, ultimately enhancing the representation of low-
resource languages in the digital age (Ali et al., 2021).

RESEARCH METHODOLOGY

The research adopted a comprehensive methodology to investigate effective transfer learning
strategies for Natural Language Processing (NLP) tasks in low-resource languages, specifically
within the Pakistani context. Initially, a detailed literature review was performed to identify
existing transfer learning frameworks and their relevance to low-resource settings, focusing on
languages like Urdu, Panjabi, Balochi, Pashto, and Sindhi. Several publicly available corpora were
gathered, including social media texts, news articles, and academic papers, to ensure a diverse
dataset. The core methodology involved conducting experiments with various transfer learning
techniques, such as fine-tuning pre-trained multilingual models like mBERT and XLM-R on
specific NLP tasks, including sentiment analysis and named entity recognition. The research
explored few-shot and zero-shot learning approaches to evaluate their effectiveness in scenarios
with limited annotated data. Data augmentation strategies, including back-translation and random
word insertion, were implemented to enrich the training datasets. Performance metrics, such as
accuracy, F1 score, and precision-recall curves, were established and assessed using k-fold cross-
validation methods. Furthermore, qualitative analyses, including error analysis and user feedback,
provided insights into model performance and practical usability in real-world applications. By
comparing results across different languages and transfer learning strategies, the research aimed
to identify best practices for implementing transfer learning in low-resource settings in Pakistan,
ultimately contributing to the enhancement of NLP applications tailored to the linguistic needs of
underrepresented communities.

Data Analysis

This chapter presents a comprehensive analysis of the experimental data collected during the
investigation of effective transfer learning strategies for Natural Language Processing (NLP) tasks
in low-resource languages within the Pakistani context. The chapter is structured to provide a
detailed examination of the results from the various methodologies employed, with a focus on
quantitative and qualitative findings.
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Overview of Experimental Setup

The research utilized pre-trained multilingual models, specifically mBERT and XLM-R, which
were fine-tuned on a range of tasks, including sentiment analysis and named entity recognition.
The datasets were composed of publicly available texts from social media, news articles, and
academic papers in Urdu, Panjabi, Balochi, Pashto, and Sindhi. Data augmentation techniques
were employed to enhance the training datasets, ensuring a robust analysis of model performance.

Data Collection

Corpus Description

The corpus was gathered from diverse sources to ensure linguistic richness and representation.
Below is a summary of the data collected?

Table 1: Corpus Description

Number of o e
Language | Source Type Samples Example Content Description
Urdu Social Media 10,000 Tweets and posts discussing local events.
Punjabi News Articles 50,00 Articles covering cultqral topics and
current affairs.
Balochi Academic 20,00 Research papers fogusmg on socio-
Papers economic issues.
Pashito Social Media 8,000 Facebook posts related to community
events.
Sindhi News Articles 3,000 News reports abcl))li)tlilgcc:;ll governance and

Table 1 provides a comprehensive overview of the corpus utilized for model training and
evaluation across five low-resource languages in Pakistan. Each language is represented by
different source types, ensuring a diverse linguistic dataset. For Urdu, 10,000 samples were
sourced from social media, capturing contemporary discussions on local events. Panjabi featured
5,000 news articles, highlighting cultural topics and current affairs. Balochi's representation
comprised 2,000 academic papers, focusing on socio-economic issues, which provided a scholarly
context. Pashto included 8,000 social media posts, reflecting community engagement, while Sindhi
had 3,000 news articles discussing governance and politics. This varied dataset not only enhances
model training by incorporating different linguistic styles and contexts but also aims to improve
the models' generalizability and effectiveness in real-world applications within the respective
languages.

Table 02. Training Parameters

. Learning Final Training Final Accuracy
Model | Epochs | Batch Size Rate Loss (%)
mBERT 5 16 2e-5 0.35 87.5
XLM-R 5 16 2e-5 0.30 89.0

Table 2 details the training parameters for the mBERT and XLM-R models. Both models were
trained for 5 epochs with a batch size of 16, utilizing a learning rate of 2e-5, which balances
convergence speed and stability. The final training loss indicates how well the models fit the
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training data, with mBERT achieving a loss of 0.35 and XLM-R a lower loss of 0.30, suggesting
better performance during training. Correspondingly, final accuracy was higher for XLM-R at
89.0%, compared to 87.5% for mBERT, reflecting its effectiveness in the training process.

Performance Evaluation

The performance of the models was assessed using various metrics, including accuracy, F1 score,
and precision-recall curves. The evaluation was conducted on a separate test set for each language
to ensure unbiased performance measurement.

Performance Metrics

Language Model ACE},Z )a Yy F1 Score Precision Recall
Urdu mBERT 85.0 0.82 0.84 0.80
Urdu XLM-R 88.0 0.85 0.87 0.83

Panjabi mBERT 80.0 0.78 0.80 0.76
Panjabi XLM-R 82.0 0.80 0.82 0.78
Balochi mBERT 75.0 0.73 0.75 0.71
Balochi XLM-R 78.0 0.76 0.78 0.74
Pashto mBERT 83.0 0.81 0.82 0.80
Pashto XLM-R 85.0 0.83 0.85 0.81
Sindhi mBERT 77.0 0.75 0.76 0.74
Sindhi XLM-R 80.0 0.78 0.80 0.76

The performance metrics table provides a comprehensive comparison of two pre-trained
multilingual models, mBERT and XLM-R, across five low-resource languages in Pakistan. XLM-
R consistently outperformed mBERT, achieving the highest accuracy of 88.0% in Urdu and 85.0%
in Pashto, indicating its superior capability in handling these languages. The F1 scores reflected a
similar trend, with XLM-R showing better balance between precision and recall across all
languages. For instance, in Urdu, XLM-R achieved an F1 score of 0.85 compared to 0.82 for
mBERT. Balochi exhibited the lowest performance overall, highlighting the challenges of
processing underrepresented languages. The results underscore the effectiveness of transfer
learning, particularly with XLM-R, in enhancing NLP tasks for low-resource languages,
suggesting its potential for further applications in the region.

Data Augmentation Impact
To further evaluate the impact of data augmentation, models were tested with augmented datasets.

The performance metrics were compared against those obtained from the original datasets.

Table 04. Augmentation Results

Language Model Original Augmented F1 Score
Accuracy (%) Accuracy (%) Improvement
Urdu mBERT 85.0 86.5 0.03
Urdu XLM-R 88.0 89.5 0.05
Panjabi mBERT 80.0 81.5 0.02
Panjabi XLM-R 82.0 83.0 0.02
Balochi mBERT 75.0 76.5 0.02
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Balochi XLM-R 78.0 79.0 0.02
Pashto mBERT 83.0 76.5 0.02
Pashto XLM-R 85.0 86.0 0.02
Sindhi mBERT 77.0 78.0 0.01
Sindhi XLM-R 80.0 81.0 0.02

Table 4 illustrates the impact of data augmentation on the performance of mBERT and XLM-R
models across five low-resource languages. It presents a comparison between the original accuracy
and the accuracy achieved after implementing data augmentation techniques. For instance, Urdu
saw an improvement from 85.0% to 86.5% for mBERT, while XLM-R improved from 88.0% to
89.5%, demonstrating a notable enhancement in model performance. Similar trends were observed
across other languages; Panjabi, Balochi, Pashto, and Sindhi all experienced varying degrees of
accuracy increases, though the improvements were generally modest, ranging from 0.01 to 0.05 in
F1 score. The table highlights that while data augmentation strategies yielded beneficial effects on
accuracy and F1 scores, the extent of improvement varied by language and model, underscoring
the importance of tailored augmentation approaches to enhance performance in low-resource NLP
tasks.

Qualitative Analysis

In addition to quantitative metrics, qualitative analysis was conducted through error inspection and
user feedback. Common errors were categorized, and the feedback collected from users regarding
model usability was analyzed.

Table 05. Error Analysis

Error Type Frequency Description
Misclassification 120 Instances where the model incorrectly labeled sentiment.
Named Entity Errors 90 Errors in identifying proper nouns or entities.
. Misinterpretation due to code-switching or dialectal
Language Ambiguity 70 variations.

Table 5 summarizes the error analysis conducted on model predictions, detailing three primary
types of errors encountered during the evaluation process. Misclassification, with a frequency of
120, represents instances where the model inaccurately labeled sentiment, often due to the
complexity of language nuances. Named entity errors, occurring 90 times, highlight the challenges
the model faced in correctly identifying proper nouns, which is critical for tasks like information
extraction. Lastly, language ambiguity was noted 70 times, stemming from issues related to code-
switching and dialectal variations, common in multilingual contexts. This analysis underscores the
need for targeted improvements in sentiment detection, entity recognition, and enhanced training
on diverse linguistic samples to address these shortcomings effectively.

User Feedback Summary
User feedback indicated several insights into model usability and performance, summarized as

follows:
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Ease of Use

Many users found the interface to be intuitive and user-friendly, facilitating a smooth interaction
with the models. However, they suggested improvements to incorporate real-time feedback
mechanisms. Users expressed a desire for immediate responses to their inputs, which would not
only enhance their understanding of the model's predictions but also foster a more interactive
experience. This real-time feedback could include explanations for why a certain sentiment was
classified in a particular way, thus increasing transparency and user confidence in the model's
outputs.

Accuracy Concerns

While users generally regarded the models' performance positively, they highlighted specific
instances of misclassification that significantly impacted their trust in the system. Users noted that
inaccuracies in sentiment analysis could lead to misunderstandings, especially in sensitive
contexts, such as customer feedback or social issues. This concern emphasized the need for
ongoing refinements to improve accuracy and reliability, as users indicated they would be more
inclined to adopt the models in their applications if these issues were addressed.

Cultural Context

Users stressed the importance of understanding cultural nuances to enhance sentiment
interpretation. Given the diverse linguistic landscape of Pakistan, users suggested that the models
be trained with culturally relevant datasets to better capture the subtleties of expression. This
enhancement could improve model performance, making it more aligned with the specific needs
and expectations of the local population. By incorporating user feedback into future iterations,
developers can create more effective and culturally sensitive NLP applications.

The data analysis highlighted the effectiveness of transfer learning strategies in improving NLP
tasks for low-resource languages in Pakistan. The results indicated that fine-tuning pre-trained
models, combined with data augmentation techniques, significantly enhanced model performance
across various tasks. Moreover, qualitative insights underscored the importance of user-centered
design in NLP applications. By focusing on low-resource languages, this research contributes to
the development of more inclusive and effective NLP solutions, addressing the linguistic needs of
underrepresented communities.

CONCLUSION

The investigation into effective transfer learning strategies for Natural Language Processing (NLP)
tasks in low-resource languages, particularly within the Pakistani context, has yielded significant
insights and contributions. Through a comprehensive methodology that included literature review,
data collection, and rigorous experimentation with pre-trained models such as mBERT and XLM-
R, the research successfully demonstrated the potential of transfer learning to enhance model
performance in underrepresented languages like Urdu, Panjabi, Balochi, Pashto, and Sindhi. The
data analysis revealed that fine-tuning these multilingual models, coupled with data augmentation
techniques, resulted in measurable improvements in accuracy and F1 scores across various tasks.
Qualitative analyses, including error inspection and user feedback, highlighted critical areas for
improvement, such as addressing misclassification and enhancing named entity recognition. User
insights emphasized the importance of real-time feedback mechanisms and cultural context in
model usability, pointing to a need for more tailored approaches in model training that consider
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the linguistic and cultural nuances prevalent in Pakistan. This research underscores the necessity
of a user-centered design in developing NLP applications, ensuring they are not only technically
proficient but also practically applicable in real-world scenarios. By focusing on low-resource
languages, this study contributes to a broader understanding of how transfer learning can bridge
gaps in NLP capabilities, thereby fostering more inclusive technological advancements. The
findings advocate for ongoing efforts to refine these models and adapt them to the specific needs
of underrepresented communities, ultimately paving the way for more effective and accessible
NLP solutions that cater to the diverse linguistic landscape of Pakistan.
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