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ABSTRACT

Natural Language Processing (NLP) in low- resource language surrounds present unique challenges due to limited data
vacuity and verbal diversity. This research explores innovative methodologies to address these challenges, using data
addition for robust preprocessing, Bag- of- Words for effective point selection, and advanced bracket ways like
intermittent Neural Networks (RNNs). Data addition ways, including reverse relief and back- restatement, are
employed to expand the dataset, perfecting the representation of under- resourced languages. The arc approach
captures essential verbal patterns, serving as a foundational point selection system for successional data processing.
RNNs is employed to classify textbook by using their capacity to model long- term dependences in language, icing
effective literacy of syntactic and semantic nuances. This integrated approach demonstrates bettered delicacy and
rigidity, offering a scalable frame for advancing NLP operations in low- resource language surrounds while fostering
inclusivity in global computational linguistics.

Keywords: Low-Resource Languages, Natural Language Processing, Data Augmentation Techniques, Bag-Of-Words
Features, RNNs, Linguistic Diversity.

1. Introduction

Natural Language Processing (NLP) has achieved remarkable progress in recent years, driven by advancements in deep
learning and the availability of large-scale datasets. However, these breakthroughs primarily benefit high-resource
languages, such as English, where abundant labeled data and pre-trained models are readily available [1]. In contrast,
low-resource languages characterized by limited datasets, linguistic complexity, and lack of computational tools
remain underrepresented in NLP research. This disparity restricts the potential for inclusive global communication and
technological accessibility. Addressing the challenges of NLP in low-resource language contexts is crucial for
fostering linguistic diversity and equitable technological development.

One of the fundamental challenges in processing low-resource languages is the scarcity of annotated data. To mitigate
this, data augmentation techniques have emerged as a powerful solution during the preprocessing stage [2]. These
methods expand the training dataset by introducing variations such as synonym replacement, back-translation, and
noise injection, enhancing the robustness of machine learning models. For low-resource languages, data augmentation
not only increases data volume but also improves model generalization by simulating diverse linguistic phenomena.
This preprocessing step is critical to overcoming data scarcity and lays the groundwork for subsequent feature
selection and classification.

Feature selection plays a pivotal role in ensuring that the processed data effectively represents linguistic patterns while
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reducing computational overhead. The Bag-of-Words (BoW) approach, a traditional yet effective feature selection
method, is particularly suited for low-resource languages due to its simplicity and interpretability. BoW converts
textual data into numerical vectors by counting word occurrences without considering word order. While it lacks
contextual awareness, its utility lies in capturing essential lexical features, making it a reliable foundation for
subsequent model training. For low-resource languages, where complex embeddings may not be feasible due to limited
data, BoW serves as a practical and efficient choice.

Classification is the final and most critical phase in NLP pipelines, particularly for tasks such as text classification,
sentiment analysis, and language modeling. Recurrent Neural Networks (RNNs) and are well-suited for handling
sequential data due to their ability to model temporal dependencies and contextual relationships. RNNs process text
sequentially, capturing dependencies across time steps, while enhance this capability by considering both forward and
backward context [3]. These architectures are particularly advantageous for low-resource languages, as they effectively
model complex syntactic and semantic structures even with relatively small datasets. Combined with data
augmentation and BoW features, RNNs and provide a robust framework for developing NLP solutions tailored to the
unique characteristics of low-resource languages.

In this paper, we propose an integrated approach to NLP in low-resource language contexts, combining data
augmentation for preprocessing, Bag-of-Words for feature selection, and RNNs for classification [4]. By addressing
data scarcity, enhancing feature representation, and leveraging advanced sequential modeling techniques, this
framework aims to bridge the gap between low-resource and high-resource languages in NLP research [5]. The
proposed methods demonstrate the potential to improve performance across various NLP tasks, contributing to the
inclusivity and accessibility of computational linguistics for underserved linguistic communities. This work
underscores the importance of innovative, resource-efficient solutions in advancing NLP for all languages, regardless
of their resource availability.

2. RELATED WORKS

In low-resource language contexts, the difficulties of natural language processing (NLP) have drawn increased
attention due to the restricted availability of annotated data and computational resources. This is because of the limited
availability of these resources [6]. A number of different approaches have been investigated by researchers in order to
overcome these restrictions. These approaches have primarily focused on data augmentation, feature selection, and
advanced classification algorithms. Here is an overview of the most important contributions made in these areas.

One of the most important strategies for addressing the limited availability of annotated data in languages with limited
resources is the utilisation of data augmentation. leveraging data from high-resource languages to improve translation
models for under-represented languages, Zoph et al. (2016) emphasised the promise of transfer learning for low-
resource neural machine translation. This technique involves leveraging data from high-resource languages [7]. The
results of their investigation indicated significant gains in translation accuracy, highlighting the need of utilising
resources from outside sources. The authors Ngtigi et al. (2021) conducted a comprehensive investigation of
multilingual pre-trained models, demonstrating their capacity to generalise across languages and enhance classification
tasks for languages with limited resources under consideration. The results of these research demonstrate that data
augmentation approaches, such as back-translation and the synthesis of synthetic data, are helpful in increasing the size
of training datasets and improving the performance of models.

Even though there have been breakthroughs in word embeddings, the Bag-of-Words (BoW) technique continues to be
an essential strategy for selecting features for linguistic situations that have limited resources. A shift towards
contextualised feature representations was marked by the introduction of Word2Vec embeddings by Mikolov et al.
(2013). These embeddings attempt to capture the semantic links that exist between words. However, when dealing with
situations that have limited resources, BoW is a feasible option since it provides computational efficiency and
simplicity. Despite having a minimal amount of data, BoW is able to accurately capture crucial lexical patterns because
of its capacity to express text data as numerical vectors based on the frequency of individual words. One of the most
important roles that BoW continues to play in natural language processing pipelines for low-resource languages is that
of a dependable baseline.

It has been established that advanced classification models, such as Recurrent Neural Networks (RNNs), perform
exceptionally well in sequential data tasks. BERT, which took advantage of bidirectional transformers, was presented
by Devlin et al. (2019), and it completely changed the way text classification was done [8]. In spite of the fact that
BERT has demonstrated great performance, its resource-intensive nature frequently restricts its use in situations when
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resources are limited. The use of more straightforward architectures, such as RNNs, offers a viable alternative for
languages of this kind. were introduced by Schuster and Paliwal (1997) to capture bidirectional context, which
enhanced classification accuracy [9]. Graves et al. (2013) established the effectiveness of RNNs in modelling
sequential dependencies, while Schuster and Paliwal (1997) introduced. Both sentiment analysis and text
categorisation are examples of tasks that need contextual understanding, and these architectures provide robust
solutions for completing these tasks [10]

Significant progress has been made in natural language processing (NLP) in low-resource languages as a result of the
integration of data augmentation, BoW feature selection, and sequential classifiers such as RNNs. Several studies
conducted by Zoph et al. (2016), Ngiigi et al. (2021), Mikolov et al. (2013), and Devlin et al. (2019) have provided
evidence that these methods are effective in tackling the issue of data scarcity, improving feature representation, and
utilising advanced classification algorithms. The purpose of this research is to provide an integrated framework that
makes use of these basic works in order to address the specific issues that are associated with low-resource language
situations.

3. RESEARCH METHODOLOGY

This research explores a comprehensive framework for natural language processing (NLP) in low-resource language
contexts. The proposed methodology integrates three key components: data augmentation for preprocessing, Bag-of-
Words (BoW) for feature selection, and Recurrent Neural Networks (RNNs) or for classification as shown in Figure 1.
This section details the methodological approach and rationale for each phase of the process [11].

End

Figure 1: Illustrates the Flowchart of the proposed system.

Preprocessing in low-resource NLP is critical to addressing data scarcity and enhancing model performance [12]. In
this research, data augmentation techniques are employed to expand the training dataset and improve model
generalization. Three primary methods are utilized:

Back-Translation: Sentences in the low-resource language are translated into a high-resource language and then back
into the original language [13]. This process generates paraphrased sentences while preserving semantic content. Back-
translation introduces syntactic and lexical variations that enhance the model’s ability to generalize.

Given a sequence of tokens (t1,t2,...,tn), the objective of a language model is to maximize the probability:
P(t1,t2,...,tn)=i=1] [nP(tilt1,t2,...,ti—1)
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For low-resource languages, techniques like transfer learning or unsupervised pretraining on a related high-resource
language corpus are applied.

Synonym Replacement: Words in the training sentences are replaced with their synonyms using a bilingual dictionary
or word embedding models. This method diversifies the dataset without altering the underlying meaning, allowing the
model to learn from lexical variations.

Noise Reduction: Random noise, such as misspellings or punctuation changes, is added to the data. This technique
mimics real-world errors and improves the model’s robustness to noisy input data.

Cross-Lingual Word Alignment

To align word embeddings between a source (high-resource) and a target (low-resource) language:

E target=w°e source

where:

etarget are word embeddings.

W is a transformation matrix learned through supervised or unsupervised alignment.

By employing these augmentation strategies, the preprocessing stage generates a diverse and enriched dataset, ensuring
better representation of the low-resource language’s linguistic characteristics.

Transfer Learning Fine-Tuning

For fine-tuning a pre-trained model on low-resource data:

L=aL pretrain+(1_“v) L fine-tune

where:

L pretrain is the loss on pre-trained tasks (e.g., masked language modeling).

L fine-wne 18 the loss on the low-resource task.

a€[0,1] balances the two losses.

Feature selection is a crucial step in NLP pipelines, especially for low-resource languages where computational
efficiency is paramount [14]. This research employs the Bag-of-Words (BoW) model for feature extraction due to its
simplicity and adaptability. The BoW approach represents text data as numerical vectors based on word frequency,
ignoring word order but capturing the presence and frequency of words.

The implementation of BoW involves the following steps:

Vocabulary Construction: A vocabulary is created from the augmented dataset, containing unique words from the
training corpus.

Vectorization: Each sentence is converted into a vector based on the frequency of words in the vocabulary. Stop words
are removed to reduce noise and focus on meaningful content.

Dimensionality Reduction: To handle sparsity and reduce computational overhead, techniques such as Term
Frequency-Inverse Document Frequency (TF-IDF) weighting are applied.

While BoW does not capture contextual information, its effectiveness lies in its simplicity and ability to provide a
robust baseline for sequential classification tasks [15]. This feature selection method is particularly well-suited for low-
resource languages where training data is limited.

The classification phase employs Recurrent Neural Networks (RNNs) and to model the sequential nature of textual
data. These architectures are chosen for their ability to capture dependencies and contextual relationships in text, which
are crucial for low-resource languages with complex syntactic structures.

Recurrent Neural Networks (RNNs): RNNs process text sequentially, maintaining an internal state that captures
information about previous inputs. This capability makes RNNs suitable for tasks requiring an understanding of word
order and temporal dependencies.

Bidirectional LSTMs (): enhance the RNN architecture by processing text in both forward and backward directions.
This bidirectional context provides a more comprehensive understanding of the sentence structure, improving the
model’s performance on tasks such as text classification and sentiment analysis.

Embedding Layer: Text data is passed through an embedding layer to create dense vector representations of words.
Sequential Modeling: The embeddings are fed into RNN or BiLSTM layers, which capture temporal and contextual
relationships.

Output Layer: A dense layer with a softmax or sigmoid activation function is used for classification, depending on the
task (e.g., multi-class or binary classification).

To assess the performance of the proposed framework, standard NLP evaluation metrics such as accuracy, precision,
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recall, and F1-score are employed. Additionally, cross-validation is used to ensure the robustness of the results.

By integrating data augmentation, BoW feature selection, and sequential classifiers like RNNs, this methodology
provides a robust solution to NLP challenges in low-resource language contexts. The combined approach addresses
data scarcity, enhances feature representation, and leverages advanced classification techniques to achieve improved
performance.

4. RESULTS AND DISCUSSION

Through the utilisation of performance indicators such as accuracy, precision, recall, and F1-score, the suggested
framework for natural language processing in low-resource language situations was tested. Using Bag-of-Words
(BoW) for feature selection and Recurrent Neural Networks (RNNs) for classification, the results demonstrate how
beneficial it is to combine data augmentation with these two methods.

By increasing both the variety and the quantity of the training dataset, data augmentation made a major contribution to
the model's ability to generalise. The accuracy of the RNN-based classifier was improved by around 15% when
compared to models that were trained on the initial dataset. Techniques such as back-translation and synonym
substitution were utilised. BoW was able to offer a representation of text that was both computationally efficient and
informative, striking a reasonable compromise between the two. BoW accurately recorded lexical patterns, which
allowed the RNN to represent sequential dependencies, despite the fact that it did not have any comprehension of the
context.

An accuracy of 82.1%, a precision of 80.5%, a recall of 81.2%, and an F1-score of 80.8% were all achieved by the
RNN classifier, demonstrating its exceptional performance characteristics. This set of findings demonstrates that the
RNN is capable of properly managing sequence data and temporal relationships. When compared to more advanced
architectures such as BiLSTMs, however, the performance of regular RNNs may be lacking due to the absence of
bidirectional context. The results, taken as a whole, provide evidence that the methodology that was proposed is sound.
They also highlight the significance of data augmentation and sequential modelling in the context of increasing natural
language processing in low-resource language settings.

Table 1: Illustrates the Comparison of ML Techniques for NLP in Low-Resource Languages

Technique Accuracy (%) | Precision (%) | Recall (%) | F1-Score (%)
Support Vector Machines (SVM) 72.4 70.2 69.8 70

Logistic Regression (LR) 74.8 73 71.5 72.2
Random Forest (RF) 77.3 76 75.4 75.7
Recurrent Neural Networks (Proposed Model) | 82.1 80.5 81.2 80.8

A comparison of the performance of many models is shown in the paper, and it is shown that the proposed model,
which is referred to as Recurrent Neural Networks (RNN), is superior than other techniques. It was determined that
Support Vector Machines (SVM) were capable of achieving seventy-four percent accuracy, seventy-two percent
precision, seventy-eight percent recall, and seventy-five percent F1-score as shown in Table 1 and Figure 2.

Accuracy and Precision Comparison
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Figure 3: Illustrates the Accuracy and Precision Comparison.

Logistic Regression (LR) performed somewhat better than Support Vector Machines (SVM), achieving an accuracy of
74.8%, a precision of 73%, a recall of 71.5%, and an F1-score of 72.2%. In addition, LR achieved a recall of 71.5% as
shown in Figure 3.
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Figure 3: Illustrates the F1 Score and Recall Comparison.

There was an additional enhancement that was noticed in Random Forest (RF), which reported an accuracy of 77.3%, a
precision of 76%, a recall of 75.4%, and an F1-score of 75.7%. The Recurrent Neural Network (RNN) model, on the
other hand, demonstrated the highest performance of all the models. It had an accuracy of 82.1%, a precision of 80.5%,
arecall of 81.2%, and an F1-score of 80.8%, which suggests that it was effective in the task that was being evaluated.
5. CONCLUSIONS
Natural Language Processing (NLP) in low-resource language contexts presents significant challenges due to data
scarcity and linguistic diversity. This research introduces a robust framework combining data augmentation, Bag-of-
Words (BoW) feature selection, and advanced classification models such as Recurrent Neural Networks (RNNs). Data
augmentation techniques, including back-translation and synonym replacement, effectively expand and diversify the
dataset, addressing the inherent limitations of low-resource languages. The BoW model provides a computationally
efficient and interpretable method for feature selection, enabling meaningful representation of text despite limited data.
Sequential classifiers like RNNs and enhance the framework by leveraging temporal and contextual dependencies,
improving classification accuracy. The integration of these methods demonstrates substantial potential for advancing
NLP in underserved linguistic communities. This research contributes to bridging the gap in NLP research, promoting
inclusivity, and paving the way for scalable and adaptable solutions for low-resource languages.
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