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Abstract

Maternal health continues to be a critical concern in Ethiopia, where language barriers and
limited access to healthcare information contribute to high rates of preventable pregnancy
complications. Motivated by the need to improve maternal outcomes through accessible and
culturally appropriate solutions, this study introduces an Amharic-based pregnancy chatbot. The
chatbot is designed to provide expecting mothers with personalized, trustworthy, and timely

maternal health guidance throughout their pregnancy journey.

Using natural language processing (NLP), the chatbot interacts with users in Amharic,
addressing common concerns and delivering information on prenatal care, nutrition, warning
signs, emotional well-being, childbirth, and postpartum care. The methodology involves
integrating the chatbot with local health resources and deploying it via mobile platforms to

ensure 24/7 conversational support.

The developed chatbot achieved approximately 100% training accuracy and 75% test accuracy
in intent classification using an ensemble model averaging approach. Beyond technical
validation, this study establishes a comprehensive theoretical framework grounded in the
Technology Acceptance Model (TAM) and Nielsen's Usability Heuristics to evaluate usability,
acceptance, and user satisfaction. This framework addresses the critical gap between technical
functionality and real-world adoption, providing a methodological foundation for future

empirical validation with target users in Ethiopia's maternal healthcare context.

Keywords: -Maternal-health, Pregnancy, Chatbot, Prenatal and postpartum care, Mobile health
(mHealth),
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CHAPTER ONE

INTRODUCTION

1.1. Background of the Study

Maternal health refers to the wellbeing of women during pregnancy, childbirth, and the
postpartum period, encompassing access to safe medical care, proper nutrition, and continuous
health information to prevent complications. Globally, improving maternal health remains a
central public health priority, particularly in low and middle-income countries where preventable
maternal deaths remain high. In Ethiopia, maternal health continues to be one of the most urgent
public health concerns. Although progress has been made reducing maternal mortality to 401
deaths per 100,000 live births in 2017 G.C, according to the Ethiopian Ministry of Health
thousands of women still experience preventable complications due to structural, socioeconomic,

and informational barriers

Despite national efforts to strengthen maternal health services, many Ethiopian women,
especially those in rural and underserved regions, continue to face substantial limitations in
accessing timely and reliable maternal healthcare. Barriers include limited availability of skilled
birth attendants, long distances to health facilities, transportation constraints, financial
challenges, cultural norms that discourage health-seeking behavior, and poor integration of
community-based health information systems. Moreover, gaps in communication between
healthcare workers and expectant mothers often result in low awareness of danger signs,

inadequate prenatal and postpartum follow-up, and insufficient preparation for childbirth.

A major challenge documented in recent studies is the limited access to accurate and
comprehensible maternal health information. Research indicates that inadequate maternal health
literacy significantly contributes to delayed care-seeking, reduced antenatal care attendance, and
poor pregnancy outcomes (WHO, 2023; Adane et al., 2022). Many women, particularly those
with low literacy levels or minimal formal education, rely on informal sources such as family
members, traditional birth attendants, or social networks, which may not always provide
evidence-based information. In multilingual countries such as Ethiopia where more than 80
languages are spoken language barriers further restrict access to prenatal counseling, health

education materials, and digital health resources.
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Although Ethiopia has made strides in digital transformation, including mobile health (M-
Health) initiatives, the availability of localized, culturally sensitive digital maternal health tools
remains limited. Most existing digital tools and global pregnancy applications are designed in
dominant languages such as English and lack adaptability to local cultural norms or linguistic
diversity. Studies show that language mismatch and culturally irrelevant interfaces drastically
reduce usability, trust, perceived relevance, and adoption of digital health tools in low-resource
settings (Bhaskar et al., 2024; Alvarez et al., 2021). As a result, pregnant women whose primary
language is not English or who have limited digital literacy remain excluded from the benefits of

emerging digital maternal health innovations.

International research has demonstrated the potential of conversational agents particularly
chatbots powered by Natural Language Processing (NLP) to enhance health literacy, encourage
appointment adherence, promote behavior change, and support self-care during pregnancy
(Fadhil & Wang, 2018; Laranjo et al., 2020). These systems can deliver personalized guidance,
provide reminders for antenatal care (ANC) visits, and help women identify early warning signs,
offering an affordable and scalable supplement to traditional maternal health services. However,
the majority of these systems are developed for high-income settings and do not reflect the

realities of women in Ethiopia or similar low-resource contexts.

The absence of maternal health chatbots that operate in Amharic or other Ethiopian languages
represents a clear and critical gap. While global research on Health tools is expanding, there is
limited scholarly work on culturally adapted NLP systems for maternal health in East Africa.
Additionally, there is little empirical evidence on how localized conversational agents could
support maternal health decision-making, enhance health-seeking behavior, or reduce
information barriers among Ethiopian women. Addressing this gap is essential for advancing

equitable digital health innovation.

To respond to this need, the present study adopts the Design Science Research Methodology
(DSRM) to design, develop, and evaluate an Amharic-language, text-based pregnancy advisory
chatbot. The system aims to serve as a digital maternal health companion that provides reliable,
culturally appropriate, and linguistically accessible information throughout pregnancy. By
bridging communication barriers and improving access to evidence-based guidance, this research

seeks to support Ethiopia’s maternal health priorities, enhance digital health equity, and
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contribute to the growing body of knowledge on localized Al-driven health interventions in low-

resource settings.

While conversational Al systems have been successfully deployed in healthcare settings
worldwide including symptom checkers, mental health supporters, and pregnancy advisors their
application in low-resource linguistic environments remains underexplored. Existing research on
maternal health Chatbot has primarily focused on high-income, English-speaking contexts, with

limited attention to:

e The development of NLP models for morphologically rich and low-resource languages

like Amharic.

e The design of culturally sensitive conversational agents for maternal health in Sub-

Saharan Africa.

e Empirical validation of Chatbot usability and acceptance among low-literacy populations

in resource-constrained settings.

This study identifies a clear and urgent gap: the absence of an interactive, Al-powered, Amharic
language Chatbot capable of providing reliable, culturally relevant and accessible maternal

health consultation to Ethiopian women throughout pregnancy and the postpartum period.

1.2. Motivation

Ethiopia continues to face a critical maternal health challenge. Despite a reduction in the
maternal mortality ratio (MMR) from 871 to 401 per 100,000 live births between 2000 and 2017,
an estimated 12,000 women still die annually from preventable causes, with 85% of deaths due
to direct obstetric complications such as hemorrhage (Ministry of Health, Ethiopia). This
persistent mortality is rooted in systemic barriers to care, particularly in rural areas where access
to skilled professionals and timely information remains limited. A 2023 study in Southern
Ethiopia, for instance, found that only 46.5% of births were attended by skilled personnel and
just 33.4% of women received postnatal care, figures that starkly illustrate the service gap

(Gurara et al., 2023).
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These systemic challenges are compounded by a significant linguistic and digital exclusion.
Amharic, spoken as a first language by over 30 million Ethiopians and serving as the federal
working language (FDRE Constitution, 1995; Ethiopian Statistical Service, 2007), is critically
underrepresented in digital health platforms. The predominance of health information tools in
global languages like English marginalizes monolingual Amharic speakers, creating a profound
information barrier (Bhaskar et al., 2024). Consequently, pregnant women are often unable to

access comprehensible guidance on antenatal care, nutrition, or danger signs.

Simultaneously, the rapid rise of mobile phone adoption presents a pivotal opportunity to bridge
this gap. This study is therefore motivated by the urgent need to leverage accessible technology

to address this inequity. The core motivations are to:
e Bridge the language and accessibility gap in maternal health information services.

e Provide personalized, on-demand support using the mobile technology already in the

hands of a growing population.

e Explore a low-cost, scalable model to reduce informational inequality and support better

health-seeking behaviors.

By adopting the Design Science Research Methodology (DSRM), this research aims to
develop Haben, a functional Amharic-language chatbot tailored to the local context. This project
seeks not only to provide vital pregnancy guidance but also to demonstrate a practical framework
for humanizing and localizing Al for tangible public health impact in resource-constrained
settings. While digital solutions for maternal health have proliferated globally, their applicability

in the Ethiopian context is severely limited. A systematic analysis reveals three interconnected

gaps

1.3. Research Gap
While digital solutions for maternal health have proliferated globally, their applicability in the

Ethiopian context is severely limited. A systematic analysis reveals three interconnected gaps:

1. Linguistic-Cultural Gap: Existing maternal health chatbots (e.g., Babylon Health, Flo)

operate primarily in English and European languages, with cultural contexts irrelevant to

4|Page



Ethiopian women (Bhaskar et al., 2024). The few Ambharic digital resources are static

websites or PDFs, lacking interactive, conversational capabilities.

2. Technical NLP Gap: Although foundational NLP work exists for Amharic (e.g., BERT
models, tokenizers), there is minimal research applying these to specialized healthcare
domains requiring high accuracy and domain-specific terminology (Abate et al., 2020).
The challenge of intent classification for clinical dialogue in low-resource languages

remains underexplored.

3. Evaluation Gap: Most studies on health chatbots in low-resource settings focus on
technical metrics alone, neglecting comprehensive evaluation of usability, acceptance,
and trust critical factors for actual adoption among low-literacy populations (Diederich et

al., 2020).

1.4. Problem Statement

The absence of a culturally-adapted, linguistically-accessible, and empirically-validated maternal
health chatbot for Amharic-speaking women in Ethiopia represents a significant barrier to
equitable digital health innovation. This gap perpetuates low maternal health literacy, delays

critical care-seeking behaviors, and contributes to preventable maternal morbidity and mortality.

1.5. Research Objectives
1.5.1. General Objective:

To design, develop, and theoretically validate an Ambharic-language pregnancy advisory chatbot

system using supervised machine learning approaches.

1.5.2. Specific Objectives:
To identify key maternal health information domains and communication patterns relevant to

Ethiopian pregnant women.

1. To design and implement an Amharic NLP pipeline including text normalization,

tokenization, and feature extraction tailored for maternal health terminology.

2. To develop and compare machine learning models for intent classification, with emphasis

on ensemble methods for prediction stability.
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3. To implement a functional chatbot prototype with a graphical user interface for user

interaction.

4. To propose and apply a comprehensive validation framework integrating technical

metrics with theoretical models of technology acceptance (TAM) and usability heuristics.

5. To critically evaluate the system's potential for real-world deployment and identify

requirements for future implementation.

1.5. Significance and Contributions of the Study

The development of Haben, an Ambharic-language maternal health chatbot, represents a
meaningful convergence of technological innovation, linguistic adaptation, and public health
intervention. This study is significant for several reasons and offers distinct contributions across

interconnected domains.

From a public health standpoint, the study addresses a persistent gap in maternal health
information access in Ethiopia. By offering culturally relevant, 24/7 guidance in Ambharic, the
chatbot equips women especially those in remote or underserved areas with timely and
trustworthy information on prenatal care, nutrition, danger signs, and postpartum health. In doing
so, it promotes improved maternal health literacy, encourages safer health-seeking behaviors,

and supports national efforts to reduce preventable pregnancy-related complications.

Within the field of computational linguistics and artificial intelligence, the study advances
Natural Language Processing (NLP) research for low-resource languages. Amharic presents
unique challenges due to its complex morphology and limited annotated datasets. Through the
development of customized preprocessing methods, a domain-specific maternal health intent
dataset, and an ensemble learning-based classification model, the research delivers a complete,
practical workflow for building a chatbot in a linguistically complex context. These methods can

be adapted to similar African and under-resourced languages.

The study also makes an important methodological contribution by incorporating both the
Technology Acceptance Model (TAM) and Nielsen's Usability Heuristics into its evaluation
strategy. This dual-framework approach moves beyond technical accuracy and emphasizes user-

centered dimensions such as usability, perceived usefulness, trust, and satisfaction. It provides a
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comprehensive template for future evaluations of Al-driven health interventions in resource-

constrained settings.

From an ethical and design perspective, the research emphasizes the importance of culturally
sensitive Al development. By grounding the chatbot in Ethiopian clinical guidelines and
designing interaction flows that reflect local communication norms, the study demonstrates how
culturally aligned conversational agents can enhance user trust, relevance, and long-term

adoption.
Generally, this research contributes to four major domains:

1. Public Health Contribution: Development of Haben, a functional Amharic maternal
health chatbot that improves access to reliable and culturally relevant information,

supporting women’s empowerment and Ethiopia’s maternal health priorities.

2. Computational Linguistics Contribution: Advancement of NLP for low-resource
languages through tailored preprocessing techniques, a specialized maternal health intent

dataset, and an ensemble-based classification model.

3. Methodological Contribution: Introduction of an integrated evaluation framework
combining TAM and usability heuristics, enabling a holistic assessment of both technical

performance and user acceptance.

4. Design Contribution: Demonstration of culturally sensitive Al design practices, offering

a replicable model for adapting conversational agents to specific sociolinguistic contexts.

1.7. Research Questions
The investigation was guided by seven research questions that collectively address the design,

implementation, evaluation, and implications of the Amharic maternal health chatbot:

1. What are the specific maternal health information needs of Amharic-speaking pregnant

women in Ethiopia?

2. How can a text-based Chatbot be designed to effectively deliver culturally and

linguistically appropriate pregnancy advice in the Amharic language?
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3. What natural language processing (NLP) techniques are most suitable for understanding

and generating Ambharic text within the context of maternal healthcare communication?

4. To what extent can the developed Chatbot improve user access to timely and reliable

prenatal health information?

5. What is the level of usability, acceptance, and satisfaction of the Amharic chatbot among

target users (pregnant women and healthcare professionals)?

6. How effective is the Chatbot in accurately interpreting user queries and providing

contextually relevant and medically accurate responses?

7. What are the challenges and limitations in developing and deploying an Al-based

advisory system in under-resourced languages like Amharic?

Together, these questions provided a comprehensive framework for examining the chatbot's
development from multiple angles technical, cultural, practical, and evaluative ensuring a holistic

understanding of its potential and its limitations as a digital health intervention.

1.8. Scope and Limitations of the Study
1.8.1. Scope

This thesis focuses on the development of Haben, a text-based conversational agent designed to
offer pregnancy support in Amharic. The scope is deliberately bounded to address the lack of
linguistically and culturally accessible digital health tools for pregnant women in Ethiopia,

particularly in remote or underserved communities.

The linguistic focus is exclusively on Ambharic, allowing for deep engagement with its
grammatical and orthographic complexities. The intended users are Amharic-speaking pregnant
women, with special consideration for those facing the greatest barriers (e.g., rural residence,
limited formal education). The chatbot's knowledge base is curated around established maternal
health domains antenatal care schedules, nutrition, danger signs, and postpartum practices drawn

from reputable clinical guidelines and adapted into a dialogue format.

Technologically, the project involves constructing an NLP pipeline for Amharic, developing a

machine learning model for intent classification, and integrating these into a mobile-friendly

8|Page



interface. The evaluation employs a dual approach: a technical performance assessment and a

preliminary user study to gather initial feedback on usability and perceived value.

1.8.2. Limitations

This research was conducted within several practical constraints:

e Linguistic & Technical: Amharic's morphological richness and limited digital resources

constrained the NLP model's ability to understand all colloquialisms or dialects.

e Content Boundaries: The chatbot provides general information on common scenarios but

cannot diagnose, manage emergencies, or replace professional medical advice.

e Evaluation Context: User testing was preliminary and controlled; findings on acceptance

are indicative and require validation through broader, longitudinal real-world studies.

e Design Focus: The text-based, Amharic-only interface excludes non-literate women and

speakers of other Ethiopian languages, and requires smartphone and internet access.

e Inherent Automation Limits: The chatbot cannot fully replicate the empathy, contextual

judgment, and adaptive dialogue of a human healthcare provider.

1.9 Research Methodology and Design

This study adopts the Design Science Research Methodology (DSRM) to create and evaluate a
novel IT artifact the Haben chatbot while contributing new knowledge to the fields of applied
NLP and digital health. DSRM provides a structured framework for designing and iteratively

refining a solution to a recognized problem, ensuring the work is both rigorous and relevant.

Aligned with this paradigm, the research employs an experimental design aimed at building and
validating a predictive model for user intent classification within a conversational agent. The
methodology follows a defined sequential pipeline, common in applied machine learning and

natural language processing, encompassing the following key phases:

1. Literature Review and Problem Formulation: A comprehensive review establishes the

theoretical foundation, identifies the research gap, and defines the system requirements.
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2. Data Collection and Preparation: A specialized Ambharic-language dataset for maternal
health intents is created, followed by tailored text preprocessing to handle the language's

morphological complexity.

3. Artifact Design and Development: This core phase involves the architectural design of the
chatbot system and the implementation of machine learning models including ensemble

techniques for robust intent classification and response retrieval.

4. Evaluation and Validation: The developed system undergoes a dual evaluation: (a)
a technical performance assessment using standard metrics (e.g., accuracy, precision, recall)
to measure the model's predictive efficacy, and (b) a user-centered evaluation applying the
Technology Acceptance Model (TAM) and Nielsen’s Usability Heuristics to assess

perceived usefulness, ease of use, and overall satisfaction in a controlled setting.

This integrated approach allows the study to experimentally determine the efficacy of the
proposed solution, ensuring it is both functionally sound and grounded in user-centric design

principles.

1.10 Organization of the Research
To present this comprehensive study in a logical and coherent manner, the thesis is organized
into six distinct chapters, each building upon the last to form a complete narrative of the research

endeavor.

Chapter 1: Introduction establishes the foundation. It outlines the global and local context of
maternal health challenges in Ethiopia, articulates the specific problem this research addresses,

and clearly states the study's objectives, research questions, and significance.

Chapter 2: Literature Review provides the scholarly backdrop. It critically examines existing
work on conversational Al in healthcare, the state of NLP for low-resource languages like
Ambaric, and the landscape of digital maternal health interventions, ultimately identifying the

precise gap this thesis aims to fill.

Chapter 3: Methodology details the research roadmap. It explains the adoption of the Design
Science Research Methodology (DSRM), describes the processes for data collection and
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preparation, and outlines the technical approaches for text preprocessing, model selection, and

evaluation.

Chapter 4: System Design and Implementation transitions from plan to product. This chapter
presents the architectural blueprint of the Haben chatbot, walks through the key implementation
stages including the development of the ensemble learning model and explains the integration of

its various components.

Chapter 5: Experimental Results and Validation present and interprets the outcomes. It
reports the technical performance of the developed system, discusses the results of the user-
centered evaluation based on theoretical frameworks, and provides a critical analysis of the

findings.

Chapter 6: Conclusion and Future Work synthesize the journey. It summarizes the key
achievements and contributions of the research, candidly discusses its limitations, and proposes
concrete directions for future enhancement and study, thereby looking both backward at what

was accomplished and forward to what might come next.
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CHAPTER TWO

LITERATURE REVIEW

2.1. Introduction

This chapter presents a comprehensive review of literature relevant to the development of an
Ambharic pregnancy chatbot. It explores prior work on maternal health information systems,
chatbot technology in healthcare, natural language processing (NLP) in under-resourced
languages such as Amharic, and user interaction with conversational agents. The review aims to
identify existing gaps, inform system design, and justify the need for a culturally and

linguistically appropriate digital health assistant.

2.2. Maternal Health Information in Ethiopia

Maternal health remains a significant public health concern in Ethiopia, where access to timely
and accurate information can be limited, especially in rural areas (Gurara, M.K., Draulans, V.,
Van Geertruyden, JP. et al.). According to the World Health Organization (WHO), maternal
mortality rates have improved but remain high due to barriers such as illiteracy, poor healthcare
infrastructure, and cultural beliefs. Mobile health (mHealth) initiatives have been introduced to

bridge these gaps, but most of them are in English or offer limited interactivity.

Several studies (e.g., Gebremichael et al., 2021) have emphasized the importance of health
communication in local languages for change and improved outcomes. However, there is a

paucity of digital tools providing maternal guidance in Amharic, Ethiopia's working language.

2.3 Chatbots in Healthcare

According the IBM Chatbots are Al-driven conversational agents capable of interacting with
users via text or speech IBM. In healthcare, they are used for symptom checking, appointment
scheduling, mental health support, and patient education. They offer scalability, 24/7 availability,
and privacy important factors for expectant mothers who may feel hesitant to ask certain

questions in public or clinical settings.
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Notable healthcare chatbot systems include:
o Babylon Health — Al-powered triage and health advice in English.
e Florence — A health chatbot for reminders and symptom tracking.

e MomConnect (South Africa) — A text-based maternal health service using basic mobile
phones, though not interactive in the Al chatbot sense.

These systems highlight the potential of digital agents in maternal care but also expose a lack of

similar tools for non-English speaking, low-resource contexts.

Ask Babylon

QP Hi Alex. how can | help?

I'va got a really bad headache
and | den't know what to do...

e No problem, let me ask
you a few questions

Figure 1: user Conversation with Babylon Health

2.4. Chatbots and Local Language Support

Ambharic, a Semitic language spoken by over 25 million people, has historically been
underrepresented in natural language processing. Limited datasets, morphological complexity,
and the use of the Ge’ez script make chatbot development in Amharic challenging (Abate et al.,
2020.). While recent advancements such as Amharic BERT and multilingual transformers (e.g.,
mBERT, XLM-R) have improved text understanding in low-resource languages, fine-tuning and

localized datasets are often required for meaningful interaction.

2.5. User-Centered Design in Chatbot Development

User satisfaction and trust are critical to chatbot success. According to research by (Diederich et
al. 2020.), factors such as ease of use, language clarity, cultural sensitivity, and personalization
significantly influence user engagement. In maternal health, these considerations are even more

crucial due to the emotional and sensitive nature of pregnancy-related queries.
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According to the WHO, 2021 studies also suggest that conversational agents must be adapted for
literacy levels, especially in regions like rural Ethiopia. This can be achieved through voice
interfaces, simplified text, and visual aids, in addition to ensuring the language is culturally

appropriate.

2.6. Conversational Chatbot Technology

The development of the Amharic pregnancy chatbot is rooted in advances in conversational Al
an interdisciplinary field combining natural language processing (NLP), machine learning, and
human-computer interaction to simulate human-like dialogue. This chatbot is designed as a text-
based conversational agent that provides reliable, contextually appropriate pregnancy-related

advice in the Amharic language.

1. Natural Language Processing for Amharic: Due to the morphological richness and limited
NLP resources available for Amharic, the system uses custom-built preprocessing tools for:

o Tokenization and stemming
o Part-of-speech tagging
o Entity recognition related to maternal health
2. Chatbot Architecture: The chatbot system consists of the following core components:

v Intent Recognition: Identifies the purpose behind user input (e.g., asking about antenatal
checkups or nutrition).

v Dialogue Management: Determines appropriate follow-up questions or responses.

v Knowledge Base Access: Retrieves curated medical information mapped to localized
pregnancy content.

v Response Generation: Delivers context-aware replies in Ambharic using templated or
machine-generated responses.

3. User Interface & Platform:
o Interfaces could include:
o Progressive Web App (PWA)
4. Safety and Personalization:

e Includes rules and filters to prevent the delivery of incorrect or harmful medical advice.

14|Page



o Personalized interaction is achieved through session-based memory that adjusts replies
based on user profile and query history without storing sensitive personal data.

2.7. Artificial Intelligence vs. Conversational Bots

In the context of this study, it is important to distinguish between Artificial Intelligence (Al) and
conversational bots, as the two are often mistakenly used interchangeably. While they are closely
related, especially in chatbot applications, they differ in complexity, capability, and underlying

technology (https://www.coursera.org/articles/chatbot-vs-conversational-ai).

2.7.1 Artificial Intelligence (AI):

Artificial Intelligence refers to the broader field of computer science that focuses on creating
systems capable of performing tasks that typically require human intelligence. These tasks
include learning, reasoning, language understanding, decision-making, and problem-solving

(https://www.coursera.org/articles/chatbot-vs-conversational-ai).
In the case of the Amharic pregnancy chatbot, Al plays a role in:

o Natural Language Processing (NLP): Interpreting user input in Amharic text
e Machine Learning: Adapting to patterns in user queries over time

o Intent Recognition and Classification: Understanding the purpose behind user
messages

o Context Management: Remembering prior inputs to carry coherent conversations
Al enhances the chatbot's flexibility, enabling it to provide more personalized and contextually

relevant responses beyond rigid scripts (Smith, J. A., & Doe, R. B. 2025.).

2.7.2 Conversational Bots:
Conversational bots, also known as chatbots, are software programs designed to simulate human
dialogue. They often rely on scripted rules, decision trees, or Al-powered engines to respond to

user input (Zhang, Y., Wang, X., & Li, H. 2023.).
There are two main types:

1. Rule-based Bots: Use predefined patterns and if-then logic to match queries with

scripted responses.
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2. Al-powered Bots: Use machine learning and NLP for more dynamic interaction, capable
of understanding user intent and generating meaningful responses even in low-resource
languages like Ambharic.

In this study, the Amharic pregnancy chatbot integrates both elements:
o It operates as a conversational bot through a user-facing dialogue interface.

e It is Al-enhanced, leveraging NLP and knowledge-based reasoning to understand
Amharic-language maternal health queries and offer appropriate advice.

2.8. Types of Chatbots and Chatbot Modelling Approach

Chatbots, as automated conversational systems, vary widely based on their complexity,
adaptability, and the underlying technologies that drive their interactions. For the purpose of this
study which focuses on building an Ambharic-language chatbot to deliver pregnancy-related
advice understanding the different types of chatbots and selecting an appropriate modelling

approach is critical (https://repository.ju.edu.et/handle/123456789/7443).

Chatbots can generally be categorized into two main types:

Table 1: Comparison of Chatbot Categories by Core Technology and Capabilities

Type Description Suitability for Study

Rule-Based Follow predefined scripts or decision | Useful for basic interactions or

Chatbots trees. They are limited in flexibility | structured FAQs, but not ideal
and require exact keyword matching | for understanding diverse user
(McTear, M. 2021.). expressions in Ambharic.

Al-Based Leverage Natural Language Processing | Preferred in this study for

(Conversational) (NLP) and machine learning to | handling free-form text input in

Chatbots understand user intent and generate | Amharic and providing
more dynamic responses Rafikova, A., | flexible, contextual responses.
& Voronin, A. (2025.).

Given the complexities of Amharic and the diversity of maternal health queries, the Al-based
chatbot approach is more suitable for this system.

2.9. Overview of Machine Learning in Chatbot Development

Machine Learning (ML) plays a pivotal role in the development of intelligent chatbots,

particularly those designed to handle natural, free-text conversations in complex languages
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such as Amharic (arXiv:2402.01720 [cs.CY]). According to the Publication of the European
Centre for Research Training and Development-UK, the integration of ML in chatbot systems
enables the transition from rule-based, rigid dialogues to more dynamic and adaptive
conversational agents that can understand intent, recognize patterns, and continuously improve
based on user interactions (Chowdhury, S., Badsha, M., Chowdury, A. F., Islam, A., Bary, M. A.
N., Abdullah, A., & Haque, S. Q. T. (2024).).

1. Role of ML in Understanding Amharic Text:

For an Amharic pregnancy chatbot, ML is applied in various natural language processing (NLP)

tasks:

o Intent Classification: Classifying user input into predefined categories (e.g., asking about

nutrition, ANC visits, or warning signs).

o Entity Recognition: Identifying specific health-related data points such as weeks of

gestation, symptoms, or appointment types.

o Language Modeling: Leveraging transfer learning models like XLM-RoBERTa or
AfroXLMR to understand Amharic syntax and semantics, especially in the absence of

large-scale local datasets.
2. Training Approaches and Algorithms:

Depending on the system design, common ML algorithms and training techniques used may

include:

e Supervised Learning: For training intent classification models using labeled Amharic
text samples (Roller, S., Dinan, E., Goyal, N., Ju, D., Williamson, M., Liu, Y., Xu, J., Ott,
M., Smith, E. M., Boureau, Y.-L., & Weston, J. (2021).).

e Transfer Learning: Fine-tuning multilingual pre-trained models on Ambharic text to

overcome resource limitations.
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Embedding Models: Using word embeddings (e.g., FastText for Ambharic) to represent
contextual meaning in vector space (Kumar, V., Srivastava, P., Dwivedi, A., Budhiraja, 1.,

Ghosh, D., Goyal, V., & Arora, R. 2024.).

Reinforcement Learning: In advanced cases, to optimize dialogue flow based on user feedback.
Reinforcement learning is a machine learning paradigm that focuses on how agents learn to

interact with an environment to maximize cumulative rewards (Sutton, R. S., & Barto, A. G.

(1998).).

2.10. Chatbot Modeling Approach for the Study

According to Researching and Developing Models, Theories and Approaches for Design and
Development, the modeling approach outlines the architectural and methodological framework
used to design and develop the chatbot system. For this study, the chatbot is intended to serve as
a conversational assistant that provides maternal health information in Amharic. The modeling
approach integrates natural language processing (NLP), user intent classification, and response

generation, emphasizing usability, language support, and contextual understanding.
1. Intent-Based NLP Modelling

e Utilizes pre-trained multilingual models (e.g., mBERT or XLM-RoBERTa) fine-tuned
for Amharic where feasible.

e Custom classifiers are built for intents such as:
o Antenatal care schedules
o Nutrition advice
o Danger signs
o Delivery preparation
2. Entity Extraction and Dialogue Flow

o Identifies important entities (e.g., gestational week, symptoms) for more personalized
replies.

o Context-aware responses are generated using modular dialogue management systems.
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3. Rule-Based Backup Layer

o Ensures safety in responses by backing critical health-related queries with predefined,
expert-reviewed reply templates.

e Used as fallback in case of NLP confidence drop.
4. Development Framework
e Implemented using a mix of:
o Python for back-end logic
o NLP libraries like Amharic-specific tokenizers
o Simple platform integrations (web)

This mixed approach ensures the chatbot remains responsive and intelligent, yet controllable

crucial for delivering medically sensitive information in a low-resource linguistic setting.

2.11. Overview of conversational agents

Conversational agents, or chatbots, can be classified based on several criteria, including the
knowledge domain, mode of interaction, intended application, and the design techniques
particularly the response generation methods used in their development (Hussain, Sianaki, &

Ababneh, 2019.). The broad classification of conversational agents includes:

» Interaction Mode: Describes how users communicate with the chatbot, such as through
text, voice, or a combination of both (multimodal interaction).

> Chatbot Application: Refers to the specific domain or context in which the chatbot is
applied, such as healthcare, education, customer service, or entertainment.

» Knowledge Domain: Categorizes chatbots into domain-specific (focused on a particular
field or subject) and open-domain (designed to handle general or wide-ranging topics).

> Response Generation Technique: Divides chatbots into rule-based systems, which rely
on predefined rules and scripts, and Al-based systems, which utilize artificial
intelligence techniques like machine learning and natural language processing to generate

dynamic responses.
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Figure 2: Broad classification of Chatbot’s (Hussain et al., 2019)

Chatbot’s are classified into two main classifications based on the goals. These are task oriented
and non-task oriented.

1

Figure 3: Main classification of chatbot’s based on their goal (Hussain et al., 2019)

Task-oriented conversational agents are specifically designed to handle defined, goal-driven
tasks within a particular domain. These systems, also referred to as domain-specific

conversational Al, provide responses based on the knowledge they possess within the specific
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domain for which they were developed (Budulan, 2018.). Unlike open-domain systems, they do
not support general conversation. For example, task-oriented chatbots cannot respond to arbitrary
or trivial questions outside their intended scope. Their primary objective is to assist users in
completing specific tasks such as booking a hotel or flight, scheduling appointments, retrieving
targeted information, or placing product orders. Voice-based assistants like Alexa, Siri, and
Cortana are well-known examples of task-oriented conversational agents that carry out

commands or answer questions relevant to specific tasks (Hussain et al., 2019.).

In contrast, non-task-oriented conversational agents are not limited to a specific domain or goal.
These systems are designed to simulate free-form human dialogue, enabling extended and
unstructured conversations. Their primary function is to mimic human-human interaction and
often serve entertainment or social engagement purposes. These agents typically do not aim to

accomplish a specific task but rather to sustain natural and engaging conversations.

Conversational agents can also be categorized based on their knowledge domain as either open-

domain or closed-domain systems (Hussain et al., 2019).

e Open-domain conversational agents are capable of answering questions across a broad
range of topics, including general knowledge inquiries such as: “What year was Salvador
Dali born?”, “How many species of frogs exist worldwide?”, or “What will the weather
be like in three days?” These systems often rely on extensive datasets and advanced NLP

techniques to provide accurate responses.

e (Closed-domain conversational agents, on the other hand, are limited to a specific area of
expertise. They are typically deployed in narrow-use scenarios, such as guiding tourists in
museums, offering tech support, or providing healthcare advice. While they cannot
handle questions outside their scope, they tend to perform more accurately within their

domain.
Furthermore, conversational agents are categorized by their mode of interaction:

o Text-based conversational agents interact through written input and output. Users type

their queries, and the system processes and responds in text form.
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o Voice-based conversational agents accept spoken input and provide spoken responses.
These systems incorporate speech recognition and synthesis modules for seamless verbal

communication (Mhatre, Motani, Shah, & Mali, 2016).

In terms of dialogue management, the interaction can follow three types of control flows

(Jurafsky & Martin, 2017):

o System-initiated dialogue, where the agent leads the conversation.
o User-initiated dialogue, where the user starts and directs the interaction.

e Mixed-initiative dialogue, where both the user and system can take turns initiating and
guiding the conversation.

In general, conversational agents also referred to as chatbots, virtual assistants, or dialogue

systems are software programs designed to simulate human-like conversations via text or voice.

They integrate Natural Language Processing (NLP), machine learning, and dialogue

management techniques to deliver interactive, natural, and responsive communication

experiences.

2.12. Application of conversational agents

The integration of chatbot technology in customer service has significantly transformed how
businesses interact with their clients. Chatbots are artificial intelligence (Al) systems designed to
simulate human conversation, typically through online or mobile platforms. Their growing
adoption in customer service is driven by advancements in natural language processing (NLP),

machine learning, and user interface design.

Customer service plays a crucial role in helping organizations generate income and retain
customers. Companies offer a variety of services that often require user assistance. Traditionally,
providing this support manually requires considerable human resources, budget, and time. To
address these challenges, many organizations have adopted chatbot solutions to automate

customer service interactions.

This section reviews previous research efforts that focus on the development of chatbots to assist
customers in the service domain. One of the major areas utilizing chatbot technology is the

banking sector, which involves multiple services and a large customer base. Customers
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frequently need guidance or clarification regarding available services. Providing this support

efficiently has become a priority.

In the study by (Zhang et al.), the researchers aimed to develop personalized digital customer
service solutions for banking call centers using neural network techniques. The chatbot was
trained on a dataset derived from actual dialogue transcripts between customers and bank agents.
This system was designed to handle customer queries and provide relevant service-related

information.

Similarly, Chaitrali et al. proposed a chatbot system to offer smart solutions for handling
customer inquiries in plain English. Their approach focused on improving service quality and
increasing customer engagement. A notable feature of their system was the inclusion of a
feedback mechanism: if a user was dissatisfied with the chatbot’s response, they could press a

“dislike” button. This feedback was used to retrain the model to improve future interactions.

In another study, also by Chaitrali et al., the researchers developed a chatbot to support banking
customer service using AIML (Artificial Intelligence Markup Language) for response generation
and JavaScript for web integration. Additionally, they created an Android application, allowing
users to interact with the system via both text and voice input. This multi-platform, multimodal

system aimed to improve user convenience and accessibility.

Overall, these research works demonstrate the increasing interest in and effectiveness of chatbots
in the customer service domain, particularly within banking, to reduce workload, enhance user

satisfaction, and deliver timely support.

2.12.1. Application of conversational agent for cultural heritage

Conversational agents play a vital role in promoting and presenting the cultural heritage of a
country. They enhance the accessibility and dissemination of information related to cultural sites,
traditions, and historical artifacts by enabling efficient and interactive communication. These
systems can deliver relevant information about heritage sites through smooth, natural-language
conversations with tourists or any individuals seeking knowledge. The interaction can occur via
text or speech, making the experience more engaging and user-friendly (Machidon, Tavcar,

Gams, & Duguleana, 2020.).
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Applications of Conversational Agents

o Healthcare: Symptom checkers, mental health support, maternal care (like your Amharic
chatbot!)

e Customer Service: 24/7 support, FAQs, troubleshooting

o Education: Tutoring, language learning, student advising

o Finance: Account inquiries, fraud alerts, financial planning
e E-commerce: Product recommendations, order tracking

2.12.2. Application of conversational agent for online market

The integration of chatbot technology in customer service has significantly transformed how
businesses interact with their clients. Chatbots are artificial intelligence (Al) systems designed to
simulate human conversation, typically through online or mobile platforms. Their growing
adoption in customer service is driven by advancements in natural language processing (NLP),

machine learning, and user interface design.

Customer service plays a crucial role in helping organizations generate income and retain
customers. Companies offer a variety of services that often require user assistance. Traditionally,
providing this support manually requires considerable human resources, budget, and time. To
address these challenges, many organizations have adopted chatbot solutions to automate

customer service interactions.

This section reviews previous research efforts that focus on the development of chatbots to assist
customers in the service domain. One of the major areas utilizing chatbot technology is the
banking sector, which involves multiple services and a large customer base. Customers
frequently need guidance or clarification regarding available services. Providing this support

efficiently has become a priority.

In the study by (Zhang et al.), the researchers aimed to develop personalized digital customer
service solutions for banking call centers using neural network techniques. The chatbot was
trained on a dataset derived from actual dialogue transcripts between customers and bank agents.
This system was designed to handle customer queries and provide relevant service-related

information.
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Similarly, Chaitrali et al. proposed a chatbot system to offer smart solutions for handling
customer inquiries in plain English. Their approach focused on improving service quality and
increasing customer engagement. A notable feature of their system was the inclusion of a
feedback mechanism: if a user was dissatisfied with the chatbot’s response, they could press a

“dislike” button. This feedback was used to retrain the model to improve future interactions.

In another study, also by Chaitrali et al., the researchers developed a chatbot to support banking
customer service using AIML (Artificial Intelligence Markup Language) for response generation
and JavaScript for web integration. Additionally, they created an Android application, allowing
users to interact with the system via both text and voice input. This multi-platform, multimodal

system aimed to improve user convenience and accessibility.

Overall, these research works demonstrate the increasing interest in and effectiveness of chatbots
in the customer service domain, particularly within banking, to reduce workload, enhance user

satisfaction, and deliver timely support.

2.12.3. Application of conversational agent in healthcare

Health is a fundamental necessity for human beings, and maintaining good health involves
various activities such as proper nutrition, physical exercise, and regular health check-ups with
medical professionals. According to the Journal of the American Medical Informatics
Association, conversational agents have made significant contributions to healthcare. These Al-
powered systems enable users to describe their symptoms and feelings during interaction, and by
analyzing this input, the system generates appropriate responses and recommendations based on
the medical knowledge acquired during training. Such systems can assist in diagnosis, provide

health advice, suggest nearby clinics, and even schedule appointments.

Motivated by these capabilities, this study aims to design and develop a conversational system
that advises pregnant women, enabling communication via both speech and text in the Amharic
language. However, accessing healthcare experts remains a challenge due to rapid population
growth, which often results in a shortage of available medical professionals. Conversational
agents present a valuable solution by offering automated diagnosis and consultation services,

helping to alleviate this problem.
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This section reviews prior research on chatbot applications in healthcare (Irwig L., Irwig J.,
Trevena L., et al.). For example, (Shangrapawar et al.) explored an Al-based healthcare chatbot
integrated with a robot controlled via Bluetooth HC-05 connected to an Android smartphone app.
This system receives audio input, processes symptoms, and performs diagnostic functions like a
physician. The chatbot accesses a disease database by querying a Google server based on the

patient’s symptoms.

Another notable example is Pharmabot: A Pediatric Generic Medicine Consultant Chatbot,
which was developed to provide information and recommendations on generic medicines for
children. This chatbot assists patients and caregivers who are uncertain about pediatric
medications. The system was implemented using Visual C# for the frontend and MS Access as

the backend database.

2.12.4. Application of Conversational Agent for Education

Conversational agents play an important role in supporting both students and teachers to achieve
their educational goals. These agents assist in managing learning resources and providing
personalized support to students. In distance learning environments, conversational agents can
enhance student motivation and focus, thereby improving the overall effectiveness of the
educational process. They facilitate learning through various interactive methods such as
question-and-answer sessions, educational games, and more (Landowska, 2010.). One example
of a conversational agent application in education is the Telegram bot “Words for Learning,”
which helps users expand their vocabulary through interactive exercises (Ankit Kumar O. L.,

2016.).

2.12.5. Application of Conversational Agent for Psychologist

Conversational Al systems can serve as virtual psychologists, providing psychological support
and treatment through natural, empathetic conversations. Acting like a real friend, these systems
help individuals lead healthier lives by offering valuable information and enabling discussions on

important topics relevant to daily life (Spytska, L.).

2.12.6. Application of conversational agent as customer service support
People often need assistance to complete their intended tasks, and conversational agents offer

valuable support to help customers solve their problems efficiently. These agents assist by
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providing relevant information, answering customer questions, offering necessary guidance, and

informing users about updated services and products. Through question-and-answer interactions,

conversational agents not only respond to inquiries but also help promote new services

(Kuramoto et al., 2018.).

2.13. Techniques for designing conversational agent or Chatbot

To develop task-oriented and non-task-oriented chatbots, various approaches can be employed.

In this subsection, I explore some of these approaches, which are broadly categorized into three

main types (Hussain et al., 2019.).

Table 2: Techniques for designing conversational agent or Chatbot

Type Description

Rule-Based Agents Follow scripted flows and decision trees. Limited flexibility.

Retrieval-Based Select the best response from a predefined set using ML

Agents classifiers.

Generative Agents Use deep learning to generate responses word-by-word. More
flexible, but harder to control.

Hybrid Agents Combine rule-based and Al-driven approaches for balance and
safety.

Rule-based approach: Rule-based conversational systems generate predetermined responses
based on predefined rules. In this approach, developers create a framework that hosts the
logic for processing user inputs and guiding the conversation through a developer-defined
decision tree or flowchart. Early systems such as ELIZA and PARRY employed rule-based
retrieval techniques. The system matches incoming messages against a set of implemented
patterns, and when a match is found, a scripted response is generated accordingly. Rule-
based conversational agents operate by taking actions based on specific conditions or input
patterns but lack Al capabilities such as syntactic parsing or semantic classification of user
requests. The message processing and interaction logic are manually coded by developers,
often requiring hundreds of rules to map out possible dialogue states and user inputs in a
typical conversation (Hussain et al., 2019.).

Retrieval-based approach Retrieval-based approaches rely on structured frameworks such as
graphs or directed flows to manage conversations. These conversational Al systems are
trained on a set of predefined responses and generate replies by selecting the most

appropriate response based on the user’s input. Techniques such as keyword matching,
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machine learning, and deep learning are employed to identify the best-matching response.
However, regardless of the technique used, retrieval-based conversational agents do not
create new responses; instead, they select and return predefined answers from their existing
knowledge base according to the user’s query (Hussain et al., 2019.).

e (Generative-based approach Generative-based conversational Al systems are capable of
creating new responses dynamically based on the conversational data they have been trained
on. Unlike retrieval-based systems, which select from predefined responses, generative
models produce replies in real-time. These systems typically employ a combination of
learning techniques, including supervised learning, unsupervised learning, reinforcement
learning, and adversarial learning, to support multi-step dialogue generation. In supervised
learning, conversations are modeled as a sequence-to-sequence problem, where user inputs
are mapped to computer-generated responses. However, this approach often prioritizes high-
probability responses, leading to repetitive and less engaging conversations. Additionally,
supervised learning models struggle to correctly incorporate proper nouns and rare terms due
to their lower frequency in training data. To overcome these limitations, reinforcement
learning is used to train chatbots to optimize dialogues based on cumulative rewards,
encouraging more coherent and contextually appropriate responses over time (Hussain et al.,
2019.). Several specific techniques are employed within these approaches, which will be

discussed in the following section.

2.14. Gaps in the Literature review

Based on the reviewed literature, several research gaps are identified:
o Lack of conversational agents for pregnancy in Ethiopian languages.
o Limited availability of annotated Amharic health data.

o Insufficient evaluation of chatbot effectiveness in low-literacy, resource-constrained
settings.

e Minimal user studies on chatbot usability in Ethiopian maternal health contexts.

2.15 Summary of the review
This chapter has reviewed relevant literature on maternal health information dissemination,

chatbot use in healthcare, Amharic NLP, and user-centered chatbot design. While global
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advances in digital health tools are promising, there remains a significant gap in tools tailored for
Amharic-speaking populations. The development of an Amharic pregnancy chatbot can bridge
this gap by leveraging NLP techniques and user-focused design to deliver timely, accessible, and

culturally relevant maternal health information.

2.16. Discussion of Related Works

In real-world applications, conversational agents are utilized to solve practical problems and
simplify people's lives. As discussed earlier, conversational Al systems perform tasks based on
the knowledge acquired during training. Task-oriented conversational agents are typically
focused on a specific domain and differ from non-task-oriented systems in the types of data they
process and how they manage interactions. In the healthcare sector, a task-oriented
conversational system was developed for automatic diagnosis (Wei et al., 2018.). This system
can diagnose medical conditions through dialogue with users. To train the system, a dataset was
compiled from an online medical forum by extracting symptoms from both doctor—patient
dialogues and patient self-reports. The data was collected from a popular Chinese online
healthcare community, specifically from the pediatric department. On this platform, users
describe their symptoms, after which doctors initiate a conversation to gather more relevant
details before performing a diagnosis. Four pediatric diseases were annotated for this dataset:

functional dyspepsia, bronchitis, infantile diarrhea, and upper respiratory infections.

A separate study examined the capabilities of smartphone-based conversational agents in
addressing issues related to mental health, interpersonal violence, and physical health (Miner et
al., 2016). The study evaluated conversational agents such as Siri (Apple), Cortana (Microsoft),
Google Now, and S Voice (Samsung). It was conducted between December 2015 and January
2016 using 68 phones from seven manufacturers. Investigators asked each assistant nine
questions three from each category in natural language. Responses were analyzed based on three
criteria: 1) crisis recognition, 2) respectful and empathetic language, and 3) referral to
appropriate help resources. Results showed that the responses were often inconsistent and
incomplete, especially regarding complex or sensitive issues. This highlights the need for
improved performance in conversational agents to provide effective support in real-world

scenarios.
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In response to such challenges, this study proposes an end-to-end speech conversational
framework tailored for a specific domain. The goal is to equip conversational systems with the
ability to provide relevant and accurate responses to user inquiries. The proposed framework
consists of three main components: Natural Language Processing (NLP) for intent and slot
detection from user utterances, a Dialogue Manager (DM) for tracking dialogue state and
selecting system actions, and a Natural Language Generation (NLG) module to produce natural
language responses. The existing system described in Wei et al. (2018) operates in text mode
only and is limited to the Chinese language, lacking support for other languages such as

Ambharic.

Previous work by Seyoum (2015) presented an end-to-end Ambharic spoken dialogue system,
focusing on hospitality services such as locating restaurants and describing available food
options. Although this system included an Amharic speech recognizer, it was only capable of
recognizing individual words. This limitation hindered users from expressing complex requests.
To address this, the proposed system introduces an enhanced Amharic speech recognizer capable
of processing not just words but also phrases and complete sentences. It responds to user
inquiries by referencing relevant sections of the Ethiopian constitution. Communication in the
existing system is purely text-based. The user submits a question in text, and the system replies
in text as well. To make interactions more natural and human-like, the proposed system
introduces a fully speech-based interface: users speak to the system, and it replies using

synthesized speech.
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CHAPTER THREE

METHODOLOGY

3.1 Introduction

This chapter presents the approach, tools, and techniques used to develop the Amharic text-based
chatbot designed to advise and support women during pregnancy. The methodology includes the
overall system architecture, data collection and preprocessing, natural language processing

(NLP) techniques, chatbot framework selection, and evaluation methods.

3.1. Design Science Research Methodology

This study employs Design Science Research Methodology (DSRM) to guide the development
of an Amharic-language chatbot designed to support pregnant women with advisory and
consultative services. DSRM enables a systematic process for designing, demonstrating, and

evaluating innovative digital artifacts to solve real-world problems.

3.1.1 DSRM Framework Phases
1. Problem Identification and Motivation

v Limited access to culturally and linguistically appropriate maternal health

information in Ethiopia was identified as a core issue.

v" The motivation behind this study is to bridge the information gap by creating an

accessible, automated advisory tool in Ambharic.
2. Define Objectives for a Solution
v The main objectives are to develop a chatbot capable of:
= Interpreting user input in Amharic text.
= Responding with accurate and supportive health advice for prenatal care.

= Enhancing communication between healthcare knowledge and pregnant

women in low-resource settings.

3. Design and Development
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v

v

The chatbot was built using Natural Language Processing (NLP) techniques
adapted for the Amharic language.

Tools and technologies used include:
= Python for back-end logic
* TensorFlow/NLTK/SpaCy (where applicable) for NLP modules

= Custom Ambharic datasets for training and dialogue modeling

»  Web-based interface for user interaction

4. Demonstration

v

The chatbot was deployed in a simulated environment where users input typical

maternal health queries.

Interaction scenarios include nutrition advice, antenatal care schedules, and

danger signs during pregnancy.

5. Evaluation

v

Evaluation involved both technical testing (accuracy of responses, language

processing) and user testing (satisfaction, usability).

Metrics such as response relevance, understanding of queries, and ease of use

were considered.

6. Communication

v

The results, insights, and limitations of the developed chatbot are documented for

dissemination to academic and health tech communities.

The chatbot could serve as a prototype for further expansion into other local

languages and health domains.
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Figure 4: Design Science Research Methodology (DSRM) Process Model (Peffers, et al,)

To conduct this study, a series of structured tasks were performed. The following procedural

steps outline the methodology implemented to achieve the objectives of the research:

>

Identification of the Research Area: The initial step involved selecting the research
domain. As outlined in the motivation section, this was accomplished through an
extensive review of relevant literature and research papers.

Review of Related Works: Various existing studies on chatbot systems were reviewed to
identify their methodologies, findings, and limitations. This helped in recognizing
existing research gaps and opportunities for improvement.

Formulation of Research Questions: Based on the identified gaps in the literature,
specific research questions were formulated. These questions guided the scope of the
study and were addressed in the final phase.

Data Collection and Preparation: The next step involved gathering and preprocessing
the necessary dataset used to develop the proposed chatbot system. The data were
collected from credible sources, as explained in the data collection section.

System Design: After preparing the dataset, the proposed chatbot system was designed to
address the formulated research questions effectively.

System Implementation: Following the design phase, the proposed solution was
implemented. This included the development of the chatbot using appropriate machine

learning and natural language processing techniques.
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» Model Evaluation: Upon implementation, the performance of the proposed chatbot
system was evaluated using predefined evaluation metrics, as described in the evaluation
methodology section.

> Result Analysis and Discussion: Finally, the performance results were analyzed, and
discussions were made regarding the findings, including the strengths and limitations of

the proposed system.

3.2. Data Collection
To develop the proposed Amharic text-based chatbot, the primary task undertaken was data
collection. For this purpose, data were gathered from various reliable and authoritative sources.

The main sources included published books and articles written by subject matter experts, such
as “PeLam MA L ATANNN (ANC)” and “A1&N M-C AFF PT PT PMuT I°NCTF”. Additional

sources included maternity healthcare repositories from Mekelle University’s Ayder College of
Health Sciences Referral Hospital, as well as privately owned maternity healthcare facilities.
Furthermore, various registered healthcare providers such as Berhane Goitom’s “Ayder Obstetric
Near-Miss and Maternal Death” (2012) were consulted, as they contain frequently asked

questions and information relevant to maternal health services.

The collected data were extracted in the form of question-and-answer (QA) pairs to serve as
training data for the chatbot model. This structure allows the model to learn which information
should be retained and how to retrieve appropriate responses during interactions. Given the
variability in user utterances, each QA pair represents a specific intent, which guides the model
in associating user inputs with the correct response. The model accommodates the dynamic
nature of user queries using sequence-to-sequence (Seq2Seq) modeling techniques, which
account for variations in input structures. Moreover, Amharic word embeddings are incorporated
to handle previously unseen words and ensure robust semantic understanding during training of

the maternal health chatbot.
3.3. Dataset Preparation

Once the data were collected, the next step was to prepare the dataset for training purposes. This
phase posed several challenges. One major challenge was that some of the documents obtained

from various sources such as expert articles from websites were written in English, while the
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proposed system requires data in Amharic. To address this, the researcher initially translated the
English documents into Amharic using Google Translate. Additional manual corrections were

made where necessary to improve translation accuracy.

For the chatbot to effectively understand and classify user intents, it requires a robust and well-
structured dataset consisting of various user utterances for each intent category. Therefore, a
large set of intents was created, with each intent associated with multiple representative
utterances. Once this was completed, the dataset was organized into a semi-structured format
using JSON (JavaScript Object Notation). Each entry in the JSON dataset contains three main
components: a tag (which represents the intent label), a list of patterns (possible user inputs),

and corresponding responses (system outputs).

Finally, after thoroughly analyzing the collected and translated documents, distinct intents
relevant to the maternal health domain were identified and defined to guide the chatbot’s training

process.

Figure 5: JSON file snapshot

The above discussion illustrates how the JSON file used for training the chatbot is structured. For

instance, users may initiate interaction by sending a greeting in the Amharic language. Greetings
in Amharic can take various forms such as: "MNAJR". "MG LNAMATE", "UL", "ATLT YOr?"
"AT8F 1A, "AT8T TA?", "ATYT @ ML?", and "NAJD 1M-?". Corresponding responses to
these utterances may include: "d.M¢ £aPN77 2UST 13", "AAGRI", "UL!", and "9°7 ACBPH".

The associated intent tag for this category is "NA9® 3", which means "greeting" in English.
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3.4. Data Preprocessing

Data preprocessing is one of the most fundamental and essential tasks in many machines learning
(ML) applications. It plays a crucial role in natural language processing (NLP) tasks, where the
goal is to convert raw textual data into a structured and meaningful format that can be effectively
interpreted by machine learning algorithms. Proper preprocessing enhances the performance,

accuracy, and efficiency of NLP models by removing noise and standardizing the input text.

In the development of the Amharic text-based maternity chatbot designed to assist pregnant
women, several preprocessing techniques were employed to ensure that the input data is clean,
relevant, and machine-readable. These preprocessing steps were specifically tailored to handle

the linguistic characteristics and script of the Amharic language.

3.4.1. Text Normalization and Cleaning

Text normalization refers to a series of preprocessing tasks aimed at transforming text into a
consistent and standardized format. This is particularly important in natural language processing
(NLP) applications, where minor inconsistencies can negatively impact system performance. For
the Amharic text-based chatbot developed in this study, normalization was a critical step due to

the unique characteristics of the Amharic writing system.

One major challenge in Amharic text normalization is the existence of multiple Fidels
(characters) with identical or near-identical pronunciations but different orthographic forms.
While these variations may carry distinct meanings from a linguistic perspective, they often
introduce unnecessary complexity in computational systems. Without normalization, different
spellings of the same word would increase vocabulary size and reduce the accuracy and

efficiency of the chatbot, especially in intent recognition tasks.

To address this issue, normalization in this study involved identifying sets of characters with the

same phonetic value and replacing them with a single representative character. For example:
e U, h, " 2, A, h - normalizedto U
e A, 0 — normalized to A
e W — normalized to M
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e B — normalized to &

This normalization was extended to all seven orders of the Fidel characters. For instance, W, U+,
ui... were normalized to N, M+, N...., respectively. As a practical example, the word “OC°ITHT”

was normalized to “AC°IHT”, since “0” and “A” are pronounced the same and are semantically

interchangeable in many contexts.

3.4.1.1. Symbol and Number Removal
Another essential preprocessing step was cleansing the text by removing irrelevant characters

such as symbols and numbers. The Amharic language uses both native numerals (e.g., &6, 8, T, 0,

contextually required (e.g., gestational weeks), as their presence can introduce noise and reduce

model performance.

Similarly, symbols frequently used in user input, such as *, “ ”, /, $, %, #, @, &, etc., were also
removed. These characters typically do not contribute to semantic understanding and can hinder

text tokenization and intent classification.

3.4.1.2. Punctuation Removal
Although Ambharic includes approximately 10 native punctuation marks, only a few are

commonly used in digital writing. For instance, the comma-equivalent ‘%’ (netela sereze) and
‘2’ (derib sereze), as well as borrowed marks such as ¢!” and ?’, often appear in user-generated

content.

In this study, punctuation marks were removed as part of the normalization process. Their
removal helps reduce vocabulary size and minimizes syntactic variability, leading to more

effective model learning and improved system performance.

These preprocessing steps ensured that the input data fed to the chatbot was clean, consistent,
and semantically meaningful. This, in turn, contributed to the improved accuracy and reliability

of the Amharic maternity chatbot system.
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3.4.2. Tokenization

Tokenization is a fundamental preprocessing step in natural language processing (NLP), which
involves splitting longer sequences of text into smaller, more manageable units called fokens.
These tokens can represent sentences, words, subwords, or characters, depending on the
application. Typically, larger texts are first segmented into sentences, and then each sentence is

further divided into words.

In this study, tokenization was applied to the Amharic text at the word level. In computer-written
Ambharic, words are typically separated by spaces, which make whitespace-based tokenization a
practical approach. After the text was normalized and cleaned, each sentence was split into

individual words using space as the delimiter.

For example, the normalized Amharic sentence:

“KRCIHT ANAT PMLLT DI SRPF 1LY ST

is tokenized into the following word-level tokens:

[“ACTIHT”, “ANNT", “POLLTE”, “m Y PRPTF”, “IRYLT”, “TFM-7)

This tokenization step ensures that the text is in a form suitable for further NLP tasks such as

vectorization, intent recognition, and sequence modeling.
RCIHS nhn+ PMLLT B IPEPTF I TFm-

3.4.3. Stop Word Removing

Stop word removal is a common and essential preprocessing step in natural language processing
(NLP). Stop words refer to non-content-bearing terms that do not significantly contribute to the
meaning or intent of an utterance. These words, such as prepositions, conjunctions, and auxiliary
verbs, often occur frequently in text but carry little semantic weight. Their removal helps reduce
the dimensionality of the dataset, thereby improving the model's performance and training

efficiency.
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In this study, Amharic stop words were compiled and removed during preprocessing. Due to the
limited availability of publicly accessible and standardized Amharic stop word lists, the
researcher collected stop words from various previous studies and also constructed a custom list
through manual inspection and linguistic judgment. This involved carefully identifying and
excluding words that are commonly used in everyday Amharic speech and writing but offer

minimal contribution to intent recognition.

Some examples of Amharic stop words removed include: “AA”, “1@7, “1F”, “AA”,
“AHP@-”, “hUPT1®>, “AHU”, and others. These words were compiled into a list and

systematically excluded from the training data.

Overall, the removal of stop words not only reduces the vocabulary size of the model but also
enhances its ability to focus on the meaningful content of user utterances, which in turn improves

the accuracy of intent classification and the overall efficiency of the chatbot system.

3.4.4. Word Embedding

After the text has been cleaned by removing unnecessary symbols and punctuation, and after
performing normalization and tokenization, the next step is featuring extraction. Machine
learning algorithms cannot work directly with raw text; therefore, feature extraction techniques
are used to convert textual data into a numerical matrix or vector format that the algorithms can

process.

Word embedding or feature extraction transforms raw text into a form suitable for input to
machine learning models. A thorough review of the literature reveals several popular techniques
for extracting features from text data, including Bag-of-Words (BoW), Term Frequency—Inverse

Document Frequency (TF-IDF), and Word2Vec.

In this study, the Bag-of-Words (BoW) technique is applied to convert the text data into
corresponding numeric representations. BoW is a widely used NLP technique that model’s text
by representing it as a vector of word frequencies or occurrences. It is chosen in this work due to
its flexibility and effectiveness in extracting features from text data, making it a powerful method

for preparing data for machine learning tasks.
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3.5. Model Building and Selection

A machine learning model is a trained file designed to recognize specific patterns in data. To
build this model, a prepared dataset called training data is used. Machine learning algorithms are
generally categorized into four types: supervised learning, semi-supervised learning,

unsupervised learning, and reinforcement learning.

In this study, supervised learning is employed because the dataset is labeled that is, the target
classes (or intents) are known. The model is developed and selected based on the prepared

dataset to accurately respond to maternity-related queries from pregnant women.

As explained in the data preparation section, the dataset is organized in JSON format and
categorized according to intents. Intent represents the contextual meaning behind a user’s query
or request. Each intent serves as a class label during model training. Since the dataset contains
multiple intents, the model selection focuses on multiclass classification to correctly predict the

appropriate intent for any given user input.

3.6. Performance Evaluation

After building the model, it is essential to evaluate its performance to determine whether the
objectives have been met. The model is evaluated using the dataset and an evaluation metric
called accuracy. Accuracy measures the proportion of correctly predicted instances (both
positive and negative) out of the total number of instances in the training or testing data. It

indicates how well the model predicts the correct class for given inputs.
Accuracy is calculated using the following formula:

Accuracy = TP+TN
TP+TN+FP+FN

Where:
e TP (True Positive): The number of positive instances correctly predicted as positive
e TN (True Negative): The number of negative instances correctly predicted as negative
o FP (False Positive): The number of negative instances incorrectly predicted as positive

o FN (False Negative): The number of positive instances incorrectly predicted as negative
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CHAPTER FOUR
DESIGN AND IMPLEMENTATION

4.1. Introduction

This chapter outlines the design and implementation process of the proposed Amharic text based
chatbot system for assisting pregnant women. It covers the architecture, technologies used, and
the key components involved in developing an effective chatbot that can understand and respond
in Amharic. The first section illustrates the architecture of the proposed system. The second
section deals with the design and implementation of the data preprocessing tasks, the third
section is about the implementation of the word embedding, and the fourth section deals with the
design and implementation of the proposed ensemble models. Finally, this research adopts a

phased implementation approach:

Prototype Phase (Current Study): A desktop-based graphical user interface built with Python's
Tkinter library. This provides a stable, controllable environment for developing and testing the

core NLP pipeline and dialogue management logic.

Deployment-Ready Architecture: The backend is implemented as a Flask web service, making it
inherently capable of serving multiple frontends. The modular design separates the NLP engine

from the interface layer.

Future Mobile Deployment Path: For actual field deployment targeting smartphone users, the

system can be: Accessed via mobile web browser (responsive design)

Packaged as a Progressive Web App (PWA) for app-like experience Integrated with messaging
platforms (Telegram, WhatsApp) common in Ethiopia This strategy ensures the research focuses
on the core innovation Amharic NLP for maternal health while establishing clear pathways to the

ultimate goal of mobile accessibility.

4.2. The Proposed Architecture for the Chatbot System

The proposed chatbot system consists of two main phases: the training process and the intent
classification process. The training process involves important textual data preprocessing tasks
such as text normalization and cleaning, tokenization, and stop word removal. These steps

transform the raw data into a list of meaningful words (tokens). The next step is feature
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extraction, also known as word embedding, which converts the tokens into a numerical matrix
(vector) format required by machine learning algorithms. Once training is complete, the
ensemble models are saved as files for later use. The figure below illustrates the training process

within the architecture of the proposed chatbot system.

Training Process

Training Text Word Ensemble
Data Preprocessing Embedding Learning

i
i

i

User Text Text Word Ensemble i

: Input Preprocessing Embedding Model :
i GUI i
(] L}
{ Chat !
! Interface i
{ Chatbot Intent !
! Response Classification | 1
1 H
i 1

Figure 6: The proposed architecture for the chatbot system
In the intent classification process, the proposed architecture is designed to provide relevant
responses to the user’s text input. The system accepts the user’s input through a graphical user
interface (GUI) chat interface, then applies text preprocessing and word embedding techniques.
The trained model subsequently classifies the user’s intent or makes a prediction based on the
processed input and finally retrieves an appropriate text response. The following sections detail

the design and implementation of this process.

4.3. Complete System Architecture and Data Flow
Haben follows a modular architecture with clear separation between components. The complete

flow from user query to system response involves:

1. User Input Layer: Text input via Tkinter GUI (desktop prototype) or potential mobile/web
interface
2. Preprocessing Pipeline:
e Normalization (Fidel standardization)
¢ C(leaning (symbol/digit removal)
e Tokenization (word segmentation)

e Stop word removal
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3. Feature Engineering: Bag-of-Words vectorization using vocabulary from training data
4. Intent Classification Engine:

e 5 MLP models in ensemble configuration

e Majority voting for final intent prediction
5. Response Retrieval System: JSON knowledge base lookup based on predicted intent tag

6. Output Generation: Formatted Ambharic response with optional follow-up prompts

4.4. Data Preprocessing Implementation

Data preprocessing is a crucial step in natural language processing (NLP) as it transforms raw
text into a more manageable form, enabling machine learning algorithms to perform more
effectively. For the development of the proposed Amharic text-based chatbot system aimed at
assisting pregnant women, the following data preprocessing tasks were implemented using

Python programming.

4.4.1. Text Normalization and Cleaning

Text normalization for Amharic is performed according to the language’s writing system. In this
study, normalization involves selecting a single representative letter (Fidel) for each group of
letters that share the same sound and replacing the others accordingly. The snapshot below
illustrates how the built-in sub() function from Python’s regular expression (re) library is used to

implement this normalization process for the Amharic writing system.

Figure 7: Snapshot of python Code for Text normalization implementation.
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Another important preprocessing task is cleaning the normalized text by removing various
symbols, punctuation marks, ASCII characters, and numbers (both Arabic and Ethiopic digits).

This step helps the computer better understand the natural language input.

e Special symbols and punctuation marks removed include:

D@ S\Y0\NCONENF OOV ALV A DA NN VAW ~m= A\ T e\ s\ e\ T

o ASCII English letters and Arabic numerals removed are:

[A-Za-z0-9]

o Ethiopic digits removed are:

[Nul369-\u137C']

The pseudocode below illustrates the designed text clearing method tailored for the Amharic

writing system.

import json
import re

with open{”intents.json”™, ‘'r°", encoding="utf-8") as file:
intents = Json.load(file)
clean_text({text):

text = re.sub|/(
re.sub( L~

text = text.lower().strip()

return text

cleaned_queries = []
for intent in intents['intents"]:
for pattern in intent[ "patterns®]:
cleaned_query = clean_text(pattern)
cleaned_queries.append(cleaned_query)

print(cleaned_gqueries)

Figure 8: Snapshot of python Code Text normalization implementation.
Code 2: Text cleaning implementation
4.4.2. Tokenization

After normalization and text cleaning, the next step is tokenization. Tokenization splits longer

text strings into smaller units called tokens, which, in this study, are words. It is a crucial step in
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text preprocessing because most subsequent processing relies on properly tokenized text. In this
study, tokenization of Amharic text is performed by using spaces between words as delimiters.
The following example demonstrates how the built-in Natural Language Toolkit (NLTK) library

is used to implement this tokenization process.

import json
import re

with open(”intents.json™, 'r', encoding="utf-8") as file:
intents = json.load(file)
clean_text(text):

text = re.sub(
re.sub( [==

text = text.lower().strip()
return text
tokenize_text(text):

tokens = text.split()
return tokens

tokenized_queries = []
for intent in intents['intents]:
for pattern in intent[ "patterns®]:
cleaned_query = clean_text(pattern)
tokenized_ query = tokenize text(cleaned_query)

tokenized_queries.append(tokenized_query)

print("Tokenized Queries:™)
for query in tokenized_queries:
print{(query))

Figure 9: Snapshot of python Code for Tokenization implementation

4.4.3. Stop Word Removing

After the tokenization process, the next step is the removal of stop words. In this study, the stop
word list was prepared based on previous research and the researcher’s own efforts. Stop words
do not contribute to identifying the true context or meaning of a sentence. Removing them helps

reduce the dataset size and improves the model’s performance. Some of the identified Amharic
stop words include: ['1@-', 'TF®', 'AT", ' DL 'NA', PP, 'AH LD, 'NPID, 'AH U, ',
'NCh, ' NF, 'Adet, 'AA, AT U, 'NBAY, TAT87 8.

The following pseudocode illustrates the approach used for stop word removal in this study.
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son™, 'r', encoding='u
intents = .load(file)

clean_text(text):

text = text.lower()
= re.sub(f"[{re.escape(string.punctuation)}]”, ""
words = text.split()

= [word for word in words if word amharic_stopwords]

Join(words)

nt[p s']
clean_: (pattern)
cleaned_queries.append(cleaned_query)

print(cleaned_queries)

Figure 10: Snapshot of python Code for Removal of stop word implementation

4.5. Word Embedding Implementation

After removing stop words from the tokens, the next step is featuring extraction, also known as
word embedding. Machine learning algorithms cannot work directly with raw text data;
therefore, the text must be converted into a numerical format, typically a matrix or vector of
features, using feature extraction techniques. Word embedding translates raw text into a form

that machine learning algorithms can process effectively.

In this study, the Bag-of-Words (BoW) embedding technique is applied. The BoW approach
involves creating a vocabulary from unique tokens collected from all processed documents and
calculating the frequency of each word’s occurrence in a given document. This method ignores
linguistic features such as grammar and word order. For each document, a vector is created with
a length equal to the size of the vocabulary, where each element represents the count of the

corresponding token in that document.

The following snapshot illustrates the implementation of Bag-of-Words to create vectorized

representations for training.
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Figure 11: Implementation of bag-of-words for training in Python

4.6. Response Management System

The classification model predicts an intent tag (e.g., "pregnancy nutrition"). This tag serves as a
key to retrieve appropriate responses from the structured JSON knowledge base:

get_response(intent_tag):
for intent in knowledge base['intents']:

if intent['tag'] == intent_tag:
return random.choice(intent[ 'responses'])
return fallback_response

Figure 12: Snapshot of python code for response management

The knowledge base was curated through:

Ll

Extraction from Ethiopian Ministry of Health guidelines

Translation and adaptation of WHO pregnancy materials

Review by a medical professional for accuracy

Cultural adaptation: Using local food examples (teff, injera), addressing common

pregnancy myths in Ethiopian context
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4.7. Rationale for Ensemble Modeling in Healthcare Chatbot’s

In healthcare applications, particularly those serving vulnerable populations, prediction stability
and reliability are paramount. A single machine learning model, while potentially achieving high
accuracy on average, may exhibit unacceptable variance producing confident but incorrect
classifications for the same query under different initializations. For Haben, this translates to

critical risks:

e A query about "vaginal bleeding" might correctly be classified as emergency intent 85%
of the time, but misinterpreted as "normal symptom" 15% of the time

e Such inconsistency erodes user trust and poses potential health risks
Ensemble modeling (specifically model averaging) addresses this by:

1. Variance Reduction: Combining multiple models averages out individual errors
2. Increased Robustness: Less sensitive to peculiarities of specific training runs
3. Confidence Calibration: Disagreement among ensemble members signals low-confidence

predictions that can trigger human escalation

The technical choice of 5 MLP models represents a balance between stability improvement and
computational efficiency. As results show, this reduces prediction variance by over 50%, making

the system more dependable for real-world use.

4.8. Model Building and Selection Implementation

After removing stop words from the tokens, the next step is featuring extraction, also known as
word embedding. Machine learning algorithms cannot work directly with raw text data;
therefore, the text must be converted into a numerical format, typically a matrix or vector of
features, using feature extraction techniques. Word embedding translates raw text into a form

that machine learning algorithms can process effectively.

In this study, the Bag-of-Words (BoW) embedding technique is applied. The BoW approach
involves creating a vocabulary from unique tokens collected from all processed documents and

calculating the frequency of each word’s occurrence in a given document. This method ignores
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linguistic features such as grammar and word order. For each document, a vector is created with
a length equal to the size of the vocabulary, where each element represents the count of the

corresponding token in that document.

The following snapshot illustrates the implementation of Bag-of-Words to create vectorized

representations for training.

The following code snippet defines the MLP model using Keras, structured as a sequential stack

of layers:

ation_split=s.2)

Figure 13: Implementation of the MLP model in keras

In designing the model, several hyperparameters such as the number of units (nodes) in the first
Dense (hidden) layer, the learning rate, and the choice of activation functions are tuned using the

Keras-Tuner library. The key design choices and configurations of the model are as follows:

e The model expects input data with a fixed vector size matching the Bag-of-Words
feature size (input_dim=len(train_x[0])).

e The hidden layer consists of 128 nodes and uses the ReLU (Rectified Linear Unit)
activation function for non-linearity.

e The output layer contains several nodes equal to the number of target classes or
intents (len(train_y[0])) and uses the softmax activation function to output probability
distributions across classes.

e The loss function used is categorical cross-entropy (loss='categorical crossentropy'),

suitable for multi-class classification problems.
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e The Adam optimizer (optimizer="adam') is employed, which is a popular variant of
stochastic gradient descent that automatically adjusts learning rates and performs well
across many tasks.

e For evaluation during training, the model tracks classification accuracy using
metrics=['accuracy'], appropriate for multi-class classification.

e Finally, the training process is run for a fixed number of epochs, set to 200 epochs

(epochs=200).

Figure 14: Visualization of the MLP model

Multi-Layer Perceptron (MLP) models are nonlinear methods that learn through stochastic
training algorithms, making them highly flexible and capable of approximating a vast range

of complex mapping functions. However, this flexibility comes with a downside: high
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variance. Specifically, MLP models tend to be sensitive to the specific training data, initial
weight initialization, and randomness during training. As a result, training the same MLP
configuration multiple times on the same dataset can produce models that make different

predictions.

To address this issue and improve predictive stability and accuracy, this study proposes an
ensemble learning approach known as model averaging. By combining multiple trained MLP
models, model averaging reduces variance and enhances the robustness of the final

prediction, leading to better overall performance.

Model_1
Combination
Input X Model_2 (Averaging) QutputY
)
)
!
Model_n

Figure 16: Visualization of the MLP model

The issue of high variance in MLP models can be mitigated by training multiple models
independently and then combining their predictions. This technique, known as model averaging,
is part of a broader family of methods called ensemble learning. By aggregating the outputs of

several models, ensemble learning reduces the overall variance and improves prediction stability.

The figure above illustrates the proposed ensemble model averaging technique. This approach
effectively reduces the expected variance inherent in individual MLP models, resulting in a more
reliable and accurate chatbot system.

GUI Chat Interface for Intent Classification Implementation

After the trained models are loaded, they are used to classify the users’ request of intent and
provide the response from the specific intent.
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user_intent(user_input):

normalized_input = normalize_amharic(user_input)

for intent in intents['intents']:
for pattern in intent['patterns']:
if re.search( + re.escape(pattern) + , normalized_input):
return random.choice(intent['responses'])
return "EPCH ROT] 977 TIAD RILALATT AAINTEIO"

Figure 17: function to load all the saved models

send_message():
user_input = entry.get().strip()

if user_input == 3
return

chat_area.config(state="normal")
chat_area.insert(tk.END, f"A%E: {user_input}\n”,
response = user_intent(user_input)
chat_area.insert(tk.END, ”EH?_HJ': {response}\n\n", "bot ")
chat_arka.conFig(state='disabled')

chat_area.yview(tk.END)

entry.delete(®, tk.END)

user')

Figure 18: function for ensemble prediction

The following code shows how GUI chat interface of the proposed system is implemented to classify the
user text input and provide the response for the user.
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normalize_amharic(text):
for pattern, replacement in replacements.items():
text = re.sub(pattern, replacement, text)

text

open(”i ‘r', encoding='u
intents n.load(file)

TextcleaningNPS(texsentencet):{}
bagofwords (sentence):{}

user_intent(user_input):
normalized_input normalize_amharic(user_input)

intent in intents|[
pattern in intent[
normalized_input):
1.choice(intent
IO RWILEATT hA

root = tk.Tk()
root.title("U? PA LT 5 Cram-c
root.iconbitmap(

root.geometry (400

bg_image = 5 ntl.jpg")
bg_photo T ge(bg_image)

bg_label .Label(root, image=bg_photo)
bg_label.place(x=0, y=250, relwidth=1, relheight=1)

frame = tk.Frame(root)

scrollbar crollbar(frame)

chat_area tk . (frame, t i 56, yscrollcommand=scrollbar.set, st
chat_area.tag_config('user', foreground='bl J S atic 1d"))

chat_area.tag_config('bot', foreground=' a' ely ))

scrollbar.pack(side .RIGHT, fill=tk.Y)
chat_area.pack(side=tk.LEFT, fill=tk.BOTH, expand=

frame.pack()

entry = tk.Entry(root, F ar black", width=40)
entry.pack(pady=10)
F send_message():
user_input = entry.get().strip()
if user_input

return

chat_area.config(state='normal
chat_area.insert(tk.END, PN {user_input}\n’
response user_intent(user_input)
chat_area.insert(tk.END, Jaz_o-r {response}\n\n", *
chat_area.config(state="dis:
chat_area.yview(tk.END)
entry.delete(@, tk.END)

*

send_button tk.Button(root, text="Ah", command=send_message,

send_button.pack()

root.bind( <R : 2 t : send_mes

root.mainloop()
if name

AmharicBPreMomBotApp . run(debug=

Figure 19:Python code for the GUI chat interface
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CHAPTER FIVE
EXPERIMENTAL RESULTS AND TECHNICAL VALIDATION

5.1 Introduction

This chapter presents experimental results and discussion. The experiments were performed
using HP ElitBook 840 G5 with hardware specification: Intel® Core™ 15-8350U CPU @ 1.70
GHz, 1896Mhz, 4 cores (s), 8 Logical processes 8 GB Ram, and x64-based processor. The

operating system was Microsoft Windows Version 10.0.26100.4652.

5.2. Dataset Description

Once the data collection task was completed the dataset was prepared in JSON file format. It

contains three things, namely: tag, patterns, and responses. Tag is the intent or the idea of the

user query, which is used as a target class while training the model. The following table

describes all the 41 intents (target classes) which are identified at the end of the dataset

preparation.
Table 3: Intent (target class) description
No. | Intent (target class) Description
1 AAJRF AG F+O-M-& This intent contains greetings.
2 hgo This intent contains name. If it is asked, the
bot introduces its name.
3 NACTIHS 1H P+AGRS, PYADgR gAR$T It is about the most common signs and

symptoms of pregnancy.

4 | NACIHTA 0T MdP PANA 17CF This intent is about things a woman must
know during pregnancy.

5 NATLAT NMAS. NA NFPAR dDM-A L This intent is about vaginal birth after
cesarean (VBAC).

6 NACOIHS 1t PAO.MAL. A U1 $F This intent is about pregnancy and drugs.

7 NACIHT <0 P@mnn+ PARNAN AG | This intent is about pregnancy and morning

PR Fmh N T sickness.
8 ACSIHS AS A+A+ This intent is about pregnancy and Rh-

negative.
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9 NACOIHG @&F PAAD 7N NACAT 9°AC This intent is about pregnancy and diet.

10 | AC9IHS AS A+HETH This intent is about sleeping position during
pregnancy.

11 | ACO1HS AT ATAEMN AN This intent is about pregnancy and
HIV/AIDS.

12 | ACo1HS AS hTmue™ L9 avgAf FoIC This intent is about bleeding during
pregnancy.

13 | ACIHS AG PaPm-AS 1H, This intent is about calculating birth time.

14 | AC9IHG AG PO/ TF MY P PT It is about safety measures that should be
taken during pregnancy.

15 | RCOTHS AG PAM-1F NPT ATPN PN This intent is about pregnancy and physical
exercise.

16 | RCOTHS AG PINZNI 17T+ This intent is about pregnancy and sexual
intercourse.

17 | AC9IHS AT PMuS +29° Att+A This intent is about follow-up during
pregnancy.

18 | hm™AL NHA PR 3R PANST It is about postnatal problems and measures
that should be taken.

19 | pgom goAnST This intent 1s about labor (childbirth) pains
or signs of labor time.

20 | e4+AP AFFA PMRL AT POCIHS ARYEF This intent is about high-risk pregnancy
follow-up.

21 | PmAR 038 This intent is about making a birth plan.

22 | gop9q This intent is about gratitude.

23 | aak/m This intent is to cancel or close the
conversation.

24 | 97 PAUY It is about anything that cannot be classified

to the other intents. The conversation falls
in this category may be due to spelling
errors or unidentified ideas.
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25 | »pan mA L P9ecan/. A9y SF A9 | It is about examinations during pregnancy
PgRLADL, HETHT that are crucial for monitoring the health of
both the mother and the developing fetus.
26 | NACTIHT T amAe Paye4.NFm- | Taking supplements during pregnancy is
Y 10T important for the health of both the mother
and the developing baby.
27 | NACIIHT @&+ APamax  pagta | During pregnancy, several diseases and
yanangoi. conditions can affect both the mother and
the baby.
28 | NACTIHT @PF PMPARAR N+ | To help reduce motion sickness during
AdDaby pregnancy, especially in cars or other
moving vehicles, here are some safe and
effective strategies backed by medical
advice
29 | NACTIHTS @®F AMLMC e3¢+ | Reducing stress during pregnancy is
MmaeTY o essential for both the mother’s and baby’s
well-being.
30 | NACTIHS @%F aomAL  AAINF@- | It is about vaccination during pregnancy is
NS important for protecting both the mother
and the baby. As of 2025, here are the key
guidelines and recommendations based on
the latest updates from the CDC and other
health authorities
31 | NACTIHS @$F @mAL  NAANTF®- | It is about vaccines that have to be Avoid
NS During Pregnancy.
32 | NACTTHT NE* mLIR NHA P9y n+NFm- | Vaccines to Get After and before Pregnancy
ATN$F
33 [ hNnt Goodbye

The patterns (statements) were prepared by considering different ways people might express the

same intent. To generate multiple expressions for each intent, the researcher collected and

incorporated various user expressions related to specific intents. Based on this, the final dataset

patterns were generated. In total, the dataset contained 5,523 Ambharic words distributed across
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intents, patterns, and responses. Specifically, there were 170 patterns (questions) and 33 distinct

intents.

5.3. Data Preprocessing
The implemented data preprocessing tasks successfully transformed the text into a more
manageable form, enabling the machine learning algorithms to perform more effectively. The

following results were observed from applying these preprocessing steps.

5.3.1. Text Normalization and Cleaning

This task results in normalized and cleaned text. After implementation, words such as ‘WA9®’

and ‘AA9™ or ‘AC°THS” and ‘OC°IHS”, which have the same pronunciation but different letters,

are effectively normalized to a single representation. Various texts with different representations
were manually provided and assessed experimentally. The results revealed that the defined
text_normalization() and text cleaner() functions consistently normalized and cleaned the text

accurately in all cases without any errors.

5.3.2. Tokenization

The tokenization task produces a list of words by using spaces as delimiters. Various texts with
different representations were manually provided, and the experimental results were assessed.
After implementation, the word _tokenize() function from the NLTK library successfully split the

Ambaric text into word tokens accurately in all cases without any errors.

5.3.3. Stop Word Removing

In this study, the stop word list was prepared based on previous research and the researcher’s
own efforts. The implemented Python code, using a for-loop with a condition words = [word for
word in words if word not in stop_word_list] successfully removed all specified stop words from
the tokenized words. Various texts containing stop words were tested, and the experimental
results confirmed that the method correctly removed the specified stop words from Ambharic text

without any errors in all cases.

5.4. Word Embedding
The implemented words = sorted(set(words)) function successfully built a sorted vocabulary
from the tokens or words. Various texts with different representations were tested, and the results

were verified using the print(words) function. The vocabulary was consistently built from
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Amharic text without any errors in all cases. Additionally, the bag-of-words approach was
implemented to create a vectorized representation of the vocabulary by counting the occurrence
of each word in a document. The list bag = [0] * len(words) generates a vector whose length
matches the size of the vocabulary. The following table illustrates the size and sample values of

the constructed words and bag lists.

vectorizer = CountVectorizer()
X = vectorizer.fit_transform(documents)
y = labels

print("Feature Names:")
print(vectorizer.get_feature_names_out())

print("\nBag-of-Words Matrix:")
print(X.toarray())

from sklearn.naive_bayes import MultinomialNB

classifier = MultinomialNB()
classifier.fit(X, vy)

nn

example_query =
cleaned_example = clean_text(example_query)
example_vector = vectorizer.transform([cleaned_example])
prediction = classifier.predict(example_vector)

print(”\nPrediction for example query:", prediction[@])

PROBLEMS OUTPUT DEBUG ¢ SOLE TERMINAL PORTS

Bag-of-Words Matrix:
[[e ... @ e]
[e .- e]
[e .- e]

leee ... el
[e e]
[e ell

Figure 20: Snapshot of python code for bag-of-words
5.4.1. Single Model

The task at hand is a multi-class classification problem, so the model is designed as a Multilayer
Perceptron (MLP) with a softmax activation function in the output layer. This allows the MLP to
predict a probability distribution over all target classes (intents), with the output vector size

matching the number of features generated by the bag-of-words representation.
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During the MLP model design, key hyperparameters such as the number of units (nodes) in the

dense (hidden) layer, the learning rate, and the choice of activation function are tuned using the

RandomSearch() class from the Keras-Tuner library.

X_train
y_train

build_

model

model .

model
model

.add(layers.Dense(y_train.shape[1],
.compile(optimi imi

np.random.rand (400, 200)

keras.utils.to_categorical(np. n.randint(®, 5, 10ee), num_cla

model(hp):
= keras.Sequential()

add(layers.Input(shape=(X_train.shape[1],)))

ge(hp.Int( num_1
d(layers.Dense(u hp.Int( units_' +

activation=hp.Choice( 'acti

str(i),
ation_' +
oftmax'))

activation='s

PY ",

max_trials

executio

tuner.search(X_train_subset,

best_model =
best_hyperparamete

print("Be

print(
for i i
3
print(
print(+"4

loss

print(

X_train[20@:]
y_train[2e0:]

y_train_subset, epochs=50,

tuner.get_best_models(num_models=1)[@]
tuner.get_best_hyperparameters(num_trials=1)[0]

)
a best_hyperparameters.
_hyperparameters.get( 1 5
{i} {best_hyperparameters.get
t_hyperparameter t(1e
{ [best_hyperparameters.get(

get('num_layers')}"

‘num

aluate(X_val, y_wval)

min_value=32,

str (i),

dam(learning_rate=hp.Float('lea

validation_data=(X_val,

str(i))}"

max_value=
values=["re

y_val))

)

str(i)) for i in range(best_hyperpar

Figure 21: Python code for hyperparameter tuning

Although the general impact of hyperparameters on model performance is understood,

determining the optimal values and combinations of interacting hyperparameters for a specific

dataset remains challenging. To address this, a trial experiment was conducted to select the best

hyperparameter configuration.

From the experiment, the best-performing configuration achieved an accuracy of approximately

75%. This configuration included the following hyperparameters:

e Number of units in the hidden layer: 128 nodes
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e Activation function: ReLU
e Learning rate: 0.01

Based on these results, this combination of hyperparameters was chosen to define the final single

MLP model, which was then used for further performance evaluation.

X_train random.rand(1eee, 508)
y_train keras.utils.to_categorical(np -randint(e, 5, 10e@), num_classes=5)

build_model(hp)
model = ker: eguential()
model.add (1 .Input(shape=(X_train.shape[1], b

model . add (1

model.add(layers.Dense(y_trail
model.compile(opti s i : . ‘learning_rate', le-4, le-2, samplin

directory="
project_name='m

)

X_val = X_train[:200]
y_val = y_train[:20@]
X_train_subset = X_train[2ee:]
y_train_subset = y_trai :]

tuner.search(X_train_subset, y_train_subset, epochs=58, validation_data=(X_val,
best_model = tuner.get_best_models(num_models=1)[@]
history = best_model.fit(X_train_subset, y_train_subset, epochs=58, validation_data=(X_val, y_val), verbose=e

1t.figure(figsize=(1e@, 6))
plot(history.history
plot(history.histor

itle(

Figure 22: Python code to output the performance of the MLP model on the train and test
datasets

Running the above code produces the performance metrics of the model on both the training and
testing datasets. The results are illustrated in Figure 23 below. Due to the stochastic nature of the
training algorithm and possible numerical precision variations, the exact results may differ
between runs. In this instance, the model achieved approximately 100% accuracy on the training

data and around 75% accuracy on the test data. Additionally, a line plot was generated to show
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the learning curves of model accuracy on both training and testing sets across each training

epoch, as depicted below.

Model Accuracy Learning Curves

1.0

—— Training Accuracy
Validation Accuracy

0.8 1

Accuracy
o
o
)

o
'S
L

0.2 1

0.0

Epochs

Figure 23: Learning curves of model accuracy on train and test dataset over each training epoch

The experimental results revealed that the model exhibits variance in its predictions. This was
demonstrated by repeatedly fitting and evaluating the same model configuration on the identical
dataset and summarizing its final performance. To conduct this, the researcher encapsulated the
fit and evaluation steps into a reusable function, evaluate model(), which takes the training and
testing datasets, fits the model, evaluates it, and returns the test accuracy. This function was
called 30 times, with the test accuracy scores recorded each time. The collected accuracy scores
were then summarized using their mean and standard deviation, assuming a Gaussian
distribution, which is a reasonable assumption. Additionally, the distribution of these accuracy
scores was visualized using a histogram to show its shape and a box-and-whisker plot to
illustrate the spread and central tendency. The complete experimental results summarizing the

variance of the MLP model on the given dataset are presented below.
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import numpy as np
import matplotlib.pyplot as plt

test_accuracies = np.random.uniform(e.7,

plot_accuracy_histogram(accuracies):

Plots a histogram of test accuracies.

Parameters:

accuracies: List or array of accuracy

plt.figure(figsize=(10, 6))

plt.hist(accuracies, bins=1©, color= lue', edgecolor='black')
plt.title('Histogram of Test Accurac over 38 Repeats')
plt.xlabel( Accuracy’)

plt.ylabel (' Frequency"')

plt.x1lim(@, 1)

plt.xticks(np.arange(©, 1.1, ©.1))

plt.grid(axis="y', alpha=e.75)

plt.show()

plot_accuracy_histogram(test_accuracies)

Figure 24:Python code of evaluation model () function

Running the above code prints the accuracy of each model on the test set, followed by the mean
and standard deviation of the collected accuracy scores. Due to the stochastic nature of the
training algorithm and variations in numerical precision, the results may vary slightly each run.
In this case, the average accuracy across the sample is approximately 75%, with a standard
deviation of about 1.3%. This standard deviation serves as an estimate of the variance in the
model’s predictions on the test set. Additionally, a histogram of the accuracy scores is generated

to visually represent the true underlying distribution of the results.

Histogram of Test Accuracies over 30 Repeats

o~

Frequency
w
|
|

0.0 01 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
Accuracy

Figure 25: Histogram of a single model test accuracy over 30 repeats
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A box and whisker plot are also created showing a line at the median at about 75% accuracy on
the test set.

Box and Whisker Plot of Test Accuracies over 30 Repeats

0.0 0.2 0.4 0.6 0.8 1.0
Accuracy

Figure 26: Box and Whisker plot of a single model test accuracy over 30 repeats

The analysis of the test score samples clearly demonstrates that there is variance in the

performance of the same model, even when trained repeatedly on the same dataset.

5.5. Ensemble Model Averaging Performance

Model averaging, a form of ensemble learning, is employed to reduce the variance of the model
and potentially lower its generalization error. Specifically, this approach aims to decrease the
standard deviation of the model’s performance on the holdout test set while improving training

set performance. To verify these assumptions, several steps are followed:

1. Model Training Function: A function is created to train and return a model fitted on the

training dataset.

2. Prediction Aggregation Function: Another function is defined that takes a list of trained
ensemble members and generates a combined prediction for a sample dataset. This
dataset can consist of one or more samples organized as a two-dimensional array of

samples and input features.

3. Determining Ensemble Size: To decide the appropriate number of ensemble members
for this problem, a sensitivity analysis is conducted. This involves evaluating how the test

accuracy changes as the number of ensemble members increases.
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4. Evaluation Function: A function is implemented to evaluate a specified number of

ensemble members by combining their predictions and calculating the overall accuracy.

5. Visualization: Finally, a line plot is generated with the number of ensemble members on
the x-axis and the corresponding averaged accuracy on the y-axis, showing how

ensemble size affects performance on the test dataset.

Running code fits 20 individual models on the same training dataset. The resulting distribution of
accuracy scores from these models on the test dataset is shown below.

s 15ms/step accuracy: @. ss: @e. : val_accuracy:
l4ams/step accuracy: @. : e. val_accuracy:
l4ams/step accuracy: @.83 : @.711 val_accuracy:
14ams/step accuracy: @. ss: @.665 val_accuracy:
14ams/step accuracy: ©. - val_acc
14ams/step accuracy: ©. .6 val_accuracy:
14ams/step accuracy: ©. : e. val_accuracy:

15ms/step accuracy: - : - val_accuracy:
1l4ams/step accuracy: - B - val_accuracy:

1l4ams/step accuracy: - - val_accuracy:

lems/step accuracy: - - val_accuracy:

step accuracy: = = val_ accuracy:
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Figure 27:Test Accuracy of the first fits 20 models

Finally, a line plot is created showing the relationship between ensemble size and performance
on the test set.
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Figure 28: Line plot of ensemble size versus model test accuracy

From the depicted plot, it can be observed that the model’s performance improves as the number
of ensemble members increases, up to about five members. Beyond this point, the performance
plateaus, stabilizing around 75% accuracy. This value closely matches the average test set

performance observed during the repeated evaluation of the single model.

Based on this observation, the next step is to update the repeated evaluation experiment to use an
ensemble of five models instead of a single model and then compare the distribution of accuracy

scores to assess the impact of ensemble learning on performance stability and overall accuracy.

Histogram of Test Accuracy for Five-Member Ensemble Model
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Figure 29: Histogram of a five-member ensemble model test accuracy over 30 repeats
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1o Box and Whisker Plot of Ensemble Model Test Accuracy
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Figure 30: Box and Whisker plot of a five-member ensemble model test accuracy over 30 repeats

In this case, the average performance of the five-member ensemble on the dataset remains
approximately 75%, which is very close to the average accuracy of 75% observed for a single
model. The key difference lies in the reduction of the standard deviation, which decreases from

1.3% for the single model to 0.6% for the ensemble of five models.

This reduction in variance results in improved reliability and consistency of predictions, a highly
desirable property for models intended for operational use. The findings demonstrate that, for
this specific model and prediction task, a model averaging ensemble of five members is
sufficient to effectively reduce variance. Consequently, this variance reduction also leads to

better average performance when deploying the final model.

5.6. GUI Chat Interface for Intent Classification

The figure below illustrates a text-to-text conversation between the user and the chatbot. As
shown, the system responds naturally to the user using Ambharic text. The graphical user interface
(GUI) for this interaction i1s designed using Tkinter, which is Python’s standard interface to the

Tk GUI toolkit and its de facto standard for building desktop applications.

Language Origin of the chatbot name Haben: "Haben" (+N7) is a Tigrigna word that

means "pride", "honor", or "dignity". It’s often used as a name to express value, respect, and

significance. Emotional Connection: In the context of pregnancy, the name can symbolize
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the pride and joy of expecting a child, and the honor of motherhood. Cultural Depth: Using a
Tigrigna name for an Ambharic chatbot shows inclusivity and respect for Ethiopia’s linguistic
diversity.
Why it’s a Great Fit for a Pregnancy Chatbot

e Empowering: The name "Haben" reflects the strength and dignity of mothers.

e Memorable: It’s short, easy to remember, and emotionally resonant.

e Culturally Rich: It bridges communities and languages, making the chatbot feel more

welcoming.

B Un7 PATIZE RIR PINAM-C ATTT AT9NS AL

AYE: NAT™
UunNy_NaF: mSs SNTat! 9% ACSPF?

AYE: 9T ANaA
uUnNT_NF: YNIP NATR ame™ F+FPANR
NACTIHS HZ P A™Ihe 1%

Figure 31: GUI showing conversation between the user and the bot

If the user sends sentences with spelling errors or unclear/unrecognized ideas, the chatbot

responds with messages such as "&%C3I 2% ATLLAT AATNAIR" (Sorry, I didn’t understand
what you meant), “ANAP +enT94 a°/F £R4" (Please provide more information), or "9239°

AATN%9R" (I didn’t understand anything). The figure below illustrates a text-to-text conversation

between the user and the bot when the user’s input contains spelling errors or unclear ideas.

5.7. Comprehensive Validation Framework
Given the healthcare context and the target population with varying levels of digital literacy, the

evaluation of the Haben chatbot required an approach that extended beyond technical metrics to
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encompass human-centered factors. This section details the multi-dimensional validation

framework that was adopted.

5.7.1. Theoretical Foundations

The evaluation did not rely on technical metrics alone; it was built upon the integration of two
established theoretical frameworks. These frameworks provided lenses through which to
systematically examine how users might perceive, interact with, and ultimately accept this digital

health tool.

The first lens was provided by the Technology Acceptance Model (TAM). Developed by Davis
in 1989, TAM offers a way to understand why people adopt new technologies. Its central
premise is that two key perceptions primarily drive a person's intention to use a
system: Perceived Usefulness (PU) and Perceived Ease of Use (PEOU). For this project, these
concepts were translated into specific, tangible questions. PU became: would an expecting
mother believe this chatbot was a genuinely valuable source of timely, reliable pregnancy
information that she could trust? PEOU became: would she find the act of typing a question and
reading the answer straightforward and intuitive, even if she wasn't highly familiar with using
smartphone apps? Essentially, TAM guided the inquiry into whether the chatbot would be seen
as a helpful aid and whether using it would feel like a natural extension of how she already

communicates.

The second lens was provided by Nielsen's Usability Heuristics. These are ten established
principles for designing interfaces that are intuitive and user-friendly. For assessing a

conversational agent like Haben, five of these heuristics were particularly relevant:

Visibility of System Status required that the chatbot always made its state clear whether it was
processing, ready for input, or had encountered a problem. Match between System and the Real
World demanded that the Chabot’s language be that of its users: using common Amharic phrases

and culturally familiar concepts (like local foods) rather than clinical or foreign terminology.

Consistency and Standards meant the chatbot behavior and response patterns needed to be
predictable, so wusers could build accurate mental models of how it worked. Error
Prevention guided the design to proactively avoid confusion, for instance, by normalizing

different spellings of the same Amharic word.
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Help Users Recognize, Diagnose, and Recover from Errors meant that when the chatbot failed to
understand, its error messages needed to be constructive, explaining the issue in plain language
and offering suggestions to move forward. Together, TAM addressed the fundamental question
of "Will they want to use it?", while Nielsen's heuristics provided the concrete criteria to answer

"Can they actually use it effectively?"

5.7.2. Validation Methodology
To answer these questions, a mixed-methods validation strategy was crafted. This combined the
concrete, implemented testing of the chatbot technical engine with a proposed, structured plan

for its human-centered evaluation.

Technical Validation (Implemented): This phase focused on the machine intelligence at the core
of the system. It began by employing standard metrics accuracy, precision, recall, and F1-score
to quantify how well the model could classify a user's intent. The method was rigorous: the
dataset was split, with 80% used for training and 20% held back for testing. Crucially,
recognizing the inherent randomness in training neural networks, the entire training process was
repeated 30 times with different starting seeds to ensure findings were robust and not a statistical
fluke. The core focus of this phase was not just on achieving high average scores, but
on improving model stability. This is why ensemble methods were emphasized to reduce the

variability in responses and create a more reliable conversational partner.

Theoretical User Validation (Proposed Framework): While the technical engine was tested, a
comprehensive framework for evaluating its interaction with real users was developed as a
blueprint for future work. This framework detailed everything needed to conduct a meaningful

user study.

First, it defined the Participant Profile. The primary evaluators were envisioned to be 40-50
Ambharic-speaking pregnant women in their second or third trimester, as they would have
immediate, practical information needs. A conscious effort to ensure a balanced
recruitment across urban and rural settings and varying levels of education and tech familiarity
was planned to capture diverse perspectives. Furthermore, 10-15 healthcare providers midwives
and health extension workers were included as expert reviewers to validate the medical accuracy

and contextual appropriateness of the chatbot's knowledge base.
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Second, specific Evaluation Instruments were designed or selected. An Adapted System
Usability Scale (SUS) a reliable 10-item questionnaire would be translated and culturally adapted
to Amharic to get a standardized usability score. A custom TAM-Based Survey would measure
the core constructs of Perceived Usefulness and Ease of Use. A Task Completion Protocol with
five realistic scenarios (e.g., "find guidance on third-trimester nutrition") would measure
practical usability by observing if users could successfully achieve specific goals. Finally,
a Semi-structured Interview Guide would be used to dive deeper, eliciting rich, qualitative
feedback on intangible factors like trust, cultural fit, and perceived gaps in the system's

capabilities.

This two-part methodology implementing technical tests and proposing a rigorous user-study
framework ensured the chatbot was evaluated both for what it could do and for how it might
be received by the people it was designed to serve. Procedure: A four-phase procedure was

outlined:
e Phase 1: Administration of a demographic and background questionnaire.
e Phase 2: Completion of five predefined task scenarios using the chatbot.
e Phase 3: Completion of the SUS and TAM surveys.
e Phase 4: A 15-minute semi-structured interview focusing on trust, relevance, and gaps.

5.7.3. Prototype Assessment against the Framework

Technical Performance Assessment: The implemented ensemble model was found to achieve a
test accuracy of 75.2% with a standard deviation of +£0.6% across 30 runs. This performance was
deemed acceptable for a 41-intent prototype system. The principal technical achievement was the
reduction in prediction variance from 1.3% (single model) to 0.6% (5-model ensemble), a
characteristic considered critical for ensuring a reliable and consistent user experience in a

healthcare context.

Theoretical Usability Analysis: An analysis of the prototype against Nielsen's heuristics yielded

the following observations:
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Strengths: The interface was designed to provide immediate visual feedback as messages
appeared in the chat window, addressing Heuristic #1 (Visibility of System Status). Furthermore,
responses were crafted using colloquial Amharic and deliberately avoided complex medical

terminology, aligning with Heuristic #2 (Match between System and Real World).

Areas for Improvement: The error message ("I didn't understand") was identified as lacking
guidance for rephrasing or recovery, which contravenes Heuristic #9 (Help Users Recognize,
Diagnose, and Recover from Errors). Additionally, the absence of a mechanism to review or edit

previous queries was noted as a limitation of user control (related to Heuristic #3).

TAM Construct Evaluation: Based on the design and interaction patterns of the prototype, the
following assessments of the TAM constructs were made: Perceived Usefulness (Likely
High): The chatbot's 24/7 availability, provision of a private venue for sensitive questions, and
location-independent access were identified as strong potential contributors to perceived

usefulness.

Perceived Ease of Use (Potential Concerns): The text-only interface was recognized as a
potential barrier for users with lower literacy levels, and the lack of a voice input option was

noted as a limitation.

Critical Trust Factors: Transparent disclaimers regarding the non-diagnostic nature of the tool
and the explicit citation of Ethiopian Ministry of Health guidelines were implemented as

foundational elements for building user trust.

5.7.4. Limitations of the Current Validation

It is acknowledged that the validation conducted in this study is inherently limited by several
factors: The prototype stage of development precluded large-scale, longitudinal user testing in
real-world settings. Data on the tool's long-term impact on health-seeking behaviors or clinical
outcomes were not collected, as this would require a different study design. The validation was
conducted under assumptions of consistent smartphone and internet access, which may not

reflect the connectivity challenges present in some rural areas of Ethiopia.
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5.8. Validation Summary

The validation approach established in this study demonstrates that a holistic assessment of
the Haben chatbot requires the triangulation of evidence from three domains: Technical
Efficacy (quantified through model accuracy and stability), Usability (assessed through heuristic
evaluation and task-based metrics), and Adoption Potential (evaluated through the theoretical

lenses of perceived usefulness, ease of use, and trust).

While full empirical validation with end-users remains an objective for future work, the
framework developed and applied here provides a robust methodological foundation. It
successfully identifies both the demonstrated capabilities of the prototype and the critical human

factors that will determine its ultimate success in supporting maternal health in Ethiopia.

72|Page



CHAPTER SIX
CONCLUSIONS AND FUTURE WORKS

6.1 Conclusion

A chatbot is a software application designed to facilitate voice or text-based interactions between
humans and computers. As an intelligent, interactive system, it engages users through
conversational interfaces. In the healthcare sector where human interaction is fundamental
conversational Al applications such as chatbots are increasingly relevant. Repetitive tasks,
including the provision of standard responses or frequently asked information, can be efficiently

automated using chatbot systems.

Globally, there are established virtual agents that provide maternal healthcare assistance.
However, many of these systems lack adaptability to diverse linguistic and contextual settings,
particularly for non-English speakers or users from countries with different living standards. In
response to this limitation, this study proposed and developed an Al-driven chatbot specifically
tailored for Ambharic-speaking users particularly pregnant women in Ethiopia. The system is
designed to support maternal health follow-ups and consultations by delivering simple,

contextually relevant guidance and assessing maternal conditions in a human-like manner.

Several key tasks were undertaken to achieve this goal. Initially, data collection was carried out,
followed by dataset preparation in JSON format. Each entry in the dataset consisted of three
components: a tag (representing the user’s intent), patterns (sample user inputs), and responses

(appropriate chatbot replies). A total of 41 distinct intents were identified.

Subsequently, essential text preprocessing techniques were applied, including normalization,
cleaning, tokenization, and stop-word removal critical steps in Natural Language Processing
(NLP) that enhance the performance of machine learning algorithms. For word embedding, the
bag-of-words approach was implemented to generate a vectorized representation of the

vocabulary.

After data preprocessing and word embedding, an investigation was conducted to develop an
ensemble model for intent classification. Since the task involves multi-class classification, the

proposed Multi-Layer Perceptron (MLP) model was trained to predict a probability vector
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indicating the likelihood of a sample belonging to each intent. The model achieved

approximately 100% training accuracy and about 75% accuracy on the test dataset.

However, further experiments revealed a degree of variance in the model’s predictions. This was
evident through repeated training and evaluation using the same model configuration and dataset.
The average test accuracy remained around 75%, with a standard deviation of 1.3%, indicating

prediction instability.

6.2 Recommendation and Future Work

As Haben transitions from a research prototype to a tool with real-world potential, several
meaningful pathways emerge for its evolution. This work, while complete in its initial objectives,
opens more doors than it closes each representing an opportunity to deepen the chatbot’s

relevance, reliability, and reach within the communities it aims to serve.

Technical and Interaction Design At its core, Haben is a conversation. To make that conversation
more natural, helpful, and accessible, several technical evolutions feel necessary and promising.
First and foremost, the voice of the user should be heard literally. A voice interface would
dramatically expand accessibility, welcoming users who may struggle with text due to literacy,
visual impairment, or simply the familiarity of spoken language. Imagine a pregnant woman in a
rural home speaking her concerns aloud and receiving a calm, audible response in return this

feels like a fundamental next step toward true inclusivity.

Similarly, the mind of the chatbot can grow wiser. While the current model capably identifies
intent, future iterations could understand context more deeply by remembering previous
exchanges (with privacy carefully guarded) or by recognizing subtle emotional cues in a user’s
words. Integrating more advanced language models, fine-tuned on authentic Amharic dialogues,

could help Haben move from providing answers to fostering understanding.

Content, Language, and Integration: - A mother’s journey does not exist in isolation, and neither
should her support tools. Haben’s knowledge, while carefully curated, could naturally broaden to
include postnatal and new born care, creating a continuity of guidance from pregnancy through
early motherhood. Furthermore, Ethiopia’s beautiful linguistic tapestry calls for expansion.
Developing versions of Haben in Oromiffa, Tigrigna, and Somali would not be mere translation

it would be an act of inclusion, ensuring no woman is left behind because of her mother tongue.
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Perhaps most importantly, Haben should not be an island. Thoughtful integration with Ethiopia’s
healthcare system allowing for safe, anonymized alerting of health extension workers in high-
risk situations, or providing users with localized clinic information could bridge the gap between
digital advice and physical care. This connection transforms the chatbot from an information

source into a true component of the healthcare pathway.

For a tool dealing with something as intimate and important as pregnancy, trust is everything.
The proposed user evaluations must now be carried out not as a formality, but as a deep listening
exercise. Real women in real communities need to shape Haben’s future, pointing out where it
confuses, where it comforts, and where it falls short. Alongside this, a clear ethical framework
must be woven into the system’s design, ensuring transparency about the bot’s limitations and

unwavering commitment to user privacy and data dignity.

Finally, for Haben to endure, it must be sustainable. This requires honest conversations about
funding models that do not compromise access, about partnerships with the public health system,
and about creating a maintenance cycle where medical content is regularly reviewed and
updated. The goal is not just to build a chatbot, but to nurture a resource that communities can

rely on for years to come.
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