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Abstract— Natural Language Processing (NLP), a field enabling computers to comprehend and interact
with human language, faces significant challenges with low-resource languages — those with limited digital
text availability —and indigenous languages deeply rooted in native cultural traditions. This review
examines data augmentation techniques, which generate additional training data from existing limited
resources, to address these challenges. The goal is to provide a comprehensive overview of how such methods
can promote greater linguistic inclusion in artificial intelligence, particularly for languages from regions like
India, Africa, and Latin America. The significance arises from the global diversity of over 7,000 languages,
where only a small fraction receives substantial Al focus, marginalizing many others. Low-resource
languages suffer from minimal datasets, resulting in suboptimal performance on tasks such as machine
translation. Data augmentation mitigates this by producing synthetic yet effective data, such as through
sentence paraphrasing, thereby improving model accuracy without requiring extensive new data collection.
This review discusses foundational concepts of augmentation in NLP, various methodological categories,
global case studies, emphasis on Indian languages including Santali and Bodo, integration with transfer
learning using models like mBERT and XLM-R, ethical considerations, and prospective directions. Key
findings indicate improvements of 10-20% in accuracy or BLEU scores for languages such as Guarani and
Manipuri. Applications span education, healthcare, and cultural preservation, advocating for equitable Al
development. Sourced from more than 35 publications spanning 2015-2024, the review incorporates
perspectives from India, Africa, and other regions, drawing from repositories like the ACL Anthology and
IEEE. It underscores the need for ethical practices to minimize bias and encourages collaborative efforts.
Ultimately, data augmentation fosters a more enduring and inclusive NLP ecosystem, empowering
indigenous voices in the digital realm.

Keywords— Data Augmentation, Natural Language Processing, Low-Resource Languages,
Indigenous Languages, Transfer Learning

I. INTRODUCTION

Natural Language Processing (NLP) transforms
technology by enabling machines to process spoken
and written language for applications like translation
and conversational agents. However, progress
remains uneven. High-resource languages such as

This article can be downloaded from here: www.ijaems.com

English benefit from vast datasets, whereas low-
resource languages—with fewer than 1 million
speakers or scant online content—lag considerably
[11]. Indigenous languages, integral to native
communities' identities, receive even less attention,
with India's over 19,500 languages including many at

220

©2025 The Author(s). Published by Infogain Publication, This work is licensed under a Creative Commons Attribution 4.0

License. http:/ /creativecommons.org/licenses/by/4.0/



https://ijaems.com/
https://dx.doi.org/10.22161/ijaems.112.21
http://www.ijaems.com/
http://creativecommons.org/licenses/by/4.0/
mailto:haradhanmardi@gmail.com

Mardi

risk, mirroring the global endangerment of 40% of
languages [34]. These languages grapple with data
deficiencies. NLP models demand large corpora, yet
languages like Santali in India or Quechua in South
America possess only thousands of sentences [20].
This scarcity yields poor performance, perpetuating
exclusion for underprivileged languages. In India,
while Tamil and Bengali enjoy moderate support,
tribal languages like Manipuri and Bodo remain
underserved, impacting education and digital access
[29]. In Africa, Swahili, and in Latin America, Guarani
encounter colonial legacies that prioritize dominant
languages [2]; [31]. Data augmentation emerges as a
vital solution. It involves generating novel data
variations from existing samples, such as
paraphrasing or back-translation, to expand datasets
cost-effectively [15]. For low-resource Italian, back-
translation enhanced translation quality by 14% [30].
Globally, it aligns with United Nations objectives for
language preservation [34]. In India, it supports the
Digital India initiative for multilingual AI [10]. Yet,
ethical aspects, including cultural sensitivity, are
crucial. This review synthesizes strategies, case
studies, and future trajectories from ACL and IEEE
sources to advance equitable NLP. Augmentation
thus democratizes technology, sustaining native
languages amid Al evolution.

II. OVERVIEW OF DATA AUGMENTATION IN
NLP

Data augmentation in NLP entails expanding datasets
through plausible textual modifications to counteract
insufficient labeled data for model training [8]. Unlike
labor-intensive real-data acquisition, it leverages rule-
based or Al-driven methods to introduce diverse
examples, enhancing model robustness without
introducing noise [9]. The technique gained
prominence post-2015 amid deep learning's data-
intensive demands [12]. Initial approaches like word
substitutions evolved into advanced generative
methods powered by large models [35]. In low-
resource settings, it prevents overfitting—where
models memorize rather than generalize—by
injecting variability [18]. For indigenous languages, it
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proves essential for tasks like part-of-speech tagging
or named entity recognition, where limited data yields
Studies report 5-15%
improvements in classification accuracy and elevated

substantial gains [2].

BLEU scores for translation [15]. However, preserving
semantic integrity is paramount; excessive alterations
may distort cultural nuances [3]. Furthermore,
combining augmentation with transfer learning
amplifies benefits, transferring knowledge from high-
resource languages [5]. Overall, it promotes fairness in
NLP, though rigorous validation ensures high-quality
outputs.

III. TYPES OF DATA AUGMENTATION
TECHNIQUES

Data augmentation techniques in NLP are categorized
into rule-based, generative, and embedding-based
approaches, each suited to low-resource scenarios
[12]. Rule-based methods, such as synonym
replacement or word insertion/deletion, offer
simplicity and interpretability, ideal for initial
implementations [8]. Replacing "happy" with "joyful,"
for instance, maintains meaning while diversifying
data. Generative methods, like back-translation —
translating to a pivot language and back —produce
semantically rich variations, particularly effective for
augmenting parallel corpora in translation [15].
Embedding-based techniques employ BERT-style
models for contextually informed paraphrasing [24].
Emerging variants, such as GANs, employ adversarial
training to generate superior synthetic data [7]. In
contrast, noise injection methods introduce
perturbations like typos to build resilient models,
though they risk amplifying biases in sparse datasets
[9]. For low-resource NLP, hybrid approaches—
combining back-translation with embeddings —excel,
boosting sentiment analysis by 12% [27]. Careful
selection also avoids redundancy. Techniques must
align with language-specific features; for tonal
languages like Manipuri, preserving phonetic
elements is essential [26]. Thus, appropriate selection
effective  and sensitive

ensures culturally

augmentation.
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Table 1: Summary of Common Data Augmentation Techniques Used in NLP
E 1 Data S
Technique Description Strengths Limitations xam-p e- at a . ource
Application (Citation)
S Repl d Text
ynonym ép ace  woras Simple, fast May alter nuance X L [8]
Replacement with synonyms classification
Back- Translate and re- | Semantic Requires pivot | Machine
. . , [15]
Translation translate text preservation language translation
Generate
Contextual paraphrases via Computationally .
Context- Paraph 24
Embeddings BERT-like OMEXEAWATE | intensive arapirasing [24]
models
Random Add random | Increases Potential Augmenting (9]
Insertion words volume incoherence dialogues
Ad ial High-qualit Low-
GAN-based Verse.lna & q1:1a 1y Training complexity owsresource [7]
generation of text | synthetics corpora

(Note: Based on surveys from ACL Anthology)

IV. CASE STUDIES ON LOW-RESOURCE
LANGUAGES

Case studies illustrate the impact of augmentation
across regions. In Africa, back-translation for Swabhili
translation elevated BLEU scores from 15 to 28 by
leveraging English pivots [2]. For Guarani in Latin
America, rule-based synthetic text improved
semantic parsing by 14% [19]. In South America,

Quechua speech recognition employed transfer

learning augmented with noise, reducing word error
rates by 85% after fine-tuning on 36 hours of data [32].
For Bribri,
paucity, enhancing classification tasks [31]. These

adversarial methods overcame data

examples highlight regional adaptations: Africa's
South  America's
shifts
persist, necessitating community input. Collectively,

multilingual pivots versus

morphology-focused rules [2]. Linguistic

the cases affirm augmentation's broad applicability.

Table 2: Examples of Low-Resource and Indigenous Languages Studied Globally (with Region and Dataset

Awvailability)
. Speakers Dataset Augmentation Key Study Year
Language Region 1 psts . o o
(Approx.) Availability Technique Used (Citation)
Swabhili Africa 98 million FLORES-200 Back-translation [2]
Lati AmericasNLP
Guarani ann . 7 million mericas Grammar-based [9]
America corpus
Latin . .
Quechua . 8 million 36 hours speech Transfer + noising [32]
America
Santali India (Asia) | 7 million IndicGLUE Synonym replacement [29]
Bodo India (Asia) | 1.4 million Custom parallel GAN-based [14]
Lati Minimal Embeddi
Wa'ikhana atin . 500 1n1m;j1 mbe 1ng [4]
America transcribed paraphrasing
(Note: Compiled from ACL and arXiv sources)
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V. INDIAN CONTEXT — INDIGENOUS AND
REGIONAL LANGUAGES

In India, data augmentation revitalizes NLP for
indigenous and regional languages, including Hindi
derivatives, Tamil, Bengali, Assamese, Santali,
Manipuri, and Bodo [29]. For Santali a Munda
language spoken by 7 million, synonym replacement
on IndicGLUE boosted POS tagging accuracy from
72% to 88% [16]. For Manipuri, a Tibeto-Burman
methods
expanded translation corpora, improving English-
Manipuri BLEU by 9 points [25]. BodoBERT, fine-
tuned with augmentation, enhanced POS tagging via
BiLSTM-CRF, addressing script challenges [14].
Assamese benefits from back-translation bridged with

language,  generative  end-sequence

Hindi for summarization [26]. This aligns with India's
Al for All mission, though tribal areas require
community-driven data efforts [10]. Distinct from
global trends, India emphasizes script unification,
such as Devanagari adaptations. Hence, tailored
methods are vital for cultural alignment.

International Journal of Advanced Engineering, Management and Science, 11(2) -2025

VI. ROLE OF Al, TRANSFER LEARNING, AND
MULTILINGUAL PRETRAINING

Transfer learning, which adapts knowledge across
tasks, synergizes with augmentation in low-resource
NLP [5]. Multilingual models like mBERT and XLM-
R, pretrained on over 100 languages, enable zero-shot
transfer —applying English-trained capabilities to
novel languages [6]. For Swahili, XLM-R augmented
with data improved XNLI performance by 15.7% [23].
IndicBERT  for
augmentation to adapt for Santali, yielding superior

Indian languages leverages
downstream results [29]. Advances in large models
facilitate equitable paraphrasing [17]. However,
pretrained biases toward dominant languages
necessitate balanced augmentation [13]. Additionally,
continual training with augmented data enhances
reliability [24]. In indigenous contexts, this pairing
preserves subtleties, as in Quechua adaptation [2].

Consequently, it effectively bridges resource gaps.

Table 3: Model Performance Improvement Through Data Augmentation (Accuracy or BLEU Score Comparison)

Baseline | Augmented | Improvement | Technique Source
Language/Model Task Year
Score Score (%) Used L
(Citation)
. Semantic Grammar-
Guarani/ XLM-R ) 76.10 90.56 +14.46 [19]
Parsing based
. Back-
Swahili/mBERT XNLI 65.0 80.7 +15.7 : [23]
translation
S
Santali/IndicBERT | POS Tagging | 72.0 88.0 +16.0 YROMYEL 1 116]
swap
22.0 End-
Manipuri/BiLSTM | Translation 31.0 (BLEU) | +9.0 ne [25]
(BLEU) generation
Speech 45.0 -20.0 Noising +
hua/ASR 25.0 (WER 32
Quechua/ Recognition | (WER) ( ) (reduction) Transfer [32]

(Note: WER = Word Error Rate. Data from IEEE Xplore and ACL)

VII. ETHICAL AND TECHNICAL
CHALLENGES

Ethical concerns in augmentation include bias
amplification, where synthetic data perpetuates high-
resource language stereotypes, marginalizing
indigenous subtleties [37]. For African languages,
skewed datasets reinforce colonial narratives [13].

Representation gaps in dialects risk cultural erasure

This article can be downloaded from here: www.ijaems.com

[3]. Technically, sparse data hampers synthetic
quality, as GANs demand stable training [7]. Privacy
risks escalate with sensitive indigenous texts [36].
Solutions involve community consent and fairness
evaluations [2]. In India, for Santali, ethical
frameworks incorporate tribal involvement [29].
Global disparities demand standardized guidelines.
Thus, blending innovation with equity is imperative.
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VIII. FUTURE PROSPECTS, POLICY DIRECTIONS,

AND CROSS-LINGUISTIC
COLLABORATION

Looking forward, 2023-2024 trends feature large

model-driven  augmentation, including broad

paraphrasing and  optimized  low-resource
Hybrid  methods  with

computational efficiencies, such as quantum-inspired

architectures  [33].

accelerations, hold promise [28]. On policy, India's Al
strategy invests in indigenous NLP hubs, while
international bodies like UNESCO advocate open
datasets [10]; [34]. Cross-linguistic collaborations, via
initiatives like AmericasNLP, facilitate knowledge
exchange [21]. Prospects include augmented reality
for language learning and bias-mitigation tools [17].
Scalability challenges remain, but collaborative R&D
promises equity. For instance, augmentation in
educational curricula can revive endangered
languages.

IX. CONCLUSION

In summary, this review has explored data
augmentation as a foundational approach to
enhancing Natural Language Processing (NLP) for
low-resource and indigenous languages. From an
overview of core techniques to detailed case studies
across regions and a focus on ethical considerations,
the discussion highlights how methods like back-
translation, synonym replacement, and transfer
learning —integrated with models such as mBERT and
XLM-R —can
performance. These strategies have demonstrated

significantly ~ improve = model
practical benefits, such as 10-20% gains in accuracy for
tasks like translation and part-of-speech tagging in
languages including Santali, Manipuri, and Bodo in
India, as well as Swahili in Africa and Guarani in Latin
America. A key emphasis throughout is on
sustainability: data augmentation not only addresses
data scarcity but also advances linguistic inclusivity,
which is essential for preserving cultural heritage in
an increasingly globalized world. By incorporating
ethical safeguards, such as community involvement
and bias audits, researchers can mitigate risks like
cultural misrepresentation, ensuring that technology
amplifies rather than erodes indigenous knowledge
systems. Looking ahead, the path forward calls for
robust collaboration among academics, indigenous
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communities, and policymakers. Initiatives such as
open-source multilingual datasets and national Al
policies in India have the potential to accelerate
progress, fostering the development of tools that are
both equitable and accessible. Ultimately, by
prioritizing these augmentation strategies, we can
help build a more just digital landscape — one in which
every language contributes to collective human
advancement, bridges divides, and honors diverse
voices in the evolution of Al
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