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Abstract 

 

This master’s thesis focuses on experimenting with and evaluating deep learning techniques alongside 

various classical machine learning models for the development of an Amharic chatbot. The models 

examined include decision trees, support vector machines, random forests, logistic regression, Naive Bayes, 

multi-layer perceptron , and Bi-LSTM. Additionally, the research aims to identify the most effective feature 

extraction method. The methodology encompasses data collection, preprocessing, feature extraction, model 

training, and evaluation, with accuracy serving as the primary performance metric. 

 

The results demonstrated that using TF-IDF with hyperparameters 'n_estimators': 100, 'min_samples_split': 

2, the Random Forest, SVM, and Decision Tree models achieved an accuracy of 0.9286, while Naive Bayes 

and Logistic Regression had accuracies of 0.6964 and 0.7679, respectively. Using CountVectorizer with 

the same hyperparameters, the SVM, Naive Bayes, and Logistic Regression models achieved the highest 

accuracy of 0.9286. The Decision Tree model followed with an accuracy of 0.8929, while the Random 

Forest model had an accuracy of 0.8214. Precision, recall, and F1 scores were also evaluated, with SVM, 

Naive Bayes, and Logistic Regression models showing consistently high performance across these metrics. 

These findings suggest that the choice of feature extraction technique and hyperparameter tuning 

significantly impact the performance of certain models. Interestingly, the MLP Classifier model 

outperformed the other models when using the TF-IDF feature extraction technique, achieving an accuracy 

of 0.9643, In General, from the experiment, we observed that the Bi-LSTM model performance is lower 

than the other models. 
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Chapter 1 Introduction 

1.1 Background 

Ethiopia's healthcare system faces significant challenges, including a severe shortage of medical 

professionals, particularly in rural areas. This shortage has led to difficulties in providing timely 

and effective healthcare services to the population. The limited resources and lack of medical 

experts exacerbate the issue, making it essential to explore innovative solutions to improve 

healthcare accessibility and quality [34]. 

 

Clinical chatbots are revolutionary digital tools that utilize artificial intelligence and machine 

learning models to provide personalized healthcare recommendations, symptom analysis, and 

medical condition information. With their 24/7 availability and user-friendly interfaces, these 

chatbots have the potential to transform the way people access healthcare information and 

support [9]. 

 

Ethiopia is a linguistically diverse country with over 80 languages spoken across various 

regions. Amharic, Oromo, and Tigrigna are three major languages spoken in the country, each 

with its unique usage and significance. Designing a linguistically grounded system can enhance 

the accessibility and accuracy of healthcare services for Amharic-speaking individuals [52]. 

 

This master’s thesis aims to experiment with and evaluate various classical machine learning 

classification models and deep learning models in the development of a Text-based clinical 

chatbot in Amharic language. By achieving these objectives, this study seeks to improve the 

lexical resources of the Amharic language in the healthcare domain and identify the best fit 

model and feature extraction. 
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1.2 Motivation 

 

In a country with a population of over 110 million, Ethiopia faces significant challenges in providing adequate 

healthcare access. The nation's physician shortage, with only around 5,000 physicians serving the entire 

population, underscores the urgent need for innovative solutions. According to the World Health Organization, 

Ethiopia's physician-to-population ratio of 0.45 physicians per 10,000 people is alarmingly low, less than a 

fifth of the WHO African region average. This places Ethiopia among the countries with the lowest physician 

density in the world, trailing far behind its neighbors like South Africa, Kenya, and Nigeria [6, 34]. 

Given this substantial healthcare workforce challenge, the motivation to explore cutting-edge technological 

solutions, such as Amharic-powered clinical chatbots, becomes paramount. These conversational AI agents, 

fluent in the local language, hold the promise of bridging the gap between the limited number of physicians 

and the vast population in need. The strength of these Amharic chatbots lies in their linguistic fluency and 

their ability to provide culturally relevant and tailored recommendations. By building trust and fostering a 

sense of connectivity that transcends physical distance, digital interventions can revolutionize the way 

Ethiopians access and experience medical care [3, 4, 22]. 

Moreover, the quest to develop a clinical chatbot that can accurately and efficiently assess patients' symptoms 

and provide effective recommendations drives the motivation to experiment with various classical machine 

learning and deep learning models. The goal is to achieve optimal performance and accuracy in solving real-

world problems. By exploring the complexities of the Amharic language, particularly in the healthcare 

domain, this research can contribute invaluable linguistic data and insights, thereby strengthening the 

language's digital presence and accessibility. 
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1.3 Problem Justification 

 

Amharic is the second most widely spoken Semitic language after Arabic, serving as the working 

language of Ethiopia and spoken by millions of people. However, the availability of technology and 

AI applications in Amharic is limited compared to widely spoken languages such as English and 

Mandarin Chinese [6, 13, 52]. 

 

This text-based system can improve efficiency by enabling remote consultations and potentially 

reducing unnecessary travel and wait times. Furthermore, it can bridge the language barrier between 

Amharic speakers and an English-centric healthcare system. In conclusion, developing a text-based 

Amharic clinical chatbot addresses the language accessibility gap, allowing Amharic speakers to 

interact with technology in their native language, access information, and receive healthcare support 

more effectively. This also involves creating datasets specific to the language [13]. 
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1.4 Problem Statement 

 

Despite the potential benefits of chatbots in healthcare, there is a lack of comprehensive 

comparisons between machine learning classification models and deep learning models in the 

context of clinical chatbots. Existing research has primarily focused on individual models and 

feature extraction, with model performance compared in a more general NLP context [2, 3, 4, 

6]. To bridge this gap, there is a need for a thorough experiment, evaluation, and comparison of 

popular classical machine learning and deep learning models for text classification within the 

specific domain of healthcare clinical chatbots. This research aims to address this gap by 

experimenting with and evaluating various popular machine learning classification models and 

deep learning models to determine their performance and suitability for enhancing the accuracy 

and effectiveness of an Amharic text-based clinical chatbot. 

 

This research contributes to advancing the field of Amharic text-based clinical chatbots by 

guiding the selection of the most appropriate model(s) to enhance the accuracy and effectiveness 

of the chatbot system in providing healthcare recommendations. The following research 

questions are addressed: 

 

 

❖ Which feature extraction techniques have a significant impact on the performance of the 

model? 

❖ Which machine learning model performs best in developing an Amharic clinical chatbot?
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1.5 Research Objectives 

 

1.5.1 General Objective 

 

This study aims to experiment with and evaluate various classical machine learning 

classification models and deep learning models in the development of a Text-based clinical 

chatbot in the Amharic language. The goal of this study is to identify the best-fit model for 

Amharic language clinical chatbot development, with a focus on accurately classifying 

symptoms and providing effective prediction in a domain-specific healthcare vocabulary and 

terminology. 

 

1.5.2 Specific Objectives 

 

• To Investigate the impact of feature extraction techniques on the performance of machine 

learning model in Amharic clinical chatbots. 

• To identify the best-fit model for Amharic clinical chatbot development.  
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1.6 Significance of the Study 

 

The significance of experimenting with different popular classical machine learning 

classification models lies in their potential to enhance the accuracy and performance of clinical 

chatbots, guide model selection, and contribute to scientific knowledge in the field. By 

conducting a comprehensive evaluation and comparison of different classification models, this 

research enables a comparison of their performance in accurately classifying user inputs, 

identifying the models that exhibit higher accuracy, precision, recall, and F1 scores. 

 

The findings of this research have practical implications for the development of clinical chatbots, 

as the identification of the most effective classification model(s) helps to guide developers and 

practitioners in selecting the appropriate model for accurate text classification. This, in turn, 

enhances the overall performance and user experience of healthcare chatbots. Furthermore, this 

research contributes to the existing body of knowledge in the field of clinical chatbot 

development, providing insights into the strengths, weaknesses, and applicability of each model 

in the healthcare domain. 
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1.7 Scope and Limitations 

This study focuses on experiments and evaluates popular classical machine learning and deep 

learning models in the development of a text-based Amharic Clinical chatbot [23]. The chatbot 

is designed to interact with patients through a conversational interface, gathering symptoms to 

provide a recommendation that can understand and process Amharic language inputs, and 

generate tentative diagnosis, emphasizing the functionalities of symptom- based diagnosis. 

 

The Clinical chatbot is targeted at providing tentative diagnosis for common, non- emergency 

medical conditions. It does not cover specialized or complex medical issues that require 

laboratory, clinical evaluation, etc. It only supports the Amharic language and is not designed 

to handle input or provide responses in other local languages. It only accommodates text-based 

interactions and is not going to support voice input, image recognition, or other multimedia 

modalities. 

 

1.8 Thesis Structure 

The rest of the thesis chapter is organized as follows. In Chapter Two, we examine the various 

text-based healthcare chatbot systems that have been developed. We study their design 

principles, functionalities, and the technological approaches employed to deliver accurate and 

reliable medical assessments. Additionally, we explore the challenges and considerations 

specific to the implementation of these systems in the context of low-resource languages like 

Amharic in Healthcare. By organizing Chapter 2, we aim to provide a comprehensive 

understanding of the literature related to text-based clinical systems, machine learning 

classification models, and the existing research in low-resourced languages. This lays a solid 

foundation for the subsequent chapters, enabling us to go deeper into the methodology, 

experimental results, and discussion of our research. 
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Chapter 3 outlines the methodology employed in this research study. This chapter details the 

step- by-step process undertaken to develop and evaluate the text-based clinical chatbot system 

in the case of Amharic language; we also aim to provide a transparent and systematic approach 

to developing and evaluating the text-based clinical system for low-resourced languages. This 

ensures the reliability and validity of our research findings and contributes to the overall success 

of the study. 

 

Chapter 4 presents the experimental results and analysis of the developed text-based clinical 

chatbot for low-resourced languages. This chapter focuses on evaluating the performance and 

effectiveness of various machine learning and deep learning models used & conducting a 

comprehensive comparative analysis of the experimental results obtained from the different 

models. We compared the performance of Naïve Bayes, decision trees, support vector machines, 

random forests, Logistic regression, multi-layer perceptron, and Bi-LSTM in terms of various 

metrics. By organizing Chapter 4 in this manner, we aim to provide a detailed evaluation and 

analysis of the experimental results obtained from the different models utilized in the text- based 

clinical chatbot. This enables us to gain insights into the performance and effectiveness of each 

model and inform the discussion and conclusions of our research. 
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Chapter 5 goes through the discussion of the research findings, interpretation of the results, 

limitations, and challenges encountered during the study, as well as potential future directions 

for further exploration. This chapter contributes to the overall understanding of the implications 

and significance of the research study and lays the foundation for future research endeavors in the 

field of text-based clinical chatbots for low-resourced languages. 

 

Chapter 6 provides a concise and comprehensive conclusion to the research study on the 

development of a text-based clinical chatbot for low-resourced languages. This chapter 

summarizes the key findings of the study, highlights the contributions made to the field, and 

discusses the implications and recommendations derived from the research, it also serves as a 

final reflection on the research journey and provides a solid foundation for future research and 

advancements in the field of text-based clinical chatbots for low-resourced languages. 
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Chapter 2 Literature Review 

2.1 Introduction 

Machine learning and deep learning are both subfields of artificial intelligence (AI) concerned 

with training computers to learn from data [41]. However, they differ in their approach and 

capabilities. Classic machine learning models rely on statistical methods and techniques like linear 

regression, decision trees, or support vector machines [8]. These models require explicit feature 

engineering, where domain knowledge is used to identify and extract relevant features from the data 

that the model can learn from. This feature engineering step plays a crucial role in the performance 

of traditional ML models. Additionally, ML models are typically less complex and require less 

computational power compared to deep learning models. An advantage of some ML models is 

their interpretability, allowing us to understand the features that contribute most to their 

predictions [41]. This can be valuable for debugging and gaining insights into the model's decision- 

making process. 

 

Deep learning, on the other hand, is a subfield of ML inspired by the structure and function of the 

human brain. It utilizes artificial neural networks (ANNs) with multiple layers of interconnected 

nodes and have the advantage of automatic feature learning, where they can discover relevant 

features directly from the data through the training process [40]. This eliminates the need for 

manual feature engineering, which can be a time-consuming and domain-specific task. Deep 

learning models can be very complex with many layers and millions of parameters, allowing them 

to model intricate relationships in data. However, this complexity comes at the cost of high 

computational needs for training and potentially lower interpretability. In essence, machine 

learning provides a more traditional, interpretable approach with less computational burden, while 

deep learning offers a powerful, data-driven approach for complex problems but can be 



11  

computationally expensive and less interpretable. The choice between these approaches depends 

on the nature of the problem and the available data [36,39,42]. 

 

2.2 Chatbots for Various Applications 

 Chatbots, conversational AI agents, have rapidly evolved in recent years, transforming user 

interaction experiences across various industries. Their ability to automate tasks, provide 

information, and simulate human conversation has been revolutionized by advancements in 

Natural Language Processing (NLP), machine learning, and deep learning [43,44,45]. This 

literature review explores the development and evaluation of chatbots, examining their strengths 

and limitations across diverse domains. 

 

At the core of chatbot functionality lies NLP, which enables chatbots to understand user intent, 

extract relevant information from queries, and generate coherent responses [42]. The techniques 

have been extensively explored in the field of NLP, with a focus on developing more accurate and 

efficient methods for understanding and generating human language. 

 

Machine learning (ML) and deep learning (DL) play a significant role in chatbot development, 

studies have explored the use of supervised learning models like decision trees and support vector 

machines for intent classification. Deep learning models, particularly recurrent neural networks 

(RNNs) and transformers, have shown promise in handling complex language and generating 

more natural responses. These models have been widely adopted in the field of NLP and have led 

to significant improvements in chatbot performance [8 ,9,21]. 
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Chatbots offer a versatile technology with applications in various domains. In the field of 

customer service, chatbots can serve as efficient customer service representatives, answering 

frequently asked questions and resolving basic issues. In education, chatbots can personalize 

learning experiences, provide feedback, and answer student queries. In healthcare, chatbots can 

offer support for patients, answer medical questions, and guide them towards appropriate care 

[28, 32].  

Evaluating chatbot performance is crucial, metrics like accuracy, precision, recall, and F1-score 

assess how well the chatbot classifies user requests and responds accurately. These metrics 

provide valuable insights into the strengths and limitations of chatbots and can be used to improve 

their performance and effectiveness. 
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2.3 Related work 

 

In the global context, chatbots are now essential in several industries, including e-commerce, 

virtual assistants, customer service, and healthcare. This field's progress is characterized by 

continuous study and development, with an emphasis on augmenting conversational skills, 

comprehending user intent, and refining overall user experiences. This review of the related work 

focuses on chatbot development specifically for the healthcare domain, where limitations and 

difficulties must be balanced against the potential advantages of better information access and user 

engagement. This highlights the importance of well-thought-out design and seamless integration 

with current healthcare systems [45,46,47]. 

 

2.3.1 Chatbot in Gujarati, Hindi, and English 

 

A study describes a multilingual healthcare chatbot application that uses Natural Language 

Processing (NLP) to prioritize disease diagnosis based on user-input symptoms. The chatbot 

functions in Gujarati, Hindi, and English to meet the varied linguistic requirements of rural India, 

when machine learning models like the Random Forest Classifier are used, the system produces 

the best disease prediction outcomes with 98.43% accuracy. The application takes a thorough 

approach, choosing the most pertinent response from its knowledge library in response to user 

queries by using TF-IDF and Cosine Similarity models. By addressing linguistic differences 

through multilingual capabilities, the chatbot system demonstrates adaptability in culturally 

different environments, leading to significant advancements in healthcare diagnoses [35].  
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The other study presents an intriguing study on a healthcare chatbot that harnesses the power of 

AI and Machine Learning. The chatbot primarily focuses on disease diagnosis and adopts the 

decision tree model to analyze user responses to queries. Operating through a question-and-

answer framework, the chatbot engages users in a conversation to gather information about their 

symptoms and medical history. By employing the decision tree model, the system uses this 

information to make informed decisions and provide accurate diagnoses. One notable aspect of 

the research is the emphasis on utilizing a dataset known for its enhanced factual richness. This 

dataset likely contains a wide range of medical information and real-world scenarios, enabling the 

chatbot to draw upon a comprehensive knowledge base and deliver more precise diagnoses. The 

decision tree model which is used to develop this powerful chatbot tool allows the patient to make 

structured decisions based on a series of yes-or-no questions. By branching out through different 

paths based on patients' responses, the chatbot can navigate through the decision tree and arrive at 

an accurate diagnosis efficiently [32].  

 

The other research document titled "K-Bot Knowledge Enabled Personalized Healthcare Chatbot" 

provides valuable insights into a specialized chatbot application designed specifically for the 

medical domain. Published in the IOP Conference Series Materials Science and Engineering in 

2021, the paper highlights the chatbot's ability to identify user symptoms and predict potential 

diseases, as well as recommend appropriate specialized physicians. The chatbot utilizes the 

Decision Tree Model, a powerful tool for structured decision-making. By analyzing user 

symptoms and applying the model, the chatbot can make accurate disease predictions with 

associated confidence levels. Moreover, it goes a step further by recommending suitable 
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specialists based on the predicted diseases. The "K-Bot" chatbot, as presented in this publication, 

demonstrates the potential of AI-driven chatbot applications in the healthcare sector. By 

combining symptom identification, disease prediction, and specialist recommendations, it offers 

a comprehensive solution that benefits both users and healthcare providers [29]. 

 

2.3.2 Chatbot in Chinese, Malay, Tamil, Filipino, Thai, Japanese, French, Spanish, 

and Portuguese  

 

The paper entitled “Development and testing of a multilingual Natural Language Processing-based 

deep learning system in 10 languages for COVID-19 pandemic crisis A multi-center study". It 

details how artificial intelligence and natural language processing is being used to enhance 

healthcare delivery during the COVID-19 pandemic is published in the journal "Frontiers in Public 

Health”. The article describes a multilingual NLP-based deep learning system whose goal is to 

create a chatbot called DR-COVID that can produce precise multilingual answers to medical 

queries relating to Covid-19. Chinese, Malay, Tamil, Filipino, Thai, Japanese, French, Spanish, 

and Portuguese were among the languages in which it was tested [35]. 

 

2.3.3 Chatbot in Bilingual Afaan Oromo and Amharic Languages 

Moving from the global perspective to a more localized context in Ethiopia, researchers have 

explored the development of chatbot applications for diverse purposes. Designing and Developing 

Bi-Lingual chatbot to assist Ethio-Telecom customers. The model is developed by using tflearn DNN 

model and keras Sequential model. Then compared both models based on accuracy metrics and scored 

80.29% and 86.13 % respectively [5]. 
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2.3.4 Chatbot in Afaan Oromo 

 

In the study titled "Developing Afaan Oromo Chatbot for HIV/AIDS Prevention and Care 

Counseling Using Deep Learning Approaches", the researchers focused on the development of 

intelligent conversational chatbots specifically for HIV/AIDS prevention and care counseling in 

Afaan Oromo language. The objective was to utilize deep learning techniques to create an 

effective chatbot system. To accomplish this, a dataset consisting of question-and-answer pairs 

was collected by filtering frequently asked questions from various healthcare organization 

websites and national comprehensive HIV prevention, care, and treatment guidelines. The dataset 

was prepared in JSON format and underwent appropriate data preparation steps before being used 

for model training. The researchers employed the word2vec word embedding method as a feature 

extraction technique. For the model design, several deep learning architectures were implemented, 

including convolutional neural network (CNN), long short-term memory (LSTM), bidirectional 

long, short- term memory (BiLSTM), and bidirectional gated recurrent unit (BiGRU). These 

models were trained using the prepared dataset, and accuracy rates of 92.11%, 93.8%, 95.27%, 

and 94.4% were achieved, respectively, showcasing the effectiveness of the proposed approaches. 

The performance of the developed chatbot system was evaluated through human evaluation and 

user acceptance testing. The results of these evaluations demonstrated high acceptance and positive 

outcomes in terms of both system acceptance and performance. This study provides valuable 

insights into the development of intelligent chatbot systems for HIV/AIDS prevention and care 

counseling in Afaan Oromo. The achieved accuracy rates and positive evaluation results highlight 

the potential of deep learning approaches in creating effective conversational agents for healthcare- 

related purposes [10]. 
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2.3.5 Chatbot in Amharic Language 

 

In a publication titled "Amharic Dialogue Based Expert System on Pregnancy", discusses ongoing 

research endeavors involving the creation of a text-based virtual maternity assistant chatbot 

tailored to the Amharic language. This initiative aims to address the specific needs of pregnant 

women in Ethiopia, providing advice and consultations through ensemble learning models. The 

data collection was performed for a single domain which is about pregnant women. The interview 

was the way they used to get the required data. Six pregnant were selected randomly and they were 

interviewed to get information about the feeling they had, symptoms seen, their behavioral 

changes, the way they were feeding and others & they also consulted physicians and nutritionists.  

Additionally, the authors highlighted a concerted effort to develop a comprehensive speech-based 

conversational AI system for healthcare, focusing on the under-resourced Amharic language. The 

localized approach extends to implementing Amharic text-based virtual maternity assistant 

chatbots, emphasizing text and speech-based solutions to enhance healthcare accessibility and 

communication for pregnant women in Ethiopia. A total of 560 text and audio data is prepared. 

The proposed system achieved 92% accuracy [2]. 

 

Another thesis titled "Designing and Implementing Amharic Text-Based Virtual Maternity 

Assistant Chatbot Using Ensemble Learning Models", focuses on developing a virtual maternity 

assistant chatbot that aids and provides information to expectant mothers in the Amharic language. 

The chatbot system described in the thesis incorporates ensemble learning models, which are a 

combination of multiple machine learning models working together to improve performance. 

These models are trained on labeled data to classify or predict user intents, enabling the chatbot 

to understand user queries and provide appropriate responses. To facilitate user interaction, the 

chatbot employs a GUI (Graphical User Interface) chat interface, allowing expectant mothers to 
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input text-based queries and receive relevant information. The system undergoes various text 

preprocessing tasks, including normalization, cleaning, tokenization, and stop word removal. 

These preprocessing steps help transform the user's text input into a format suitable for further 

analysis. Based on the predicted intent, the system retrieves a relevant text response from its 

knowledge base or generates a response dynamically that scores 67.3% this is very close to the 

average of 67.2% seen for the single model. The important difference is the standard deviation 

shrinking from 1.3% for a single model to 0.6% with a five-member ensemble. The researcher 

refers to different sources such as published books and articles written by experts in the field. 

Two notable sources referenced by the research are "እርግዝና እና አርባዎቹ ሳምንታት" and "እርግዝና 

እና የህጻናት እንክብካቤ". Furthermore, the researcher also referred to repositories of maternity 

healthcare information from notable institutions such as Jimma University Specialized Hospital. 

To gather a comprehensive understanding of the subject, the researcher also considered insights 

from privately owned maternity healthcare facilities. These facilities likely provided practical 

perspectives and real- world experiences related to maternal healthcare. In addition, the researcher 

sought input from registered health service providers like “ዶክተር አለ 8809” to contribute the 

overall knowledge base of the research. By drawing upon a diverse range of sources, including 

expert publications, institutional repositories, and consultations with healthcare providers, 

the researcher ensured a comprehensive and well-informed approach to the topic of maternal 

healthcare. Overall, the thesis presents a detailed framework for designing and implementing an 

Amharic text-based virtual maternity assistant chatbot. By employing ensemble learning models, 

preprocessing techniques, and word embedding [13]. 
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2.3.6 Gap Analysis 

 

The current research in Amharic language chatbots has made significant progress in developing 

effective systems using classical machine learning and deep learning models, such as Bi-LSTM 

models. However, there are several gaps in the current research that need to be addressed. Most 

research has been focused on specific domains, such as HIV/AIDS or pregnancy/maternity 

healthcare, leaving a gap in the development of more general healthcare chatbots that can address 

a broader range of medical inquiries and concerns. There is also a need for a comprehensive 

comparison of different feature extraction techniques and popular classical machine learning 

models to determine which approaches are most effective for Amharic language chatbots and 

there is currently no experiment that demonstrates the use of ensemble modeling, where different 

classical machine learning models are combined based on their individual performance, to 

improve the overall performance of the chatbot. 

 

2.4 Classical Machine Learning Classification Models 

Machine learning classification models have revolutionized various domains by enabling 

automated decision-making processes [11,21,23,41]. This literature review aims to provide a 

comprehensive overview of the most prominent machine learning classification models, their 

characteristics, strengths, weaknesses, and applications. By examining a wide range of studies, this 

review aims to shed light on the advancements made in classification models and their 

contributions to diverse fields. 
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2.4.1 Decision Trees 

Decision tree is a type of popular supervised machine learning models for classification tasks due 

to their simplicity and interpretability. In low- resourced language settings, decision trees have 

been applied successfully for different areas such as sentiment analysis, document classification, 

and named entity recognition. They have demonstrated promising results, particularly when 

combined with feature engineering techniques that leverage linguistic and contextual information. 

The models facilitate classification by partitioning data based on features. They excel at handling 

categorical and numerical data, and their hierarchical structure allows for easy visualization. 

However, decision trees are prone to overfitting and struggle with complex relationships in the 

data. The core idea behind decision trees is to split the input space into smaller, more 

homogeneous regions by making a series of decisions based on the input features. Each internal 

node in the tree represents a decision, and the leaf nodes represent the final classifications or 

regression outputs. One of the key advantages of decision trees is their interpretability. The tree 

structure provides a clear and intuitive visualization of the decision-making process, making it 

easier for users to understand how the model arrives at its predictions. This interpretability is 

particularly valuable in domains where model transparency is important, such as healthcare, 

finance, and regulatory applications [8,32]. 

In the healthcare domain, decision trees have been applied to a variety of tasks, including disease 

diagnosis, risk prediction, and treatment recommendation [32,39]. Furthermore, decision trees 

have been widely used in text classification tasks, such as sentiment analysis, spam detection, and 

document categorization. In these applications, the input features are typically derived from the 

text data, such as word frequencies or n-grams, and the model predicts the class label of the input 

text [1,24].  
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2.4.2  Support Vector Machines 

Support vector machine (SVM) is a powerful model that separates data points by constructing 

hyperplanes in a high-dimensional space. It is effective in handling both linearly separable and 

non-linearly separable data. SVMs provide robust generalization capabilities, but they can be 

computationally expensive for large datasets. It has been widely used for classification in low- 

resourced languages due to their ability to handle high-dimensional data and nonlinear 

relationships. SVMs have been employed for tasks such as part-of-speech tagging, sentiment 

analysis, and text categorization. However, the performance of SVMs in low-resourced languages 

heavily relies on the availability of annotated data and the selection of appropriate features and 

kernel functions. SVMs have been successfully applied to a wide range of problems, including 

disease diagnosis, risk prediction, and treatment recommendation. For example, SVMs have been 

used to diagnose various types of cancer, predict the risk of cardiovascular disease, and assist in 

the diagnosis of psychiatric disorders [33, 44]. 

 

2.4.3 Random Forests 

Random forests are ensemble learning models that combine multiple decision trees to improve 

accuracy and reduce overfitting and have gained popularity in low-resourced language settings due 

to their ability to handle noisy and imbalanced datasets. By using feature subsets and bootstrap 

aggregating, random forests provide robustness and enhanced predictive performance. These 

models have been successfully used for tasks such as named entity recognition, sentiment analysis, 

and text classification. The ensemble nature of random forests allows them to capture complex 

relationships and improve classification accuracy, making them suitable for low- resourced 

language scenarios [36, 41]. 
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2.4.4 Naive Bayes 

The Naive Bayes model is a popular machine learning model for classification tasks, particularly 

in text classification and natural language processing (NLP) applications. The Naive Bayes model 

is based on Bayes' theorem, which provides a way of calculating the posterior probability of a 

class given the evidence (input features). The model assumes independence between the input 

features, simplifying the posterior probabilities' calculation. Despite this simplifying assumption, 

the Naive Bayes classifier has been shown to perform well in many real-world applications, often 

outperforming more complex models. One of the key advantages of the Naive Bayes model is its 

computational efficiency, the model can be trained quickly, and the classification process is also 

fast, making it suitable for applications where real-time predictions are required [18,31, 35,36]. 

          

In the text classification domain, the Naive Bayes model has been widely used for tasks such as 

spam detection, sentiment analysis, and document categorization. The model's ability to handle 

high-dimensional feature spaces, such as those encountered in text data, has contributed to its 

success in these applications [24,25,27]. In the context of healthcare and medical applications, the 

Naive Bayes model has been applied to various tasks, such as disease diagnosis, predicting patient 

outcomes, and detecting adverse drug reactions [19, 21,22]. The model's interpretability and 

ability to handle uncertain or incomplete data make it a suitable choice for these domains. 
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2.4.5 Logistic Regression 

 

Logistic Regression is a widely used machine learning model for binary and multi-class 

classification tasks. It is a statistical model that predicts the probability of an outcome (dependent 

variable) based on one or more independent variables (predictors). Unlike linear regression, which 

is used for predicting continuous outcomes, logistic regression is specifically designed for 

predicting categorical outcomes [1,17]. The logistic regression model uses the logistic function, 

also known as the sigmoid function, to map the input variables to a probability value between 0 

and 1. This probability value can then be used to make a classification decision, such as assigning 

an instance to a particular class [15,16]. One of the key advantages of logistic regression is its 

interpretability. The model provides coefficients for each input variable, which can be used to 

understand the relative importance and direction of the relationship between the predictors and the 

outcome. This makes logistic regression a popular choice in applications where model 

interpretability is crucial, such as in healthcare and finance [8, 11,26,30]. 

 

Furthermore, logistic regression has been successfully applied to text classification tasks, such as 

sentiment analysis, spam detection, and document categorization. In these applications, the input 

variables typically consist of textual features, such as word frequencies or n-grams, and the model 

predicts the class label (e.g., positive or negative sentiment, spam or non-spam) of the input text 

[1,18]. One of the key considerations in using logistic regression is the assumption of linearity 

between the predictors and the log-odds of the outcome. If this assumption is violated, the model's 

performance may be impacted. To address this, researchers have developed extensions and 

variations of the logistic regression model, such as polynomial logistic regression, which can 

handle non-linear relationships [17,50]. Additionally, logistic regression can be susceptible to 

overfitting, especially when dealing with high-dimensional data or a large number of predictors. 
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Techniques like regularization, feature selection, and cross-validation are often employed to 

mitigate this issue and improve the model's generalization performance [8,50]. 

 

2.5 Deep Learning Models 

Deep learning models, a subset of machine learning algorithms inspired by the structure and 

function of the human brain, have revolutionized various industries with their ability to learn 

complex patterns from large amounts of data. These models, composed of multiple layers of 

interconnected nodes, known as artificial neural networks, excel at tasks such as image and speech 

recognition, natural language processing, and decision-making. By leveraging deep learning 

models, organizations can extract valuable insights, make accurate predictions, and automate 

processes with unprecedented efficiency and accuracy [30,35,38].  

 

2.5.1 Multi-Layer Perceptron (MLP) 

MLP, a type of feedforward neural network, has shown promise in low-resourced language 

settings. MLP models have been applied to tasks such as language identification, named entity 

recognition, and sentiment analysis. Their ability to learn complex representations from input data 

makes them effective in capturing subtle linguistics and improving classification performance 

[38,40]. 

 

2.5.2 Recurrent Neural Networks (RNN) 

 

RNNs, specifically bi-directional long short-term memory (Bi-LSTM) networks, have been 

utilized extensively in low-resourced languages for tasks such as machine translation, speech 

recognition, and sentiment analysis. The sequential nature of RNNs allows them to capture 

contextual dependencies and handle variable-length input, making them well-suited for language-
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related classification tasks. A bidirectional sequence processing model utilizes dual components 

to receive input in opposite directions, expanding the network's access to a broader range of 

information and enhancing contextual understanding. This approach allows for the simultaneous 

extraction of a significant volume of contextual data, enabling the classification of sequential data 

into multiple categories. These cutting-edge models represent advanced solutions in data 

classification tasks [10,30]. 

 

Figure 1BI-LSTM Model Architecture Adopted From Augustin O.Nwanjana 

 

Incorporating bidirectional processing techniques, the LSTM (Long Short-Term Memory) model 

enhances the capture of long-term dependencies within sequential data. By introducing memory 

cells and gating mechanisms, LSTMs selectively retain and discard information over time, 

leveraging an internal memory state to store data for extended periods. Unlike traditional 

unidirectional RNNs that process input sequences in a single direction, the bidirectional LSTM 

(Bi-LSTM) processes data in both forward and backward directions concurrently. Comprising two 

LSTM layers one for forward processing and the other for backward processing each layer 

maintains its hidden states and memory cells [38,40]. 
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2.6 Feature Extraction  

Feature extraction is a process used in machine learning to reduce the number of resources needed 

for processing without losing important or relevant information. Feature extraction helps in the 

reduction of the dimensionality of data which is needed to process the data effectively. In other 

words, feature extraction involves creating new features that still capture the essential information 

from the original data but in a more efficient way [40]. 

 

2.6.1 CountVectorizer 

 

CountVectorizer is a widely used technique in text analysis for extracting features from textual 

data. It converts text documents into a matrix that represents the frequency of each term. Each 

row in the matrix corresponds to a document, and each column represents a unique term present 

in the dataset, with the values indicating how often each term appears in the document. In the 

context of symptom-based corpora, CountVectorizer is applied to analyze the frequency counts 

of symptoms within disease descriptions [23,53].  

 

2.6.2 Term Frequency-Inverse Document Frequency (TF-IDF) 

 The TF-IDF metric is a widely used measure for assessing the importance of a term within a 

document or dataset. It achieves this by combining two key components: Term Frequency (TF) 

and Inverse Document Frequency (IDF). Term Frequency calculates the relative importance of a 

term within a document by determining the ratio of the term's frequency to the total number of 

terms in the document. This provides insight into the significance of a term within a specific 

context. On the other hand, Inverse Document Frequency evaluates the rarity of a term across the 

entire dataset by computing the logarithm of the total number of documents divided by the number 

https://deepai.org/machine-learning-glossary-and-terms/machine-learning
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of documents containing the term. By integrating TF and IDF, the TF-IDF metric offers a 

comprehensive assessment of the importance of symptoms in individual disease descriptions or 

across the entire symptom dataset. It quantifies the frequency of symptoms in each disease 

description, shedding light on the significance of symptoms within specific diseases [27,39]. 

 

2.6.3 One-hot Encoding 

One-hot encoding is a widely employed technique for converting categorical variables into a 

format compatible with machine learning models. This method proves particularly useful when 

working with models that cannot directly handle categorical data, such as many types of neural 

networks. By transforming text labels into a one-hot encoded representation, the Bi-LSTM model 

can effectively learn the relationships between symptom descriptions and their corresponding 

labels during the training process. The process of one-hot encoding involves two key steps. First, 

the unique categories present in the data are identified and stored in a dictionary, such as the 

label_dict. Then, for each unique category, a new binary column is created, where the value is set 

to 1 if the observation belongs to that category, and 0 otherwise [35,50].  The benefits of one-hot 

encoding are multifaceted. Firstly, it provides a numerical representation of categorical variables, 

which is a requirement for many machine learning models. Secondly, the one-hot encoded format 

preserves the information about the original categories, as each category is represented by a 

separate binary column. Lastly, one-hot encoding does not make any assumptions about the 

ordering or numerical relationship between the categories, which is crucial for categorical 

variables that do not have a natural ordering (e.g., "low", "medium", "high") [16]. 
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2.6.4 Label Encoding                      

 Label encoding serves as a valuable technique in the realm of data processing, offering a 

straightforward approach to converting categorical variables into a numerical format suitable for 

machine learning applications. This method proves advantageous in scenarios where the 

categorical variables exhibit a natural ordering or when dealing with many unique categories. By 

following a structured process of identifying unique categories, creating a mapping dictionary, 

and transforming labels into numerical values, label encoding simplifies the data transformation 

process [46, 49]. 

 

2.6.5 Tokenization 

Tokenization involves breaking down the input text into smaller units known as tokens. The 

Tokenizer class from the Keras preprocessing module. This process encompasses several key 

steps: extracting unique words (tokens) from the text, assigning a distinct numerical index to each 

word in the vocabulary, and establishing a mapping between words and their respective numerical 

indices. The resulting tokenizer object encapsulates the vocabulary and the word-to-index 

mapping, each word in the input text is substituted with its corresponding numerical index, 

generating a sequence of numbers [33,44,47]. 

 

2.6.6 Padding 

Padding is also a text preprocessing technique commonly used in deep learning tasks involving 

text data. It is considered a text preprocessing tool because it helps prepare the input data for the 

model by ensuring that all sequences have the same length. Mostly performed after the 

tokenization step, where the text is converted into numerical sequences. The purpose of padding 

is to address the issue of varying sequence lengths, which is a common problem when working 

with text data. Different input sequences (e.g., symptom descriptions) can have different numbers 
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of words, resulting in sequences of varying lengths. Many deep learning models, including the 

Bi-LSTM model, require all input sequences to have the same length. This is because the model's 

architecture, such as the input layer, expects a fixed- size input. Padding helps ensure that all 

sequences have the same length, allowing the model to process the data efficiently [26,28,50]. 
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Chapter 3 Methodology 

 

Research methodology is the overall process and the way of solving the identified problems. It 

includes methods, techniques, and approaches for data collection, analysis, training, and design 

of the model. 

 

3.1 Research Design and Approach 

In this study, we follow an experimental research design. This type of methodology attempts to 

determine or predict what may occur and it specifies an experimental and a control group. The 

independent variable is administered to the experimental group and not to the control group, and both 

groups are measured on the same dependent variable. 

Accordingly, this research has gone through several stages, including defining the problem, 

reviewing relevant literature, designing the research, gathering the necessary data sets, 

choosing and training a model, developing the chatbot, and testing. In this methodology, first, 

the problem is assessed by literature and observations then based on the identified problem, 

proposed artifacts are designed. This methodology design includes tools, methods, models, and 

evaluation mechanisms. 

 

                                          Figure 2 Research design and approach diagram. 
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 3.2 Data Collection 

The data for this study was collected from multiple sources. Symptom and prognosis data was 

obtained from two hospitals, Black lion and MCM hospitals, covering various medical units 

including internal medicine, pediatrics, gynecology, dermatology, neurology, and ENT. In total, 

ten healthcare professionals were selected from each department, comprising general 

practitioners, specialists, and fellowship students an additional twenty healthcare professionals 

were surveyed and interviewed to gather further data. 

To ensure the validity and reliability of the data, it was reviewed and validated by ten physicians 

from the participating hospitals then reviewed by one language expert. Out of the 278 symptom 

pairs gathered from primary and secondary sources, 250 were approved by the language experts 

and the internist, and this approved dataset was used as the foundation for the thesis research. 

Furthermore, secondary data was obtained from an English-language dataset, this data was 

translated into Amharic language by two linguistic professionals, also validated the translations 

by one senior internist. The combination of primary data collected from the hospitals and 

healthcare providers, as well as the secondary data obtained and translated, provides a 

comprehensive dataset to support the objectives of this research study. 

 

 

 

 

 



32  

 

3.3 Data Preprocessing 

In machine learning, dataset preparation/processing is a very crucial step. It involves transforming 

raw data into a format suitable for analysis or model training. A preprocessing task is performed to 

remove raw data that contain unwanted punctuation marks, numerical values, and special 

characters, and replace it with a single alphabet (normalization) in a different representation because 

of reducing the effect on the performance and the correctness of the model. So, it is used to clean 

data, which makes it suitable for further analysis. 

 

At first, medical-related symptom-diagnosis pairs were collected from various healthcare 

professionals, and then stored in .csv and .txt format. The file (dataset.csv and dataset.txt) had 

tags.The symptom contains the classes (for e.g. The original text የልብ ምት መፍጠን የልብ ምት 

መታወቅ የትንፋሽ ማጠር ሲትኙ የሚብስ ትንፋሽ ማጠር ከ አንድ ትራስ በላይ መጠቀም ሳል የሰውነት 

እብጠት የሆድ እብጠት የደረት ላይ ህመም etc), we have the corresponding diagnosis (for example 

ሳንባ ውስጥ ደም ስር መዘጋት, ልብ ድካም, ጨጓራ ቁስለት). Before training the models, we performed 

the necessary preprocessing steps to prepare the Amharic clinical text data. This involved Character 

normalization like character_map = {‘ ሀ' 'ሀ', 'ሃ' 'ሀ', 'ሐ' 'ሀ', 'ሓ' 'ሀ', 'ኀ' 'ሀ', 'ኃ' 'ሀ'} which is performed 

to ensure consistency in the representation of Amharic characters, defining a mapping dictionary that 

maps similar characters to a common representation to reduce the variability of characters and 

remove unwanted punctuation marks, the individual words in a sentence are separated by two dots 

(: ሁለትነጥብ). The end of a sentence is marked by Amharic full stop (። አራት ነጥብ). The symbol (፣ 

ነጠላ ሰረዝ) represents a comma, while (፤ ድርብ ሰረዝ) correspond to a semicolon. ‘!’ and ‘?’ 

punctuations are used to end exclamatory and interrogative sentence respectively.  
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3.4 Feature Extraction 

Employed feature extraction from the scikit-learn library, it converts the symptoms (textual 

data) into numerical feature vectors, the vectorizer tokenizes the symptoms and creates a 

vocabulary of unique words. Each symptom is then represented by a vector indicating the 

presence or absence of these words [48]. We have used feature extraction techniques in our 

experiments such as TF-IDF and Count Vectorizer, label Encoding, One-hot encoding, 

tokenization and padding for transforming textual symptom descriptions into numerical 

representations.  

3.5 Sample Sizes and Sampling Methods  

The study employed a mixed-methods approach, combining both qualitative and quantitative 

data collection methods. The sampling design and size were carefully considered to ensure that 

the sample was representative of the population. A total of 278 symptom pairs were collected 

from primary and secondary sources, which served as the foundation for the analysis. 90 

healthcare professionals were surveyed and interviewed, comprising 70 healthcare 

professionals from 7 medical departments (internal medicine, pediatrics, gynecology, 

dermatology, neurology, and ENT) and 20 more healthcare professionals. This sample size was 

deemed sufficient to achieve the objectives of the study and to enable the identification of 

patterns and trends in the data. 

A combination of convenience, purposive, and stratified sampling methods was employed to 

select participants for the study. Convenience sampling was used to select healthcare 

professionals from various departments, while purposive sampling was used to select 

participants who were likely to provide relevant data. Stratified sampling was used to ensure 

that the sample was representative of the different departments. 

 



34  

3.6 Model Selection 

The models chosen for this study were selected based on their ability to handle the complexity 

of the Amharic language and the task of symptom classification. The decision tree, SVM, and 

random forest were chosen for their ability to handle high-dimensional data and their robustness 

to noise and outliers. The logistic regression and Naïve Bayes were chosen for their simplicity 

and ease of interpretation. The MLP, and Bi-LSTM were chosen for their ability to handle 

sequential data and their ability to learn complex patterns in data. The models selected for 

ensemble are chosen based on their individual performance. By selecting models with different 

strengths and weaknesses, we can create an ensemble that can capture a wider range of patterns 

and insights, leading to better generalization and robustness. 

 

 3.7 Tools & Setup 

The data loading, pre-processing, feature extraction, and evaluation stages of our project were 

conducted within the user-friendly Jupyter Notebook environment, seamlessly integrated into 

the Anaconda Distribution. Our primary system, a Windows 11 64-bit laptop, boasts an Intel(R) 

Core (TM) i7-7600U CPU @ 2.80GHz 2.90 GHz processor and a generous 16GB of RAM, 

ensuring optimal performance for our computational tasks. To harness the power of Graphics 

Processing Units (GPUs) for the development and training of our deep learning model, we 

leveraged Google Colaboratory. GPUs excel in training multi-layered deep learning networks 

by virtue of their parallel processing capabilities and exceptional computational efficiency, 

offering a significant boost to our model training process.  
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This collaborative utilization of Jupyter Notebook, Google Colaboratory, and cutting-edge 

technologies underscores our commitment to harnessing advanced tools and methodologies to 

drive innovation and excellence in our project. 

 

 

Figure 3 Sample Python Libraries 
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Chapter 4 Experimental Results and Analysis 

This chapter deals with Experimental Results and Analysis section of a research thesis presents 

and interprets the findings of a study, aiming to presentation of the results in tables and figures, 

a summary of the main findings, and an interpretation of the results considering the research 

questions and literature review evaluate the performance of various machine learning and deep 

learning models applied to text-based clinical chatbots for the Amharic language. We present 

a comprehensive analysis of the results, highlighting key findings, and comparing different 

models. The results and analysis presented in this section provide valuable insights into the 

effectiveness of different machine learning and deep learning models which can be used to 

inform future research and development efforts in this area.  

 

4.1Experimenting 

In this section, we present the details of the model training and evaluation process for the 

development and evaluation of the Amharic clinical chatbot. We utilized a diverse dataset of 

Amharic medical texts, consisting of symptoms and corresponding diagnosis, to train and 

evaluate multiple machines learning models, including Random Forest, Logistic Regression, 

Decision Tree, SVM, as well as deep learning models, namely Multilayer Perceptron (MLP) 

and Bidirectional Long Short-Term Memory (Bi-LSTM). 
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4.1.1 Classical Machine Learning Models       

The experiment begins with loading the dataset from a text file and normalizing the characters 

using the normalize_characters() function. The dataset is then split into input (symptoms) 

and output (triage_recommendations) lists, and a CountVectorizer and TF-IDF are used to 

convert the symptoms into numerical feature vectors. After the preprocessing steps, we proceed 

to train and evaluate each model using the preprocessed dataset. The models used in this research 

thesis include Random Forest, SVM, Decision Tree, and Naive Bayes classifiers and logistic 

regression. 

 

Model Training procedure. 

 

 

 

Figure 4 Classical Machine Learning Overall Workflow 
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The experiments conducted with various feature extraction techniques and hyperparameters 

yielded insightful results. In the default setting (Experiment 1), Random Forest, SVM, and 

Decision Tree models demonstrated strong performance, while Naive Bayes and Logistic 

Regression models lagged. When employing TF-IDF (Experiment 2), consistent performance 

was noted across models, with the mentioned models maintaining high accuracy and precision 

levels. Experiment 3 showcased enhanced performance with advanced hyperparameters for 

SVM and Decision Tree models, although Naive Bayes also showed improvement but to a 

lesser extent. Count Vectorizer experiments (Experiments 4 and 5) highlighted the stable 

performance of models across different hyperparameter settings, with SVM and Logistic 

Regression models notably improving accuracy and F1 scores in the advanced parameter setup 

as shown below:  
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                 Table 1Machine learning Models Performance result for each experiment 

     Experiment 1 TF-IDF using default hyperparameter. 

Model Accuracy Precision Recall F1 Score 

Random Forest 0.9286 0.9196 0.9286 0.9226 

SVM 0.9286 0.9196 0.9286 0.9226 

Decision Tree 0.9286 0.9196 0.9286 0.9226 

Naive Bayes 0.6964 0.6469 0.6964 0.6574 

Logistic Regression 0.7679 0.6786 0.7679 0.7068 

  

    Experiment 2 TF-IDF using different hyperparameter. 

 

 

Model Hyperparameters Accuracy Precision Recall 

F1 

Score 

Random 

Forest 

{'n_estimators': 100, 'max_depth': None, 

'min_samples_split': 2} 

0.9286 0.9196 0.9286 0.9226 

SVM {'C': 1.0, 'kernel': 'rbf'} 0.9286 0.9196 0.9286 0.9226 

Decision 

Tree 

{'criterion': 'gini', 'max_depth': None, 'min_samples_split': 

2} 

0.9286 0.9196 0.9286 0.9226 

Naive 

Bayes 

{'alpha': 1.0} 0.6964 0.6469 0.6964 0.6574 

Logistic 

Regression 

{'C': 1.0, 'solver': 'lbfgs', 'max_iter': 500} 0.7679 0.6786 0.7679 0.7068 
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   Experiment 3 TF-IDF with different hyperparameter 

 

Model Hyperparameters Accuracy Precision Recall 

F1 

Score 

Random 

Forest 

{'n_estimators': 200, 'max_depth': 10, 'min_samples_split': 

5} 

0.7500 0.7076 0.7500 0.7183 

SVM {'C': 1.0, 'kernel': 'linear', 'gamma': 'scale'} 0.8929 0.8839 0.8929 0.8869 

Decision Tree {'criterion': 'entropy', 'max_depth': 8, 'min_samples_split': 3} 0.8929 0.8720 0.8929 0.8780 

Naive Bayes {'alpha': 0.5} 0.7679 0.7321 0.7679 0.7402 

Logistic 

Regression 

{'C': 1.0, 'solver': 'lbfgs', 'max_iter': 500} 0.7679 0.6786 0.7679 0.7068 
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Experiment 4 Count Vectorizer with different hyperparameter  

Model Hyperparameters Accuracy Precision Recall 

F1 

Score 

Random 

Forest 

{'n_estimators': 100, 'max_depth': None, 

'min_samples_split': 2} 

0.9286 0.9196 0.9286 0.9226 

SVM {'C': 1.0, 'kernel': 'rbf'} 0.9286 0.9196 0.9286 0.9226 

Decision Tree 

{'criterion': 'gini', 'max_depth': None, 

'min_samples_split': 2} 

0.9286 0.9196 0.9286 0.9226 

Naive Bayes {'alpha': 1.0} 0.9286 0.9196 0.9286 0.9226 

Logistic 

Regression 

{'C': 1.0, 'solver': 'lbfgs', 'max_iter': 500} 0.9286 0.9196 0.9286 0.9226 

 

    Experiment 5 Count Vectorizer with different hyperparameter  

Model Hyperparameters Accuracy Precision Recall 

F1 

Score 

Random Forest 

{'n_estimators': 200, 'max_depth': 10, 'min_samples_split': 

5} 

0.8214 0.8006 0.8214 0.8065 

SVM {'C': 1.0, 'kernel': 'linear', 'gamma': 'scale'} 0.9286 0.9196 0.9286 0.9226 

Decision Tree {'criterion': 'entropy', 'max_depth': 8, 'min_samples_split': 3} 0.8929 0.8720 0.8929 0.8780 

Naive Bayes {'alpha': 0.5} 0.9286 0.9196 0.9286 0.9226 

Logistic 

Regression 

{'C': 0.5, 'solver': 'liblinear', 'max_iter': 500} 0.9286 0.9196 0.9286 0.9226 

 



42  

4.1.2 Deep Learning Models 

The dataset is loaded using pandas and preprocessed for use in a deep learning model. The 

symptoms are converted into integer sequences using the Keras Tokenizer, allowing the model 

to handle the sequential nature of the data. The labels are then numerically encoded and one-

hot encoded to prepare them for use with the model. 

The model architecture consists of several key components. An embedding layer is used to 

convert the integer sequences into dense vector representations, allowing the model to capture 

complex relationships between the symptoms. A bidirectional LSTM layer is then used to 

analyze the sequence patterns in the data, processing the input from both the past and future to 

capture contextual information. Finally, a dense layer with a softmax activation function is used 

to output the label probabilities, enabling the model to make predictions. 

The model is trained using the Adam optimizer, a popular choice for deep learning models due 

to its ability to adapt to the learning rate and momentum. The categorical cross-entropy loss 

function is used to measure the difference between the model's predictions and the true labels, 

providing a clear and accurate metric for evaluating the model's performance. 

 

 

 

Figure 5 Bi-LSTM Model Architecture 
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To train the model, the `fit()` function is utilized, passing the training data and validation data, 

along with the specified number of epochs. This critical decision determines how many times 

the model will learn from the data. For small datasets, a common approach is to start with a 

shallow architecture, such as a single hidden layer, and gradually increase it to 3-layered to 

prevent overfitting. In our experiment, the architecture consists of 1 and 3-layered hidden 

layers, involving a bidirectional LSTM layer, which is a reasonable starting point for a small 

dataset. The model is trained for 10 epochs, allowing the training progress to be monitored and 

the accuracy and loss metrics to be recorded for both the training and validation sets. 

 

During training, the model calculated performance metrics such as loss and accuracy - 

 

 

                           Figure 6 Single Layer BI-LSTM Accuracy & Loss Result 
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4.2 Experimenting Model Evaluation 

Following the successful training of the models, the outcomes of the models were evaluated 

with numerous accuracy metrics. It is essential to determine whether the outputs are as expected, 

as this estimation is regarded as critical since it allows a comparison to be made between the 

projected and true results. In this section, the performance and efficiency of the models i.e. 

Deep Neural Network and classical machine learning models were analyzed. For assessing the 

performance of the models, various metrics like Training Accuracy, Training Loss, Validation 

Accuracy, Validation Loss, f1 score, Precision, and Recall measures were exercised. 

 

 

 

 

 

 

 

 

Figure 7Three Layer BI-LSTM performance Result. 
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4.2.1 Decision Tree 

The decision tree classifier is initialized and trained on the training data. Evaluation is 

performed on the testing set, and the following performance metrics are calculated. 

 

                      

 

                    Figure 8 Decision Tree Performance Result with different hyperparameter. 

 

 

 

The series of experiments involved the Decision Tree model with varying hyperparameters and 

feature extraction techniques, several noteworthy observations can be made. 

In Experiment 1, where the Decision Tree model utilized default hyperparameters, it achieved 

an accuracy of 0.9286 and an F1 score of 0.9226, showcasing strong performance right from 

the baseline settings. 
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Experiment 2 introduced hyperparameters tailored for TF-IDF feature extraction, maintaining 

the same accuracy and performance metrics as Experiment 1. This suggests that the TF-IDF 

technique did not significantly impact the Decision Tree model's predictive capabilities in this 

context. 

Experiment 3 involved advanced hyperparameters for the Decision Tree model, resulting in a 

slightly lower accuracy of 0.8929 and F1 score of 0.8780 compared to the default settings. This 

indicates that while advanced hyperparameters can offer customization, they may not always 

lead to improved model performance. 

Moving on to Experiment 4, which incorporated hyperparameters under the Count Vectorizer 

approach, the Decision Tree model once again delivered consistent results with an accuracy of 

0.9286 and an F1 score of 0.9226, aligning closely with the baseline performance. 

Lastly, experiment 5 revisited advanced hyperparameters coupled with Count Vectorizer, 

mirroring the outcomes of Experiment 3 with an accuracy of 0.8929 and an F1 score of 0.8780. 

This reaffirms the notion that advanced hyperparameters may not always yield superior results 

compared to default configurations. 

In summary, the Decision Tree model displayed remarkable consistency in performance across 

various hyperparameter settings and feature extraction methods. While default configurations 

often proved to be robust, advanced hyperparameters did not consistently outperform them in 

this specific experimental setup. These findings underscore the importance of systematic 

evaluation and optimization strategies tailored to the unique characteristics of the dataset and 

model architecture. 
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4.2.2 Support Vector Machines 

The experimental results demonstrate that the developed SVM classifier model performs well 

in predicting recommendations based on patient symptoms. The evaluation metrics obtained 

are as follows  

 

 

                 Figure 9 SVM Performance Result using different Hyperparameter. 

The series of experiments conducted with the Support Vector Machine (SVM) model explored various 

hyperparameter configurations to evaluate their impact on model performance. In Experiment 1, default 

settings were employed, resulting in an accuracy of 0.9286 and an F1 score of 0.9226. Experiment 2 

introduced hyperparameters specific to TF-IDF, including a 'C' value of 1.0 and a 'rbf' kernel, maintaining 

consistent performance metrics with Experiment 1. Experiment 3 delved into advanced hyperparameters 

with a 'linear' kernel and 'scale' gamma, yielding a slightly lower accuracy of 0.8929 and an F1 score of 

0.8869 compared to default settings. Experiment 4 utilized hyperparameters in conjunction with Count 

Vectorizer, achieving an accuracy of 0.9286 and an F1 score of 0.9226, aligning closely with the baseline 

performance. Lastly, experiment 5 revisited advanced hyperparameters paired with Count Vectorizer, 
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mirroring the outcomes of Experiment 3 with an accuracy of 0.9286 and an F1 score of 0.9226. These 

experiments underscore the significance of selecting and tuning hyperparameters judiciously to enhance 

SVM model performance, emphasizing the need for tailored optimization strategies aligned with the dataset 

characteristics and problem domain. 

 

4.2.3 Random Forests 

In this experiment, a Random Forest model was utilized as an alternative classification model 

for predicting recommendations based on patient symptoms. The performance metrics obtained 

from the model evaluation are as follows. 

 

   

                                     

                                   Figure 10 Random Forest Result with different hyperparameters. 
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The analysis of the experiments conducted with the Random Forest model reveals interesting 

insights into its performance under various hyperparameter configurations and feature extraction 

methods. 

In Experiment 1, utilizing the Random Forest model with default settings yielded a high accuracy 

of 0.9286 and an impressive F1 score of 0.9226, indicating strong performance right from the 

baseline configuration. 

Experiment 2 introduced hyperparameters tailored for TF-IDF, including 'n_estimators' of 100, 

'max_depth' set to None, and 'min_samples_split' of 2. The results remained consistent with 

Experiment 1, showcasing no significant improvement or decline in performance metrics. 

Experiment 3 explored advanced hyperparameters specific to TF-IDF, with 'n_estimators' 

increased to 200, 'max_depth' set at 10, and 'min_samples_split' of 5. However, this configuration 

led to a notable decrease in accuracy to 0.75 and a lower F1 score of 0.7183, indicating that the 

advanced settings did not enhance model performance in this scenario. 

Moving to Experiment 4, employing hyperparameters in conjunction with Count Vectorizer 

produced results akin to Experiment 1, with an accuracy of 0.9286 and an F1 score of 0.9226, 

highlighting the robustness of the model under default configurations. 

 Experiment 5 revisited advanced hyperparameters paired with Count Vectorizer, featuring 

'n_estimators' of 200, 'max_depth' at 10, and 'min_samples_split' of 5. While this setup led to a 

decrease in accuracy to 0.8214 and a lower F1 score of 0.8065 compared to default settings, it 

still showcased reasonable performance levels. 

The Random Forest model demonstrated consistent performance across various hyperparameter 

configurations and feature extraction techniques. While default settings proved to be robust, the 

impact of advanced hyperparameters varied, emphasizing the importance of tailored optimization 

strategies based on the dataset characteristics and model requirements. 
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4.2.4 Naive Bayes 

In this study, a Naive Bayes model was employed as a classification model for predicting 

recommendations based on patient symptoms. The performance metrics obtained from the 

model evaluation are as follows. 

 

 

 

Figure 11 Naive Bayes Result 
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 The analysis of the experiments conducted with the Naive Bayes model sheds light on its 

performance across different hyperparameter configurations and feature extraction methods. 

In Experiment 1, the Naive Bayes model, operating with default settings, achieved an accuracy of 

0.6964 and an F1 score of 0.6574, demonstrating a moderate level of performance. 

Experiment 2 introduced hyperparameters specific to TF-IDF, with an 'alpha' value of 1.0, 

maintaining consistent accuracy and performance metrics compared to the baseline configuration 

in Experiment 1. 

Experiment 3 explored the impact of advanced hyperparameters, specifically setting 'alpha' to 0.5, 

which led to an improvement in accuracy to 0.7679 and an enhanced F1 score of 0.7402, indicating 

that fine-tuning hyperparameters can positively influence model performance. 

Moving to Experiment 4, employing hyperparameters in conjunction with Count Vectorizer 

resulted in a notable increase in accuracy to 0.9286 and an impressive F1 score of 0.9226, 

showcasing the effectiveness of this configuration in enhancing model outcomes. 

Finally, experiment 5 revisited advanced hyperparameters paired with Count Vectorizer, with 

'alpha' set to 0.5, maintaining the high accuracy of 0.9286 and F1 score of 0.9226 achieved in 

Experiment 4, demonstrating the consistency and reliability of this hyperparameter setting. 

In conclusion, the Naive Bayes model exhibited varying performance levels across different 

hyperparameter configurations and feature extraction techniques. The results underscore the 

importance of hyperparameter tuning, with advanced settings and the choice of feature extraction 

method playing significant roles in optimizing the model's predictive capabilities. These findings 

provide valuable insights for researchers and practitioners aiming to leverage Naive Bayes in their 

classification tasks.                   
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4.2.5 Logistic Regression 

The model is trained using the training set and predictions are made on the testing set. The 

accuracy of the model is calculated using the accuracy_score function from sklearn metrics. 

 

                         

                            Figure 12  Logistic Regression Result 

 

 

The analysis of the Logistic Regression experiments reveals intriguing insights into the model's 

performance across various hyperparameter configurations and feature extraction techniques. 

In Experiment 1, utilizing the Logistic Regression model with default settings yielded a 

moderate accuracy of 0.7679 and an F1 score of 0.7068, indicating a reasonable level of 

performance as a baseline. 
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Experiment 2 introduced hyperparameters customized for TF-IDF, including 'C' set to 1.0, 

'solver' as 'lbfgs', and 'max_iter' of 500. The results remained consistent with Experiment 1, 

suggesting that these specific hyperparameters did not significantly impact the model's 

performance. 

Experiment 3 explored advanced hyperparameters identical to Experiment 2, yet no notable 

improvement or decline in performance metrics was observed, indicating that the advanced 

settings did not yield substantial enhancements in this context. 

 

Moving on to Experiment 4, implementing hyperparameters in conjunction with Count 

Vectorizer resulted in a substantial increase in accuracy to 0.9286 and an impressive F1 score 

of 0.9226, showcasing the effectiveness of this configuration in enhancing model performance. 

 

Lastly, experiment 5 revisited advanced hyperparameters paired with Count Vectorizer, 

featuring 'C' set to 0.5, 'solver' as 'liblinear', and 'max_iter' of 500. This setup maintained the 

high accuracy and F1 score achieved in Experiment 4, highlighting the robustness of this 

hyperparameter setting. 

In summary, the Logistic Regression model exhibited varying performance outcomes across 

different hyperparameter configurations and feature extraction methods. While default settings 

and certain hyperparameter adjustments had limited impact, the choice of feature extraction 

technique, such as Count Vectorizer, played a crucial role in enhancing the model's predictive 

capabilities. These findings emphasize the importance of tailored hyperparameter optimization 

strategies based on the dataset characteristics and the specific requirements of the Logistic 

Regression model. 
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4.2.6 Ensemble Classical Machine Learning Models 

 

The purpose of ensemble learning is to leverage the diversity of models to compensate for their 

individual shortcomings. By combining a low-performance model with a high-performance 

model and combining two low-performing models. we aim to create a more robust and accurate 

ensemble that can generalize well to unseen data. 

 

The rationale behind using the voting method lies in its simplicity and effectiveness in 

aggregating predictions from multiple models. By allowing each model to express its opinion 

through a "vote" and then combining these votes to make a final decision, we can benefit from 

the collective intelligence of the ensemble. 

 

The intuition behind this approach is that while the low-performance model may struggle in 

certain areas, it can still capture patterns or insights that the high-performance model might 

overlook. When we ensemble these models together, they can complement each other, leading 

to improved overall performance. 

The ensemble performance of low-performing models the Logistic regression and Naive Bayes 

                           Table 2 Ensemble model of Logistic Regression and NB Result 

Metric Value 

Accuracy 0.79 

Precision 0.73 

Recall 0.76 

F1-score 0.74 
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4.2.7 Multi-Layer Perceptron (MLP) 

 

We aim to evaluate the performance of a Multilayer Perceptron (MLP) model for clinical chatbot 

development in Amharic language. The evaluation metrics considered include accuracy, 

precision, recall, and F1 score. 

We utilized the same dataset used to train the classic machine learning models and employed 

the MLP model. The dataset was preprocessed to remove noise and irrelevant information. The 

MLP model was trained using the preprocessed data and evaluated using the metrics shown in 

the below. 

 

 

 

 

Figure 13 MLP Result 
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The results demonstrate that the MLP model achieved high accuracy, precision, recall, and F1 

score in text classification. The accuracy of 0.9643 indicates that the model accurately classified 

96.43% of the text data. The precision of 1.0 signifies that all the predicted positive instances 

were indeed positive. The recall of 0.9643 suggests that the model identified 96.43% of the 

actual positive instances. The F1 score of 0.9643 represents a balanced measure of precision and 

recall. 

The high performance of the MLP model in text classification indicates its effectiveness in 

accurately categorizing text data. MLP models are known for their ability to capture complex 

patterns in data and make accurate predictions. In this case, the MLP model successfully captured 

the underlying patterns in the text data and provided accurate classifications. 

 

The evaluation of the MLP model for text classification demonstrates its effectiveness in 

accurately categorizing text data. The model achieved high accuracy, precision, recall, and F1 

score, indicating its potential for real-world applications in various text classification tasks. 

Future researchers can consider utilizing MLP models for text classification to improve accuracy 

and efficiency. 

 

 

 

 

 

 

 

 

 



57  

4.2.8 Recurrent Neural Networks (RNN) specifically Bi-LSTM 

 

The model was trained for 10 epochs, with the training and validation accuracy and loss being 

monitored at each epoch. The training process demonstrated a gradual improvement in the 

model's performance, with the accuracy reaching 68.29% and the validation loss decreasing to 

1.6869 by the end of the 10th epoch for single-layered and for the three-layer 76% accuracy and 

1.55 validation loss. 

 

                 

                                          Figure 14 BI-LSTM Result 
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The assessment of models in terms of precision, recall, and F1-score offers valuable insights 

into their performance beyond accuracy and loss metrics. Precision represents the proportion of 

relevant data points correctly identified among all retrieved instances, emphasizing the model's 

ability to make accurate positive predictions. On the other hand, recall, also known as sensitivity, 

measures the percentage of actual positive instances that the model successfully detects, 

highlighting its capacity to capture all relevant cases. 

In its essence, precision reflects the ratio of true positives to all instances identified as positive, 

indicating the accuracy of positive predictions, while recall signifies the percentage of true 

positive instances correctly recognized by the model, illustrating its coverage of actual positives. 

The F1- score, derived by computing the harmonic mean of precision and recall, offers a 

consolidated measure that balances the trade-off between precision and recall, providing a single 

statistical value to gauge the model's overall performance. 

 

By incorporating precision, recall, and F1-score alongside accuracy and loss evaluations, 

researchers can better understand a model's efficacy in handling classification tasks and make 

informed comparisons with alternative models. These evaluation measures collectively 

contribute to a holistic assessment of model performance and assist in identifying the strengths 

and areas for improvement in text classification and other machine-learning applications. The 

mathematical formula for Precision, Recall, and F1 score are provided below. 

 

 

Figure 15 Precision, Recall, and F1 Score Formula 
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The single-layer precision is 0.8674107142857144, which indicates that the model can correctly 

identify the positive samples. The recall is 0.625, which indicates that the model can correctly 

identify a good proportion of the positive samples. The F1 score is 0.5347527472527472, which 

is the harmonic mean of precision and recall. It provides a balanced measure of the model's 

performance. 

 

Upon comparing the two sets of results (single-layer and 3-layer models), we can observe that 

both models show signs of improvement in accuracy and reduction in loss over the training 

epochs. They both demonstrate an increasing trend in validation accuracy, indicating good 

generalization to unseen data. However, the 3-layer BiLSTM results start with higher accuracy 

and lower loss, suggesting a potentially better initial configuration or architecture. Furthermore, 

the model achieves higher accuracy and lower loss in the final epoch, indicating better overall 

performance. 

 

Overall, the model seems to be performing reasonably well, but it's recommended to further 

analyze the results and consider additional evaluation metrics or techniques, such as confusion 

matrices or cross-validation, to get a better understanding of the model's performance and 

potential areas for improvement. 
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Chapter 5 Discussion 

5.1 Classical Machine Learning, Ensemble, and Deep Learning Models 

The study focusing on the evaluation of machine learning models for an Amharic-based clinical 

chatbot, a thorough analysis was conducted to compare the performance of various models, 

including Random Forest, SVM, Decision Tree, Naive Bayes, and Logistic Regression. Through 

experimentation with different hyperparameter configurations and feature extraction techniques, 

it was observed that these models consistently delivered similar performance metrics, 

showcasing their adaptability in processing the Amharic language for clinical chatbot 

applications. The examination of default versus customized hyperparameters highlighted the 

impact of hyperparameter selection on model performance, emphasizing the need for tailored 

configurations based on dataset characteristics. Furthermore, the utilization of TF-IDF and 

Count Vectorizer for feature extraction demonstrated stable performance across experiments, 

suggesting the versatility of both methods in processing Amharic text for clinical chatbot 

development. 

 

Based on the comparative analysis of the popular classical machine learning models using TF-

IDF and CountVectorizer feature extraction techniques, the following observations have been 

made: 
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Figure 16 Comparison with default hypermeters metrics 

 

 

 

These findings have significant implications for the advancement of clinical chatbots in 

Amharic-speaking regions, offering a promising avenue for enhancing healthcare services, 

patient engagement, and communication between patients and healthcare providers. Looking 

ahead, future research directions may include exploring advanced algorithms, incorporating 

domain-specific linguistic features, integrating voice recognition technology, and conducting 

real-world testing to assess the chatbot's clinical utility and effectiveness Interestingly, the MLP 

Classifier model outperformed the other models when using the TF-IDF feature extraction 
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technique, achieving an accuracy of 0.9643, precision of 1.0, recall of 0.9643, and F1 score of 

0.9643. The MLP Classifier model's superior performance with the TF-IDF feature extraction 

technique highlights its ability to capture complex patterns in the text data and effectively 

classify the samples, making it a promising choice for text classification tasks. 

 

Moreover, the investigation explored into the impact of varying test set sizes on the training and 

testing accuracies of a decision tree classifier, exploring test set sizes of 0.1, 0.2, 0.3, 0.4, and 

0.5. The outcomes revealed a trend where increasing test set sizes led to a decline in testing 

accuracy, while the training accuracy remained relatively stable. This pattern suggests a 

potential issue of overfitting in the decision tree classifier, resulting in reduced generalization 

capabilities when faced with unseen test data. 

 

In conclusion, this suggests that as the test set size grows, the model struggles to generalize to 

unseen data. This decrease in performance may be due to the limitations of the decision tree 

classifier. The experiment highlights the importance of test set size in evaluating the performance 

of classifiers. It emphasizes the need to strike a balance between training and testing data to ensure 

optimal generalization capabilities. Based on the findings, a smaller test set for example 0.2 

yields the highest testing accuracy, suggesting better model performance on unseen data. 

However, a very small test set might not be representative of the overall data distribution.  



63  

 

5.2  Ensemble Model 

5.2.1. Ensemble Model Performance 

The ensemble model combining the Naive Bayes and Logistic Regression classifiers achieved 

an accuracy of 0.79, which is higher than the individual Naive Bayes model but lower than the 

Logistic Regression model, model's precision, recall, and F1-score were 0.73, 0.76, and 0.74, 

respectively, demonstrating a more balanced performance compared to the individual models. 

 

5.2.2. Insights from the Ensemble Approach 

The first ensemble, combining a moderately high-performing model (Logistic Regression) and 

a relatively lower-performing model (Naive Bayes), resulted in an improvement over the Naive 

Bayes model but did not surpass the Logistic Regression model's individual performance. 

 

5.2.3. Implications and Future Directions 

 The development of the ensemble-based text-based clinical chatbot, designed specifically for 

the Amharic language, shows how using different machine learning models together can make 

the system more reliable and accurate. The study found that it's important to choose the right 

combination of models for the ensemble. For example, combining a model with one that's not 

as good can improve the performance more than using two models that are just okay. In the 

future, researchers could investigate using more advanced deep learning methods, like 

transformer-based models, in the ensemble to make the chatbot even better at understanding and 

reasoning. 
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5.3 Bi-LSTM model 

The utilization of the Bi-LSTM model for text classification showcases its capability to capture 

both forward and backward contextual information effectively. The outcomes from the 3-

layered Bi-LSTM experiment reveal the model's potential for classifying Amharic clinical 

symptoms. Progressively improving training and validation accuracy rates were observed over 

the 10 training epochs, starting from 3.88% and 12.50% in the initial epoch to 77.75% and 

60.71% by the tenth epoch, respectively. 

 

The model's training loss decreased from 4.0012 to 1.2966, with validation loss reducing from 

3.9713 to 1.6813 throughout the training process. Design choices in the model architecture, such 

as employing the SoftMax activation function in the output layer and utilizing the Adam 

optimization model, significantly impacted the Bi-LSTM model's performance in classifying 

Amharic clinical symptoms. The SoftMax activation function in the final dense layer facilitated 

the computation of class probabilities, aligning well with the nature of the task by normalizing 

output values to represent class likelihoods. This approach enabled the model to provide more 

interpretable predictions, aiding healthcare professionals in assessing the confidence levels 

associated with the recommendations. 

 

Moreover, the selection of the Adam optimizer for training the Bi-LSTM model proved 

beneficial due to its adaptive learning rate adjustment for individual parameters. This 

adaptability enhanced the model's convergence efficiency by accommodating parameter 

gradients, leading to faster and more stable optimization compared to traditional methods like 

stochastic gradient descent. 
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By combining the SoftMax activation function and the Adam optimizer, the model effectively 

discerned underlying patterns in Amharic symptom descriptions, resulting in accurate 

predictions and generalizable performance to the validation set. The choice of 10 epochs struck 

a balance between adequate model training and avoiding overfitting, as evidenced by the 

convergence of training and validation loss post-epoch 10. 

 

While the model's precision, recall, and F1-score values indicate reasonable predictive accuracy, 

there remains room for enhancement. The experiment's results illustrate the feasibility of 

employing the Bi-LSTM model for Amharic clinical symptom classification, showcasing its 

potential as an asset in Amharic clinical decision support systems. Visual representations 

through line plots of training and validation accuracy and loss further underscore the model's 

progressive performance improvement and effective loss minimization throughout the training 

epochs. The loss plots demonstrate a decreasing trend, indicating that the model successfully 

minimized the loss function over the training epochs. 

 

 

Figure 17 Bi-LSTM experiment result snapshot 
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In general, it was observed that the Bi-LSTM model performed lower than other models such as 

Random Forest, SVM, Decision Tree, and MLPClassifier using TF-IDF or CountVectorizer, 

which achieved higher accuracy and other performance metrics. The simpler architecture of the 

MLPClassifier seemed more effective for this task compared to the complex Bi-LSTM model. 

However, the model performance can vary based on the task, dataset, and tuning of 

hyperparameters. This indicates that traditional machine learning models may be more suitable 

for the text classification task compared to the Bi-LSTM model. Future research should consider 

expanding the dataset, exploring advanced model architectures, and incorporating additional 

evaluation metrics to enhance the accuracy and reliability of Amharic clinical chatbots, thus 

improving patient care and outcomes. 
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Chapter 6 Conclusion 

 

This section presents the findings of a study conducted to experiment with and evaluate machine 

learning and deep learning models in the case of developing a clinical chatbot in the Amharic 

language.  

The study explored the use of different machine learning and deep learning models to develop 

a clinical chatbot in Amharic. Models like logistic regression, random forest, SVM, decision 

tree, Naive Bayes, MLP, and Bi-LSTM were tested using clinical text data in Amharic, 

preprocessed with TF-IDF and CountVectorizer techniques, compared the performance of 

models with default hyperparameters to those with advanced hyperparameters, we observe that 

the use of advanced hyperparameters generally led to improvements in model accuracy and other 

performance metrics. Notably, SVM and Logistic Regression models with advanced 

hyperparameters performed exceptionally well across different feature extraction techniques. 

 

The Bi-LSTM model showed improvement over 10 epochs, while the MLP model achieved high 

accuracy and precision. Although the Bi-LSTM model's performance could be enhanced with 

hyperparameter tuning and more data, traditional machine learning models outperformed it in 

this task. 

 

Future researchers should carefully select the feature extraction technique when using machine 

learning models for text classification, as different models may work better with either 

CountVectorizer or TF-IDF and could focus on exploring additional hyperparameter 

combinations and fine-tuning to optimize model performance for specific tasks. 
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6.1 Contributions to the Field 

The development of an Amharic clinical chatbot has the potential to promote the growth and 

advancement of Amharic technology. By investing in research and development, we can expand 

the capabilities of natural language processing tools, and other AI technologies specific to the 

Amharic language. This does not only contribute to the broader adoption of Amharic language 

technology in various domains but also benefit the healthcare sector. The development of a 

clinical chatbot powered by different models has practical implications for future researchers. 

Overall, this research has the potential to advance the understanding and application of machine 

learning and deep learning models in developing clinical chatbots, ultimately benefiting the 

healthcare industry. 

 

6.2 Limitations and Future Work 

The experiment was conducted on a limited medical domain dataset consisting of patient 

complaints in text form. Future studies could benefit from gathering a more varied and extensive 

training dataset encompassing diverse dialects sourced from various channels to further evaluate 

the chatbot's effectiveness. Exploring the underlying reasons for performance variations and 

delving into alternative feature extraction methods for text classification, as well as investigating 

ensemble methods combining models for enhanced performance, could be fruitful avenues for 

future investigations to bolster the model's efficacy and resilience. 

 

Moreover, consider different feature extraction techniques, integrating Amharic spell checkers, 

and refining data processing methods could elevate the performance, robustness, and 

interpretability of the recommendation system. Such enhancements could pave the way for 

broader adoption and increased impact within the healthcare sector. The current system's 

limitation in focusing solely on a standardized language form calls for addressing dialectal and 



69  

regional variations. Future efforts should explore strategies such as incorporating dialect-

specific language models, implementing transfer learning techniques to adapt the core model 

for diverse dialects, or utilizing unsupervised domain adaptation methods to enhance 

performance across a wider linguistic spectrum. 

 

Enhancing the system's capacity for natural, conversational interactions to grasp the user's 

underlying intent is crucial. By integrating the capability to ask follow-up questions for 

clarification, gathering additional context, or probing into user goals, the system can elevate its 

effectiveness in understanding and addressing user needs more comprehensively. 

 

 

 

 

 

 

 

Figure 18 The developed chatbot user prompt and prediction window 
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By incorporating a dialogue management system that can dynamically respond to user input, the 

machine learning model could engage in a more iterative process of understanding the user's 

intent. This could involve techniques such as intent classification, slot filling, and context 

tracking to maintain a coherent conversation flow and provide more relevant and tailored 

responses. 

Implementing this functionality would require additional research into natural language 

understanding, dialogue systems, and user interaction design. Careful consideration would also 

be needed to ensure the follow-up requests are helpful and do not frustrate users, while still 

providing the system with the necessary information to accurately interpret and respond to the 

user's needs. 
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Appendixes 

 

                   Survey for Data Collection 

 

Physician, Healthcare professionals, medical resident students Questionnaire Development of Clinical 

Chatbot for Symptom Diagnosis and Specialty Referral 

 

My name is Bezayt Yewondwossen, a postgraduate student at Addis Ababa University in the 

Department of Linguistics and School of Information System. Currently I am conducting research 

entitled Experimenting and Evaluating Machine Learning and Deep Learning Models for the 

Development of a Text-based Clinical Chatbot In case of Amharic Language, a fulfillment to 

complete my postgraduate study. 

 

Therefore, the purpose of this survey is to collect information on the major common diseases and 

medical conditions in Ethiopia. The information I receive from the health care professionals will 

assist me to create an intelligent assisted clinical Chatbot to be used by medical centers and medical 

professionals to provide better and faster services for the patients in the future. 

Thus, dear respondent, thank you very much for your interest in responding to my questioners. I am 

impressed by your qualification, experience and dedication that will benefit me in collecting this 

information. 
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 Personal Information 

● Name (ID)  

● Sex  

● Qualification  

● Area of Specialty  

● Medical Institution/Practice  

● Contact Information (Optional)  

● Please list the common diseases or medical conditions in Ethiopia that you believe 

should be identified based on patient history, without conducting other examinations. 

● What criteria did you consider when selecting these diseases? (e.g., prevalence, 

severity, appropriateness to chatbot, relevance to primary healthcare?) 

● In your experience, what are the most common symptoms associated with each of the diseases 

listed above? Please provide a comprehensive list of symptoms that you believe should be 

included in the dataset. 

● Based on the symptoms provided by the patient, and tentative diagnosis made by the chatbot, 

which medical specialties or subspecialties do you recommend for further evaluation or 

treatment? 

● Do you have any additional suggestions or recommendations for enhancing the clinical 

chatbot’s functionality or usability? 

● Would you be interested in collaborating further during the development and testing phases 

of the healthcare chatbot? 


