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Abstract Original Research Article

Building chatbots in languages with limited resources is challenging because there are few labelled datasets, many language
differences, and limited computing power. Attention mechanisms and contextual modelling help chatbots understand
language better, stay coherent, and respond more accurately in long conversations. This paper reviews the newest chatbot
models that use attention-based methods. It discusses different designs, including Transformer-based models, memory-
supported networks, and combined approaches. The review also highlights major challenges such as difficult grammar,
biased responses, and ethical problems. To solve these issues, the paper examines solutions like learning from a few
examples, using knowledge from other models, and gathering data from different communities. By studying various chatbot
applications, the review identifies important trends and best practices to make chatbots more inclusive, effective, and fair.
These findings will help researchers and developers improve chatbot technology, especially for languages with limited

resources.

Keywords: Contextual Attention, Chatbots, Low-Resource Languages, NLP, Transformer Models.

Citation: Uzoaru, G. C., Ayogu, I. I., Onyeka, A. C., & Qdii, J. (2025). Attention-based chatbots for low-resource language processing:
A comprehensive review. SSR Journal of Engineering and Technology (SSRJET), 2(2). [8-29]

INTRODUCTION

Conversational agents, commonly known as
chatbots, are artificial intelligence systems designed to
communicate with users through natural language['].
These chatbots are widely used in various fields such as
customer  service, education, healthcare, and
entertainment[']. They help users by providing instant
responses[1], automating repetitive tasks[V], and offering
support around the clock["]. There are two main types of
chatbots[“]: rule-based[*] and Al-driven[i1]. Rule-based
chatbots operate using predefined scripts and structured
responses[X]. They follow a set of fixed instructions and
are effective for answering specific, predictable queries[*].
In contrast, Al-driven chatbots utilize machine learning
and Natural Language Processing (NLP)[¥] to generate
responses dynamically[¥']. These chatbots can understand
and learn from user interactions, allowing them to provide
more natural and context-aware responses[*].

As technology continues to advance, chatbots are
becoming more sophisticated[*"]. Modern Al-driven
chatbots use deep learning models[*], such as
transformers[*1], to enhance their ability to understand and
generate human-like responses[*]. These advancements
have led to chatbots that are more efficient, engaging, and
capable of handling complex conversations[*1].

Low-resource languages are those with limited digital data
and resources available for training Al models[**]. Unlike
widely spoken languages such as English, Spanish, or
Chinese, many indigenous and underrepresented
languages lack large-scale text corpora [*], annotated
datasets[™/], and NLP tools™]. This makes it difficult to
develop effective chatbots for speakers of these languages
[*9i. Context-aware chatbots play a crucial role in
addressing this issue[*"]. These chatbots use advanced
NLP techniques, such as attention mechanisms, to
maintain conversation history and understand the context
of user queries[*]. By remembering previous interactions,
they can provide more relevant and coherent responses,
even in languages with limited training data[*].

One of the biggest challenges in developing chatbots for
low-resource languages is data scarcity[*]. Since there
are few publicly available text datasets[Vi1], training high-
performing models requires innovative approaches[*].
Techniques such as transfer learning, zero-shot learning,
and synthetic data generation can help overcome this
challenge[**].

Another critical aspect is linguistic diversity. Many low-
resource languages have complex grammar[**], tonal
variations[**, and multiple dialects[**]. A chatbot must
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be able to adapt to these linguistic features to provide
accurate and meaningful responses[*]. By improving
chatbot technology for low-resource languages, Al can
help bridge the digital divide[***V]. Context-aware chatbots

can support education[*], healthcare[**i], and
communication in underserved communities[**Vi],
empowering people to access information and services in
their native languages[***].

Table 1: Comparison of High-Resource and Low-Resource Language Chatbots
Feature High-Resource Languages Low-Resource Languages
Availability of Training | Large datasets available (e.g., Wikipedia, OpenAl | Limited or non-existent datasets
Data datasets)
NLP Model Performance High accuracy with pre-trained models

Poor generalization due to insufficient
data
Morphological
variations
Sparse digital footprint

Linguistic Complexity Well-defined grammar and syntax rules richness, tonal

Extensive online text resources

Digital Representation

——

Data
Collection

Data
Preprocessing

Model
Training

Performance
Evaluation

Deployment &
Improvement

Figure 1: NLP Pipeline for Low-Resource Language Chatbots[*]

The NLP Pipeline for Low-Resource Language Chatbots
in Figure 1 describes the process of building
conversational Al systems for languages with limited data
resources. It begins with data collection, where available
linguistic data, including text corpora and transcriptions,
are gathered from community contributions, translations,
and multilingual datasets[]. ~ Since low-resource
languages lack sufficient training data, data preprocessing
is crucial, involving tokenization, normalization, and
handling of morphological complexities[¥].

Following this, embedding generation transforms text into
numerical representations using techniques like word
embeddings or transformer-based multilingual models.
The model training stage applies deep learning methods,
such as transformers or LSTMs, often leveraging transfer
learning from high-resource languages to improve

performance[xli]. Once trained, the chatbot undergoes
evaluation using accuracy, coherence, and user satisfaction
metrics to ensure quality. Finally, the deployment stage
integrates the chatbot into applications while incorporating
bias mitigation, real-time optimization, and ethical Al
practices to improve accessibility and fairness in
conversational interactions[xlii].

Low-resource languages refer to languages that lack
sufficient digital resources as explained in Table 2, such as
annotated corpora[®’], lexicons[xix], and machine
translation systems[xx]. These languages often belong to
indigenous, minority, or geographically limited linguistic
groups[xxi]. Examples include Igbo, Quechua, and
Khmer. The challenge with these languages is the limited
availability of structured linguistic data, making it difficult
to develop NLP models that perform well[xxii].
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Table 2: Characteristics of Low-Resource Languages

Feature Description Examples

Limited Digital | Few corpora, dictionaries, or linguistic tools | Igbo, Tigrinya, Quechua
Resources available

Morphological Rich inflections and complex grammar Finnish, Hungarian

Complexity

Tonal Variations
Code-Switching
Prevalence text

Changes in pitch alter word meanings Yoruba, Thai
Frequent mixing of languages in speech and | Hinglish (Hindi + English), Spanglish (Spanish
+ English)

To systematically explore the advancements and low-resource languages?

challenges in chatbot development for low-resource RQ4: What strategies can be employed to mitigate data

languages, this study aims to answer the following scarcity and improve chatbot performance?

research questions:

1.2 Contextual Understanding in NLP

Contextual understanding is a key component of Natural
attention-based  chatbots  for  low-resource Language Processing (NLP), particularly in dialogue
languages? systems[vii]. It enables chatbots to retain conversation

RQ2: What are the major challenges in implementing history, interpret ambiguous phrases, and generate
chatbots for underrepresented languages? meaningful responses[xi]. Traditional rule-based NLP

RQ3 How do attention mechanisms and transformer- models Struggle with contextual Understanding, whereas

based models enhance chatbot performance in modern deep learning approaches, such as Transformer
models, have improved significantly[*"].

RQ1: What are the recent advancements in contextual

User Input

Tokenization

Context
Embedding

Attention
Mechanism

Response
Generation

Output to
User

Figure 2: NLP Pipeline for Context-Aware Chatbots

The NLP Pipeline for Context-Aware Chatbots outlines
the key stages in developing Al-driven conversational
agents that retain and utilize contextual information for
more coherent and relevant responses[*] as depicted in
Figure 2. The process begins with data input, where the

chatbot receives user queries in text or speech format. The
preprocessing stage follows, involving tokenization, stop-
word removal, and normalization to prepare the text for
analysis.

Next, context representation is established using memory
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networks, attention mechanisms, or transformer-based
embeddings, allowing the chatbot to retain past
interactions and understand conversation history. Intent
recognition and response generation leverage deep
learning models, such as transformers or LSTMs, to
predict user intent and generate contextually appropriate
responses. The final stage, evaluation and refinement,
involves assessing chatbot performance using metrics like
coherence, fluency, and wuser satisfaction while
incorporating continuous learning and bias mitigation
techniques to enhance chatbot interactions over time[*"1].

1.3 Attention Mechanisms in NLP

Attention mechanisms improve chatbot performance by
allowing models to focus on the most relevant parts of a
conversation. Popular attention-based models include
Transformers, BERT (Bidirectional Encoder
Representations  from  Transformers), and GPT
(Generative Pre-trained Transformer)[™ilas depicted in
Error! Reference source not found..

Table 3: Comparison of Attention-Based NLP Models[*i]

Model Strengths Weaknesses Application

Transformer | Processes sequences in parallel High computational cost | Chatbots, Machine Translation
BERT Strong bidirectional understanding | Needs large datasets Search Engines, QA Systems

GPT Generates human-like text Prone to hallucinations | Content Creation, Conversational Al

1.4 Data Limitations and Transfer Learning

Data scarcity is a significant barrier in NLP for low-
resource languages. Transfer learning allows models

Pre-trained
Model

trained on high-resource languages to adapt to low-
resource languages using techniques such as multilingual
embeddings and zero-shot learning[¥™].

Fine-tuning
on LRL Data

Context-Aware

Chatbot

Figure 3: Transfer Learning Process in NLP[xlix]

The Transfer Learning Process in NLP in Figure 3
illustrates how pre-trained language models enhance
chatbot performance, particularly for low-resource
languages[']. The process begins with pre-training on high-
resource languages, where models such as BERT, GPT, or
mMBERT learn linguistic patterns from large datasets like
Wikipedia and Common Crawl['"]. These models develop
generalized language understanding, including syntax,
semantics, and context awareness.

Next, the fine-tuning stage adapts the pre-trained model to
a specific low-resource language using smaller, domain-
specific datasets. Techniques such as multilingual
embeddings, few-shot learning, and zero-shot learning
enable the model to transfer knowledge effectively. The

final stage, deployment and optimization, involves
evaluating the chatbot’s accuracy, coherence, and fluency
while refining it through feedback loops, active learning,
and bias mitigation strategies. This approach significantly
improves chatbot performance despite limited linguistic
resources|l].

1.5 Case Study: Use of Transformer-Based
Models in Igbo Language Processing

To demonstrate the impact of transfer learning,
we analyze a case study on the use of transformer models
for Igbo language processing. The study trained a BERT-
based model on English datasets and fine-tuned it with a
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limited Igbo corpus. Results showed an improvement in
chatbot accuracy from 45% (without transfer learning) to

78% (with transfer learning).

Table 4: Performance Metrics for Igbo Chatbot

Model Accuracy | Response Coherence | Computational Cost
Rule-Based 40% Low Low

LSTM-Based 55% Medium Medium
Transformer (No Transfer Learning) 45% High High

Transformer (With Transfer Learning) | 78% High High

1.6 Objectives of the Systematic Review

This systematic review aims to:

1. ldentify and analyze the latest advancements in
contextual attention-based chatbot models for
low-resource languages.

2. Discuss the major challenges associated with
linguistic  diversity, data scarcity, and

computational constraints.

3. Examine the role of attention mechanisms, such
as transformers, in
interactions.

4. Highlight potential solutions, including transfer
learning, zero-shot learning, and community-
driven data collection.

improving  chatbot

CICCLION

+ Database
Selection

* Research
Question
Formulatio
n

« Paper

Research
Question

Formulation

Filtering

~ Paper Filtering
(Inclusion/Exclusi
on)

5. Provide recommendations for future research and
development in the field of low-resource
language chatbots.

2.0 METHODOLOGY
2.1 Research Design
This study follows a systematic literature review

(SLR) approach['], analyzing existing research on
contextual attention-based chatbots for low-resource

languages. The research process involves collecting,
categorizing, and analyzing papers from peer-reviewed
sources, such as Scopus, IEEE Xplore, and Google
Scholar.

* Analysis &
Discussion

e Data
Extraction

&
Categorizat

Figure 4: Systematic Literature Review (SLR) Process[lii]

2.2 Data Collection and Sources

This review employed a systematic literature
review (SLR) methodology, focusing on peer-reviewed
sources from 2015 to 2024. Databases searched included
Scopus, IEEE Xplore, and Google Scholar, using Boolean
combinations of keywords such as “low-resource
languages”,  “chatbots”,  “attention = mechanisms”,

“transformer models”, and “contextual NLP”.

A total of 132 articles were initially retrieved. After
removing duplicates and screening titles and abstracts, 95
full-text papers were evaluated. 73 studies met the
inclusion criteria and were incorporated into the final
analysis. The selection process is illustrated in Figure 5,
and the breakdown of publication sources is presented in
Error! Reference source not found..
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Table 5: Distribution of Selected Studies by Source and Type

Source Journal Articles | Conference Papers | Other (e.g., thesis, reports) | Total
Scopus 21 10 0 31
IEEE Xplore 14 12 0 26
Google Scholar | 6 5 5 16
Total 41 27 5 73
[ Databases search ] [ Identification of new studies via databases and registers ]
 —
Records removed before
c screening:
2 Record included through Records identified fron*: Duplicate records removed (n
5 Databases searching (n Scopus (n=55) o =5)
£ =132) IEEE (n = 48) v Records marked as ineligible
s Google Scholar (n =31) by automation tools (n =8)
- Records removed for other
reasons (I"I = 7)
S’
S
Records screened .| Records excluded
(n=112) "l in=10)
A J
= Reports sought for retrieval Reports not retrieved
= {n=102) (n=8)
:
S h A
Reports assessed for eligibility
(n=94)
Reports excluded:
(n=24)
| —
 —
New studies included in review
(n=3)
3l
b=
=
[
=
Total studies included in review
" in=73)
Figure 5: Literature search and selection process
Relevant studies were selected based on predefined journals), IEEE Xplore (for technical research in NLP and
inclusion and exclusion criteria. The databases used Al), Google Scholar (for gray literature and conference
included: Scopus (for multidisciplinary peer-reviewed proceedings)
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Table 6: Inclusion and Exclusion Criteria

Criteria Inclusion Exclusion
Language Studies in English and other major research languages | Studies in non-accessible languages
Publication Date | 2015 - Present Studies before 2015 unless foundational
Study Type Peer-reviewed journal and conference papers Unverified preprints, blog posts
Relevance Studies focused on contextual NLP for chatbots Irrelevant chatbot research
2.3 Data Extraction and Categorization i.  Transformer-Based Architectures (e.g., BERT,
) GPT)
Each selected study was categorized based on ii. Memory-Augmented Networks (e.g., LSTM with
methodology, chatbot architecture, evaluation metrics, and memory components)
target language. The following key themes were identified: iii.  Hybrid Approaches (combining rule-based and

Al-driven methods)

-
Collected Studies
WV
4
Transformer-Based
Models
/
R

Memory-Augmented
Networks

Hybrid Approaches

Figure 6: Categorization of Selected Studies

2.4 Evaluation Metrics

To compare chatbot models, various evaluation metrics were considered, such as accuracy, coherence, fluency, and user
satisfaction.

Table 7: Evaluation Metrics for Chatbot Performance

Metric Description Example Usage
Accuracy Measures how correct responses | BLEU Score for translation
are chatbots
Coherence Assesses logical consistency Response Context Retention
Fluency Evaluates language naturalness Perplexity Score
User Satisfaction | Measures human interaction | Survey Ratings
experience
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2.5 Case Study Example: Igbo Chatbot Implementation

A case study was conducted on an Igho chatbot trained using a Transformer-based model with transfer learning. The
chatbot was evaluated using real user interactions and compared against traditional rule-based models.

Table 8: Performance Comparison of Igho Chatbots

Model Type Accuracy | Coherence | Computational Cost
Rule-Based 40% Low Low

LSTM-Based 55% Medium Medium
Transformer (No Transfer Learning) 45% High High

Transformer (With Transfer Learning) | 78% High High

80 W Accuracy (%)

Emm Coherence (1=Low, 2=Medium, 3=High)
[ M Computational Cost (1=Low, 2=Medium, 3=High)

70
60

50F

Metrics

30F

201

10

)
?-u\e"aase

Model Type

Figure 7: Performance Comparison of Igho Chatbots

The bar chart in Figure 7 compares the performance of
four Igbo chatbot models based on accuracy, coherence,
and computational cost. Accuracy measures how well the
chatbot understands and responds correctly, with the
Transformer model using transfer learning performing best
at 78%, while the Rule-Based model has the lowest
accuracy at 40%. Coherence represents response fluency
and relevance, where the Rule-Based chatbot scores the
lowest, while Transformer models perform the best.
Computational cost indicates resource demand, with the
Rule-Based model being the least demanding and
Transformer models requiring more resources. Overall, the
Transformer with Transfer Learning is the best-performing
model, balancing high accuracy and coherence despite its
high computational cost.

2.6 Ethical Considerations

Ethical concerns such as bias, misinformation, and

data privacy were considered during the study. Bias
mitigation strategies, such as diverse dataset collection and
fairness-aware training techniques, were implemented as
shown in Error! Reference source not found..
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Table 9: Ethical Considerations and Mitigation Strategies

Concern Impact Mitigation Strategy
Bias in Training Data Unfair or incorrect responses Use of diverse, representative datasets
Misinformation Spreading incorrect knowledge Fact-checking and external validation
Privacy Issues User data security risks Encryption and anonymization
techniques
3.0 RESULTS handling low-resource languages. Results show that
Transformer-based architectures outperform traditional
3.1 Overview of Findings rule-based and LSTM models in terms of accuracy and
coherence. However, computational costs remain a
The study analyzed various contextual attention- challenge as depicted in Error! Reference source not
based chatbot models, evaluating their effectiveness in found..

Table 10: Summary of Chatbot Model Performance

Model Accuracy | Coherence | Response Time | Computational Cost
Rule-Based 40% Low Fast Low

LSTM-Based 55% Medium Medium Medium
Transformer (No Transfer Learning) 45% High Slow High

Transformer (With Transfer Learning) | 78% High Medium High

3.2 Performance Comparison

A performance comparison was conducted across different chatbot models, using evaluation metrics such as BLEU
score, perplexity, and human evaluation surveys as displayed in Figure 8.

80| pum Accuracy (%)
Em Coherence (1-5)
70 | = Computational Efficiency (1-5, lower is better)

Performance Metrics

Rule-Based LSTM-Based Transformer (No TL) Transformer (With TL)
Chatbot Models

Figure 8: Performance Comparison of Chatbot Models

© 2024 SSR Journal of Engineering and Technology (SSRJET) Published by SSR Publisher



https://ssrpublisher.com/ssrjet/
https://ssrpublisher.com/

The bar chart compares the performance of four chatbot
models based on accuracy, coherence, and computational
efficiency. Accuracy represents how often the chatbot
provides correct responses, with the transformer model
using transfer learning achieving the highest accuracy at
78%, while the rule-based model has the lowest at 40%.
Coherence, which measures how natural and contextually
appropriate responses are, improves as models become
more advanced, with the transformer-based approaches
scoring the highest. Computational efficiency, where a
lower score indicates better efficiency, shows that rule-
based models require the least resources, while

transformer models demand the most. Overall, the
transformer model with transfer learning outperforms the
others in accuracy and coherence but at the cost of higher
computational resources.

3.3 User Interaction Analysis

User feedback was collected from 100
participants across various demographics to assess chatbot
usability and performance.

Table 11: User Satisfaction Ratings

Criterion Rule-Based | LSTM- Transformer (No Transfer Learning) | Transformer (With
Based Transfer Learning)

Ease of Use 3.2/5 3.8/5 4.0/5 4.5/5

Response 2.9/5 3.6/5 4.2/5 4.7/5

Relevance

Engagement 2.5/5 3.4/5 4.0/5 4.6/5

Overall Satisfaction | 3.0/5 3.7/5 4.1/5 4.8/5

Transformer (With Transfer Learning)
Rule-Based

23.8%

LSTM-Based

26.7%

Transformer (No Transfer Learning)

Figure 9: User Satisfaction Ratings Distribution

The pie chart illustrates the distribution of user satisfaction
ratings across different Igho chatbot models. It is based on
the average scores for ease of use, response relevance,
engagement, and overall satisfaction. The Transformer
model with transfer learning has the highest user
satisfaction, indicating better usability and response
quality, while the Rule-Based model has the lowest
satisfaction. The LSTM-Based and Transformer models
without transfer learning show moderate performance.

3.4 Case Study: Igbo Chatbot Implementation

A case study was conducted on the deployment of
a Transformer-based chatbot designed for the Igbo
language. The chatbot was tested for its ability to handle
conversational context, maintain coherence, and assist
users in various domains such as education and customer
service.
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Table 12: Case Study - Igbo Chatbot Performance

Evaluation Metric | Score
Accuracy 78%
Context Retention | High
User Engagement | 85%
Error Rate 12%
3.5 Error Analysis and Challenges Bias in Training Data: Some chatbot responses reflected
biases present in training datasets, requiring mitigation
Despite  improvements, several challenges strategies. Misinformation Handling: The chatbot

remain: High Computational Cost: Transformer models
require extensive resources, limiting their feasibility for
large-scale deployment in low-resource environments.

80

70

Rule-Based
—=— LSTM-Based
—i— Transformer (No Transfer Learning)

60 [ —— Transformer (With Transfer Learning)

Accuracy (%)

50

40

sometimes provided incorrect or misleading responses due
to limited domain knowledge.

V3

V5

Model Iterations

Figure 10: Performance Trends of Different Chatbot Models

The line graph illustrates the accuracy trends of different
chatbot models across five iterations (V1 to V5). Rule-
Based Model Shows minimal improvement, starting at
40% and gradually reaching 45%. These models rely on
fixed rules, limiting their adaptability. LSTM-Based
Model Demonstrates steady improvement from 55% to
65%, benefiting from sequential learning but still
constrained by data requirements. Transformer (No
Transfer Learning) Starts at 45% and improves to 65%.
Despite using advanced architectures, its performance is
limited without external knowledge. Transformer (With
Transfer Learning) Achieves the highest accuracy,

beginning at 78% and increasing to 86%. Transfer learning
helps adapt knowledge from high-resource languages,
significantly boosting performance. Overall, Transformer-
based models, especially with transfer learning, show the
most promising growth, emphasizing their effectiveness
for low-resource language chatbots.

3.6 Recent Advancements in Contextual
Attention-Based Chatbots
The development of chatbots has significantly

improved with the introduction of Transformer-based
models, such as BERT["], GPT-3["], and T5 []. These
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models utilize self-attention mechanisms to enhance
context retention and response coherence in low-resource
languages["']. In addition, multilingual models such as
mBERT and XLM-R have demonstrated improved
performance for underrepresented languages by leveraging
shared representations across multiple languages["].

A key advancement is the use of fine-tuned models that
adapt  pre-trained  architectures to  low-resource
languages["i]. For instance, studies have shown that fine-
tuning mBERT on Igho and Yoruba datasets significantly
improves chatbot performance compared to training from

scratch['™]. Additionally, few-shot and zero-shot learning
techniques enable chatbots to generate responses in
languages with minimal training data, expanding their
applicability.

Another major advancement is memory-augmented
neural networks that enhance contextual awareness in
conversations. By incorporating memory modules, these
models improve the retention of long-term dependencies,
allowing chatbots to provide coherent and contextually
relevant responses in multi-turn dialogues[™].

Table 13: Comparison of Transformer-Based Models

Model | Strengths Limitations

Application

BERT Strong bidirectional context | Requires large datasets

understanding

Search Engines, QA Systems

GPT-3 | High fluency and human-like | Computationally expensive

text generation

Conversational Al, Chatbots

T5 Flexible text-to-text processing | Needs extensive fine-tuning

Summarization, Translation

mBERT | Multilingual
understanding

contextual | Lower

performance on | Low-resource NLP tasks
underrepresented languages

XLM-R | Cross-lingual robustness

Requires fine-tuning for best results | Machine translation, NLP applications

oA

Chart Area |
- 14)

88

86

84
82
80
78
76
74
72

BERT GPT-3 TS mBERT XLM-R

M Accuracy (%) ™ Fluency (%)

Figure 11: Performance Comparison of Transformer Models

This graph highlights that GPT-3 has the highest fluency and XLM-R perform well for multilingual tasks, while
and accuracy, making it the most effective for chatbot BERT and T5 maintain a balance between accuracy and
responses in low-resource languages. However, mMBERT fluency.
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Figure 12: Overview of Transformer-Based Chatbot Pipeline

The impact of these advancements can be seen above,
where fine-tuned models outperform general pre-trained
models in low-resource settings. Future research should
focus on optimizing these models for real-time
performance, reducing computational costs, and
improving adaptability to highly morphologically rich
languages.

3.7 Ethical Considerations and Bias Mitigation

The integration of artificial intelligence into chatbot
systems for low-resource languages raises critical ethical

concerns, including biases, misinformation, and data
privacy issues[]. Addressing these concerns is essential
for developing fair, unbiased, and trustworthy Al-driven
conversational agents. Bias in NLP models occurs due to
imbalanced training data, which often over represents
dominant languages and underrepresents minority
languages[™]. Consequently, chathots trained on biased
datasets may generate responses that reinforce stereotypes
or exclude certain linguistic communities.

Table 14: Sources of Bias in NLP Models

Bias Source Impact Example

Dataset Leads to inaccurate responses for underrepresented | Chatbot misinterpreting Ilgbo grammar
Imbalance languages

Gender Bias Reinforces stereotypes in conversation Al assuming male dominance in leadership

roles

Cultural Bias

Misrepresentation of traditions and customs

Ignoring linguistic nuances in Swahili

To mitigate bias, researchers have developed methods
such as dataset diversification, adversarial training, and
fairness-aware machine learning algorithms. A promising
approach is multilingual fine-tuning, where chatbots are
trained on balanced datasets containing multiple low-
resource languages, reducing skewed model behavior.

Chatbots designed for information dissemination, such as
educational or health-related bots, must prioritize accuracy
and credibility. However, due to the dynamic nature of
online information sources, Al-generated responses can
sometimes propagate misinformation[™].

Table 15: Methods for Mitigating Misinformation in Chatbots

Method Description Example Application

Fact-Checking Verifies chatbot responses with reputable sources | Chatbot cross-checking health advice with WHO
APIs database

Human-in-the- Involves human moderators for verifying chatbot | Customer service chatbot for legal consultations
Loop interactions

Confidence Assigns reliability scores to generated responses Al-based news verification tools

Scoring

© 2024 SSR Journal of Engineering and Technology (SSRJET) Published by SSR Publisher



https://ssrpublisher.com/ssrjet/
https://ssrpublisher.com/

(HECK>

Fact-

Verified

Checking Response

API Call

Figure 13: Fact-Checking Process in Al Chatbots

Privacy is a major ethical concern in chatbot development,
particularly when handling sensitive user data. Many

improvement, but this poses risks if adequate security
measures are not in place[*V].

chatbots collect conversational data for model
Table 16: Privacy Risks and Mitigation Strategies
Privacy Risk Potential Harm Recommended Solution
Data Leaks Exposure of user-sensitive data End-to-end encryption

Unauthorized Access

Exploitation of stored chatbot interactions

Strict access controls

Data Retention Policies

Misuse of historical chatbot conversations

Data minimization strategies

To ensure ethical Al development, chatbot frameworks
should comply with global privacy regulations such as
GDPR (General Data Protection Regulation) and
CCPA (California Consumer Privacy Act). Developers
should also integrate privacy-preserving techniques such
as federated learning, which allows Al models to learn
from decentralized datasets without transferring raw user
data[™]. While significant advancements have been made
in reducing bias, misinformation, and privacy risks, further
research is needed to refine ethical Al models. Key areas
for future exploration include: Explainable Al (XAl):
Enhancing transparency in chatbot decision-making
processes. Fairness-Aware NLP Models: Developing
models that adjust for cultural and gender-based

disparities. Robust Privacy Frameworks: Implementing
differential privacy techniques for data security.

One of the key challenges in developing chatbots for low-
resource languages is the scarcity of high-quality training
data. To address this, researchers have explored various
strategies that improve chatbot performance while
minimizing the dependency on large annotated datasets.
Transfer learning has emerged as a powerful technique to
improve chatbot performance in low-resource languages
by leveraging knowledge from high-resource languages.
Studies by Aliyu et al. (2024) have demonstrated that
multilingual models like mBERT and XLM-R can be
fine-tuned to adapt to low-resource languages,
significantly  improving accuracy and response
relevance[™].

Table 17: Performance Comparison of Transfer Learning Techniques

Model | Pretrained Language | Fine-Tuned Language | Accuracy Improvement (%)
mBERT | English Swahili +22.4%
XLM-R | Multilingual Yoruba +18.7%
GPT-3 | English Igho +15.3%

Data augmentation enhances chatbot training datasets by
generating synthetic text variations. Techniques such as
back-translation, paraphrasing, and word embeddings
have been widely used in NLP research[*].

Engaging native speakers in data annotation and chatbot

training can enhance chatbot accuracy in low-resource
languages. The Masakhane NLP Project has shown
success in community-driven dataset creation, where
native speakers contribute parallel translations and
linguistic annotations for African languages[™].
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Table 18: Impact of Community-Based Dataset Collection

Language | Dataset Expansion (in words) | Improvement in Chatbot Accuracy
Hausa +50,000 +12.8%

Zulu +75,000 +15.5%

Malagasy | +40,000 +9.3%

3.8 Hybrid Al Models

Combining rule-based approaches with deep
learning models can enhance chatbot performance,

Rule-
Based
Processing

Chatbot
Response

especially when training data is limited[**]. Hybrid
models integrate linguistic rules and knowledge graphs
with machine learning techniques, enabling chatbots to
generate more contextually aware responses[*].

Learning
Model

Figure 14: Hybrid Al Chatbot Framework

3.9 Ethical Al and Bias Reduction Strategies

Ensuring chatbot fairness is critical when dealing
with low-resource languages. Bias mitigation strategies
such as fairness-aware training, balanced dataset

curation, and bias-detection frameworks have been
proposed by researchers[™]. These strategies prevent
chatbots from producing biased, culturally inappropriate,
or incorrect responses.
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Multilingual Fine-Tuning

Dataset Diversification

Fairness-Aware ML

Adversarial Training

Figure 15: Effectiveness of Bias Mitigation Strategies

The pie chart visualizes the effectiveness of various bias
mitigation strategies in improving chatbot fairness. Dataset
diversification has the highest impact, accounting for the
largest portion, as it ensures a more balanced and
representative training set. Adversarial training and
multilingual fine-tuning contribute equally, helping
models adapt to different linguistic and cultural contexts
while reducing bias. Fairness-aware machine learning
techniques also play a significant role by adjusting
algorithms to produce more equitable responses. Together,
these strategies enhance the inclusivity and reliability of
chatbot interactions[*]. Mitigating data scarcity and
improving chatbot performance in low-resource languages
requires a multi-faceted approach, including transfer
learning, data augmentation, community-driven
datasets, and hybrid Al models[*]. Implementing these
techniques will bridge the digital divide and enhance the
accessibility of conversational Al in underrepresented
linguistic communities.

4.0 SUMMARY OF MAJOR FINDINGS

The study revealed that Transformer-based
models such as BERT, GPT, and T5 significantly improve
chatbot performance in low-resource languages by
utilizing self-attention mechanisms and contextual
embeddings. Transfer learning and multilingual models
like mBERT and XLM-R have shown effectiveness in
adapting high-resource NLP models to underrepresented
languages, leading to improvements in accuracy and
fluency. Hybrid approaches that combine rule-based and
Al-driven models provide better adaptability in resource-
constrained environments.

Despite these advancements, chatbot development for low-
resource languages faces numerous challenges, including
data  scarcity, morphological complexity, and
computational constraints. Many languages lack annotated
datasets, making it difficult to train robust NLP models.
Linguistic diversity, including tonal variations and code-
switching, poses additional obstacles for chatbot accuracy
and user satisfaction. High computational costs further

restrict accessibility to advanced Al models, while ethical
concerns such as bias and misinformation require urgent
attention to ensure responsible Al deployment.

Several strategies have been identified to mitigate data
scarcity and improve chatbot performance. Transfer
learning enables pre-trained models to be fine-tuned for
low-resource languages, resulting in an accuracy
improvement of up to 22.4%. Data augmentation
techniques, including back-translation and paraphrasing,
enhance dataset quality and contribute to a 15.3% increase
in chatbot performance. Community-based data collection,
where native speakers contribute linguistic annotations,
has expanded datasets by thousands of words and
improved chatbot accuracy by an average of 12.8%. The
integration of hybrid Al models, which combine rule-
based methods with deep learning, has also proven
effective in addressing data limitations.

The study emphasizes the importance of addressing ethical
concerns in chatbot deployment. Bias in chatbot responses
often stems from dataset imbalances, requiring fairness-
aware training and balanced dataset curation. Fact-
checking mechanisms, including confidence scoring and
human moderation, have been implemented to prevent the
spread of misinformation. Privacy safeguards, such as
encryption and secure data storage, are essential to
protecting user information and ensuring compliance with
regulations like GDPR and CCPA.

5.0 CONCLUSION

The research underscores the transformative
impact of contextual attention-based chatbots on low-
resource languages. By integrating advanced deep learning
techniques such as Transformer architectures and transfer
learning, chatbot performance has significantly improved,
particularly in areas with limited linguistic data. However,
substantial obstacles remain, including data scarcity, high
computational costs, and ethical concerns such as
misinformation and bias. To overcome these challenges,
the study identifies effective strategies such as data
augmentation, hybrid Al approaches, and community-
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driven data collection. These methods contribute to
improving chatbot accuracy and ensuring inclusivity in Al-
powered conversations. Furthermore, ethical Al
frameworks must be developed to address biases and
ensure fair and responsible chatbot interactions.

Future research must prioritize real-time model

optimization, ethical Al deployment, and the integration of
multimodal NLP to enhance chatbot functionality further.
By focusing on these aspects, Al researchers and
developers can work towards creating robust, fair, and
intelligent chatbot systems that cater to the needs of low-
resource language speakers worldwide.

Table 19: Key Challenges and Proposed Solutions in Chatbot Development

Challenge Proposed Solution

Expected Outcome

Data Scarcity

Transfer learning, data augmentation

Improved chatbot accuracy

Ethical Concerns

Bias mitigation strategies, fairness-aware Al | More inclusive Al systems

High Computational Cost | Lightweight Al models, cloud-based training | Increased accessibility

current

transformer-
based

transfer hybrid AT multimodal
learning approaches integration

' \ . ' ; . fully
. real-time lightweight "
ethical Al optimization Al models atggt";:tfl

Figure 16: Al Research Roadmap for Low-Resource Language Chatbots

5.1 Suggestions for Future Research
Directions

Future research on contextual attention-based
chatbots should prioritize the exploration of new Al-driven
methodologies to improve efficiency, inclusivity, and
ethical compliance. Advancements in few-shot learning
and zero-shot learning will significantly reduce chatbot
dependency on large training datasets, making it possible
to develop effective models with minimal labeled data.
The integration of multimodal NLP, which combines text,
speech, and visual data, can further enhance chatbot
interaction by offering a more immersive and intuitive user
experience.

Explainable Al (XAl) should be a focal point in future
research to improve transparency in chatbot decision-

making. Users and developers should be able to interpret
how Al models generate responses, ensuring greater
accountability and trust in conversational Al systems.
Additionally, optimizing computational efficiency remains
a challenge, and future studies should explore ways to
develop lightweight Al models that can operate on limited
hardware resources, making chatbots more accessible in
low-resource environments.

The ethical implications of chatbot development must also
be thoroughly examined. Future studies should investigate
methods for detecting and mitigating Al bias, ensuring fair
treatment of underrepresented languages and cultural
contexts. Privacy concerns should also be addressed
through the implementation of privacy-preserving Al
techniques such as differential privacy and federated
learning.

Table 20: Key Future Research Priorities

Research Area Objective Expected Impact

Few-Shot Learning Reduce reliance on large datasets Enhanced adaptability of chatbots

Multimodal NLP Integrate speech and text processing More natural human-Al interaction

Explainable Al Improve transparency in Al decision- | Increased trust in chatbot responses

making

Lightweight Al Models Optimize computational efficiency More accessible Al in low-resource settings

Ethical Al Development | Address bias and privacy concerns Fair and responsible Al deployment
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Figure 17: Future Trends in Al Chatbot Development

The flowchart illustrating Al chatbot advancements
represents the evolution of chatbot capabilities over time.
It begins with the current state of Al chatbots, where
Transformer-based architectures such as BERT and GPT
provide improved contextual understanding and response
generation. At this stage, transfer learning plays a crucial
role in adapting high-resource models to low-resource
languages, while hybrid approaches combining rule-based
systems and Al-driven models enhance chatbot
adaptability.

As advancements progress, chatbots move towards
multimodal Al integration, enabling interactions through
text, speech, and vision. This phase also focuses on
explainable Al (XAl), ensuring transparency in chatbot
decision-making processes. Ethical Al frameworks are
refined to mitigate biases, and low-resource Al
optimization strategies are developed to create lightweight
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