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[bookmark: _Hlk214750472]Abstract:
The medical field increasingly requires intelligent systems capable of interpreting patient-reported symptoms , supporting clinical decisions in an accurate and timely manner. This thesis aims to develop such a system by presenting an integrated framework designed to predict diseases based on symptom descriptions and recommend suitable treatments using a certified medical database. The importance of this work lies in providing digital solutions that enhance medical decision-making , accelerating the diagnostic process, especially with the rapid growth of medical data. There is a need for accurate and fast tools capable of understanding and processing this information effectively.

The proposed framework is built on two main stages. The first stage involves training several machine learning and deep learning models to analyze symptom-based medical text. Three ML models were used: Support Vector Machine (SVM), Logistic Regression (LR), and Complement Naïve Bayes (Complement NB)-alongside three transformer-based DL models: BERT, BioBERT, and ClinicalBERT. The second stage links the prediction output from these models to a certified medical treatment database to generate appropriate treatment recommendations.

Among all tested deep learning models, ClinicalBERT demonstrated the best overall performance, achieving an accuracy of 0.975 due to its advanced ability to interpret medical context and understand complex clinical text. This strong performance highlights ClinicalBERT as the most suitable and reliable model for disease classification based on patient-reported symptoms and establishes it as the core component of the proposed system.
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Chapter 1 Introduction:
In recent years, many healthcare organizations have turned to digital tools to improve medical services. Despite this progress, many existing systems are still slow and give mixed results. This created a need for smarter solutions that can assist both doctors and patients using simple language.
AI has made this possible. Today, machines can perform tasks that once needed human judgment such as reading symptoms, suggesting diseases, and supporting decisions. ML models learn patterns from data. DL models go deeper and capture more complex details. This makes them useful for analyzing medical text and images.
Models like BERT, BioBERT, and ClinicalBERT have shown strong results. BERT understands context by reading text in both directions. BioBERT handles medical terms better because it is trained on biomedical texts. ClinicalBERT works well with real clinical notes and symptom descriptions.
Before training any model, the text must be prepared. This includes cleaning, tokenizing, and converting it into numbers. TF-IDF helps highlight important words. These steps make the data clearer and more useful. Connecting disease predictions to a trusted treatment database adds more clinical value.
Healthcare is a sensitive field. For this reason, AI must be transparent. Explainable AI helps doctors understand why a model made a certain prediction. This builds trust and supports safer use of AI in real medical settings.
In this study, ML, DL, transformer models, and a verified treatment database were combined to build a system that predicts diseases from symptoms and recommends suitable treatments. The goal is to offer faster, more accurate, and more understandable tools that improve patient care.


1.1 Problem Definition:
The healthcare field faces many challenges, including diagnosing diseases based on the textual symptoms provided by the patient. With the increasing volume of medical data and digital health records , it has become necessary to benefit from this data by creating an intelligent system capable of analyzing medical texts and predicting the most likely disease.

Despite the emergence of modern Machine Learning (ML) and Deep Learning (DL) techniques that can handle textual data , current studies mainly focus on predicting the disease without progressing to the treatment stage , which reduces the full benefit of these technologies.

Based on this, the research problem is the absence of an integrated system that relies on artificial intelligence and modern techniques that can:
1. Analyze the textual symptoms.
2. Predict the most likely disease.
3. Provide initial treatment recommendations based on a reliable medical database.

Addressing this problem represents an important step toward supporting medical decision-making, reducing diagnostic delays, and improving access to reliable initial healthcare guidance.

1.2 Research Question:

This research is guided by a main question that reflects the purpose of the study. Since the proposed system aims to analyse textual symptoms. Identify the most likely disease Recommend an appropriate initial treatment. The research question seeks to explore how artificial intelligence. Can be used to achieve these objectives in an integrated and reliable way. As the main research question is:
How can artificial intelligence technologies be utilized to identify diseases and recommend the appropriate treatment?

1.3 Thesis Objectives:
Using artificial intelligence techniques, the core objective of this thesis is to design and evaluate an intelligent medical diagnostic system. Capable of predicting diseases from patient-reported symptom descriptions and recommending the appropriate treatment. Using a trusted medical database. This study seeks to build a practical and intelligent system that can understand symptoms written by the user and determine the most likely disease based. To achieve this overall goal, the work is structured around several key objectives that guide the development of the proposed framework.

First, the study aims to preprocess and analyze textual symptom data in a way that prepares it for use in machine learning (ML) and deep learning (DL) models. This includes applying essential text-processing steps such as cleaning, tokenization, and feature extraction-most notably TF-IDF for text representation-to ensure that only meaningful linguistic patterns are used during training. Second, the study trains and evaluates three ML models-Linear SVM, Logistic Regression, and Complement Naïve Bayes-to assess their performance in classifying disease-related text. In parallel, three transformer-based DL models-BERT, BioBERT, and ClinicalBERT-are trained and tested to evaluate their ability to understand natural language and improve classification accuracy.

The next objective is to compare the performance of all models to identify the most effective approach for predicting diseases from textual symptom descriptions. Following disease prediction, the system links the output to a reliable medical treatment database to automatically generate initial treatment recommendations. Through this multi-model approach, the framework seeks to identify the most meaningful linguistic and clinical indicators that contribute to accurate diagnosis, reduce noise and irrelevant information, and improve the interpretability of predictions.

Ultimately, the goal is to develop a complete and integrated AI-based diagnostic system that begins with symptom input and ends with both disease prediction and treatment recommendation-forming a practical tool that supports clinicians in making timely decisions, facilitates early detection of potential health risks, and contributes to more effective, personalized, and evidence-based healthcare planning.

1.4 Thesis Contribution:
This study presents a set of contributions. Aimed at enhancing the use of artificial intelligence techniques. In disease prediction and treatment recommendation based on textual symptom descriptions. The main contributions of this work can be summarized as follows:
· Developing an integrated AI-based system ability of reading free-text symptom descriptions. Predicting the most likely disease. Providing initial treatment recommendations based on a trusted medical database.
· Conducting a comprehensive comparison between Machine learning (ML) and Deep learning (DL) models. Including Linear SVM, Logistic Regression, Complement Naïve Bayes. And advanced transformer-based models such as BERT, Bio BERT, and Clinical BERT. To identify the most efficient model for medical text classification.
· Introducing a complete workflow for medical text analysis. Coverage data production, text representation using TF-IDF and Tokenization. Followed by model training and testing, and ending with treatment recommendation.
· Highlighting the validation of transformer models, especially Clinical BERT, in understanding natural language (NL). Achieving high accuracy in disease prediction.
· Providing a practical model that can be used as a decision-support tool. By bridging the gap between symptom interpretation and treatment guidance.
· Offering a scalable and research-friendly model. Enabling future researchers to build upon it, and extend its applications, across different domains related to medical text analysis. 
1.5 Thesis Organization:
This thesis is organized into six chapters, each guiding the reader through a different stage of the study in a clear and coherent manner.
Chapter 1: Introduction
This chapter introduces the central idea of the research and explains the importance of developing an intelligent system capable of predicting diseases from patient-reported symptoms and recommending appropriate treatments. It outlines the problem that motivated this study, the objectives we aim to achieve, and the key research questions that shaped the direction of the work.
Chapter 2: Overview
This chapter presents the theoretical background of the study and highlights the importance of preparing medical text before training the models. It describes essential preprocessing steps such as cleaning, noise removal, and converting symptom descriptions into numerical representations that machine-learning and deep-learning models can interpret. These steps ensure that the system can accurately apply techniques such as TF-IDF and embedding methods.
Chapter 3: Related Work
This chapter reviews previous research related to disease prediction, medical text analysis, and the use of transformer-based models in healthcare. It summarizes the methodologies and findings of earlier studies and identifies the gaps and limitations that this research aims to address, particularly in linking disease prediction with treatment recommendation.
Chapter 4: Proposed Methodology
This chapter provides a detailed explanation of the methodology used in this study. It describes how the dataset was collected and preprocessed, how the models were designed and trained, and how the overall pipeline operates to predict diseases and recommend treatments. The chapter walks the reader step-by-step through each component of the proposed system.
Chapter 5: Experimental Results and Discussion
This chapter presents the experimental setup and the results of the different models used in the study. It discusses the performance of each model, comparing their strengths and weaknesses, and evaluates their effectiveness in predicting diseases and generating accurate treatment recommendations. The chapter also interprets the results and reflects on their implications.
Chapter 6: Conclusion and Future Work
The final chapter summarizes the key findings of the thesis and reflects on the overall contributions of the study. It discusses what has been achieved and provides recommendations for future research, offering suggestions on how the system can be improved, extended, or applied in real clinical environments.














Chapter 2

Overview:
2.1Introduction:
This chapter provides an overview of the main artificial intelligence (AI) concepts and methods that form the foundation of this study. It begins by explaining the role of AI in the medical domain and introduces its core subfields Machine Learning (ML), Deep Learning (DL), Natural Language Processing (NLP), and transformer-based language models highlighting how each contributes to understanding and analyzing patient-reported symptoms. The chapter also explains why medical text requires careful preprocessing, including cleaning, normalization, tokenization, and converting symptom descriptions into numerical representations suitable for ML and DL models. These steps ensure that models can accurately interpret clinical expressions and capture meaningful patterns within the medical text.
Next, the chapter discusses the importance of feature representation and embedding techniques in improving model performance, particularly when dealing with unstructured symptom descriptions. It then explains key classification algorithms used in this research, including traditional ML models such as SVM, Logistic Regression, and Naïve Bayes, as well as advanced deep-learning models including BERT, BioBERT, and ClinicalBERT. The strengths and limitations of these models are outlined to show how each contributes to the overall diagnostic workflow.

Finally, this chapter reviews the latest directions in AI-based healthcare analytics, with a focus on how transformer models are increasingly being used to understand medical text and support automated disease prediction. The chapter also sheds light on why linking prediction results to a verified treatment database is essential for offering recommendations that are medically sound and supported by evidence.
In the context of this study, once the model predicts the most likely disease, the system looks up that predicted label in a trusted medical treatment database. This matching process allows the system to pull the appropriate treatment information automatically. By combining both prediction and treatment lookup, the framework not only identifies the possible disease based on the patient’s symptoms but also provides an initial treatment suggestion that follows established medical guidelines.
By the end of the chapter, the reader is expected to have a clear and practical understanding of the main concepts, background theories, and AI methods that make it possible to build a reliable system for disease prediction and treatment recommendation.
2.2Artificial Intelligence (AI):
Artificial Intelligence (AI) refers to the ability of computer systems to perform tasks that normally require human intelligence, such as reasoning, learning, problem-solving, perception, and decision-making. AI systems are designed to analyze data, recognize patterns, adapt to new information, and make intelligent decisions with minimal human intervention.[1]
[image: ]
FIG.1 Artificial Intelligence (AI)





[bookmark: _Hlk214625227]2.3Machina learning (ML):
Is a subfield of artificial intelligence that focuses on developing algorithms and statistical models that enable computer systems to learn patterns from data and make predictions or decisions without being explicitly programmed. ML systems improve their performance automatically through experience, allowing them to discover hidden relationships within datasets and generalize to new, unseen data.   [2]
[image: Machine Learning Drives Self-Driving Cars | Mindy Support]
FIG.2 Machina learning (ML):


2.4 Deep Learning (DL):
Deep Learning (DL) is a branch of machine learning that uses multi-layer neural networks to learn from data. These deep networks allow the model to discover complex patterns and build high-level representations automatically. With this ability, DL can handle advanced tasks such as image recognition, natural language processing, and medical text analysis.
Deep learning models become more accurate when they are trained on large datasets and supported by strong computational power. Because of this, DL has achieved some of the best results in many modern AI applications. [3]

[image: ]
FIG.3 Deep Learning (DL)









[bookmark: _Hlk214625644]2.5. Natural Language Processing (NLP)
Natural Language Processing (NLP) is a field of artificial intelligence that focuses on enabling computers to understand, interpret, and generate human language. It allows systems to analyze medical text, extract symptom information, and convert unstructured text into meaningful features.[4]
[image: ]
FIG.4 Natural Language Processing (NLP)









[bookmark: _Hlk214626001]2.6 Transformer Architecture
Transformers are deep-learning models designed to handle sequential data using a self-attention mechanism. They process entire sentences at once, allowing them to capture contextual meaning more effectively than traditional RNN-based models.[5]
[image: ]
FIG.5 Transformer Architecture
2.7 BERT (Bidirectional Encoder Representations from Transformers)
BERT is a transformer-based model pre-trained on large text corpora to understand language context in both forward and backward directions. It is widely used for classification, question answering, and medical text analysis.[6]

2.8 BioBERT
BioBERT is a domain-specific version of BERT trained on biomedical literature (PubMed, PMC). It enhances understanding of medical terminology and relationships between diseases, symptoms, and treatments.[7]


2.9 ClinicalBERT
ClinicalBERT is a specialized version of BERT trained on clinical notes from electronic health records (EHR). It captures the linguistic style, abbreviations, and terminology used in hospitals, making it highly accurate for disease prediction tasks.[8]


2.10 TF-IDF (Term Frequency – Inverse Document Frequency)
TF-IDF is a numerical representation used in Natural Language Processing (NLP) to measure how important a word is within a document relative to an entire dataset.
It increases with the number of times a word appears in a document (TF) but decreases with how commonly the word appears across all documents (IDF).
This helps highlight important medical terms in symptom descriptions and reduce the weight of common words like “the” or “and”.[17]


2.11 Tokenization
Tokenization is the process of breaking raw text into smaller meaningful units called tokens. These tokens can be words, subwords, or characters, depending on the model and the tokenizer used. Tokenization is a fundamental preprocessing step in Natural Language Processing (NLP) because machine-learning and deep-learning models cannot interpret raw text directly—they require text to be segmented and converted into numerical representations.
In medical text analysis, tokenization helps transform symptom descriptions into structured units that models such as BERT, BioBERT, and ClinicalBERT can process. Modern transformer models use subword tokenization, which allows them to handle rare medical terms, abbreviations, and variations in clinical language.[18]
.
[image: ]

2.12 Dataset
A dataset is a structured collection of data used to train, validate, and test machine-learning models. In this research, the dataset consists of patient symptom descriptions paired with disease labels.[19]

2.13 Evaluation Metrics (Accuracy, Precision, Recall, F1-score)
In any machine learning classification task, the evaluation step is essential to ensure that the model can generalize well to unseen data and is reliable enough to be deployed in real-world medical applications. Unlike regression problems, classification tasks require metrics that assess not only the overall correctness of predictions but also how well the model distinguishes between different disease categories.
The most commonly used evaluation metrics for classification include Accuracy, Precision, Recall, and F1-score. These metrics provide a comprehensive view of model performance from different angles.
Accuracy measures the overall proportion of correct predictions, while Precision evaluates how many of the predicted positive cases are actually correct. Recall measures the model’s ability to identify all true positive cases, making it critical in medical settings where missing a disease case can have serious consequences. The F1-score combines both Precision and Recall into a single measure, offering a balanced perspective especially when dealing with imbalanced datasets.
These evaluation metrics are calculated by comparing the predicted labels with the true labels and are widely used in classification problems such as disease prediction based on patient-reported symptoms.[20]
[image: ]
FIG.6 Evaluation Metrics (Accuracy, Precision, Recall, F1-score)

2.14 Support Vector Machine (SVM) 
Support Vector Machine (SVM) is a supervised machine-learning algorithm used for classification tasks. It works by finding the optimal hyperplane that separates data points into different classes with the maximum margin. SVM is highly effective in high-dimensional text data, making it suitable for medical text classification.[21]
[image: ]
FIG.7 SVM CLASSIFIRE


2.15. Logistic Regression (LR) 
Logistic Regression (LR) is a statistical classification model that predicts the probability of a class using a logistic (sigmoid) function. It is widely used in binary and multi-class text classification due to its simplicity, speed, and strong performance with TF-IDF features. [22]
[image: ]
FIG.8 LOGSTIC REGRESSION
2.16 Naïve Bayes 
Complement Naïve Bayes (CNB) is a variant of the Naïve Bayes classifier specifically designed for imbalanced text classification. It estimates probabilities using complement class statistics, reducing bias toward majority classes and improving performance on high-dimensional text data.[23]





Chapter 3

 Related Work 
3.1Introduction:
Over the past few years, artificial intelligence has become a powerful tool for analyzing data and discovering patterns that were difficult to identify using traditional methods. As AI techniques continue to evolve, researchers have explored different models to improve prediction accuracy and support better decision-making, especially in fields like healthcare and education.
Before developing any new system, it is essential to understand the work that has already been done in the same area. Reviewing previous studies helps identify the methods that were used, the results achieved, and the limitations that still exist. This background provides a clear foundation for the current research and ensures that it builds on strong scientific knowledge while addressing the gaps that remain.

3.2 History 
Leila Aissa et. [24] (2025) conducted a study to improve the accuracy of symptom-based Medical. diagnosis using ensemble learning methods. The research tested several models, including Decision Trees (DT) and Support Vector Machines (SVM), alongside ensemble approaches such as Bagging and Stacking. Three experimental datasets were created for the study the Reference Dataset, Cough Differential Diagnosis Dataset Cough-DDX, and Cough-DDX2 to reflect real world respiratory symptom scenarios.
The findings showed that the Bagging ensemble combined with SVM outperformed the single models. Delivering superior performance in terms of accuracy, precision, recall, and F1-score. This highlights the potential of ensemble approaches in clinical decision support systems.

Fatemeh Sogandi (2024) [25] conducted a study using a Kaggle based symptom disease dataset to integrate supervised and unsupervised learning techniques. The purpose was to highlight important symptoms and generate generalized diagnostic rules. The Prior algorithm was applied to extract association rules, while several predictive models, including stepwise regression, SVM, bootstrap forest, and boosted trees, were tested. Results indicated that stepwise regression achieved the best performance, proving effective for accurate disease 
       classification and the development of decision-support rules.

In 2024, Esraa Hassan et. [26] investigated how advanced language models could be applied to improve the classification of diseases from symptom descriptions. Their work focused on comparing traditional deep learning approaches, such as BiLSTM, with domain-adapted transformer models like MCN-BERT. To test model effectiveness, the researchers prepared two datasets: the first consisted of 1,200 pairs linking symptoms to specific diseases, while the second contained more than 23,000 tweets related to adverse drug reactions. The results showed that MCN-BERT, particularly when trained with the A damp optimizer, consistently produced the best outcomes, reaching an accuracy close to 99.6% on the first dataset and around 96% on the second. These findings underline how specialized transformer architectures can capture subtle patterns in clinical language, offering strong potential for automated disease classification and early diagnostic support. 

Al-Qarni et. (2025).[27] introduced a deep learning framework for predicting diseases from textual symptom descriptions. They constructed two custom textual datasets: the first covered 24 diseases, and the second extended to 41 diseases, with each dataset containing natural language descriptions of symptoms, these datasets were custom-built by the authors from openly available symptom descriptions and were not published as a public repository.
The researchers applied natural language processing (NLP) techniques, including tokenization and TF-IDF, combined with deep learning models such as LSTM, CNN-LSTM, and GRU. Experimental results demonstrated that the CNN-LSTM model with tokenization achieved the highest accuracy (99.9%) on the 41-disease dataset, while LSTM + TF-IDF reached 98.8% on the 24-disease dataset.
Dataset: Custom-built symptom description datasets (24 diseases, 41 diseases) not publicly available

Manikant Serigne’d (2024).[28] conducted a study entitled “Symptom-Based Disease Prediction: A Machine Learning Approach” with the objective of improving disease diagnosis based on symptom descriptions. The researchers used an open-access dataset in Kaggle containing 132 symptoms linked to 41 diseases.
To analyses the data, they applied several machine learning algorithms including Decision Tree (DT), Support Vector Machine (SVM), Random Forest (RF), and Extreme Gradient Boosting (XGBoost). 
The findings revealed that XGBoost outperformed all other classifiers, achieving the highest accuracy in predicting diseases from symptom inputs. 

Finkelstein et.[29]
. conducted a study The primary objective was to support timely clinical decision-making by forecasting symptom progression based on self-reported patient data. The researchers applied two deep learning models Convolutional Neural Network (CNN) and Long Short-Term Memory (LSTM) to a longitudinal dataset of daily symptom logs recorded by 208 cancer patients during chemotherapy cycles. These logs included information on fatigue, nausea, pain, and other symptoms. The models were evaluated using different time windows (3 to 7 days) to predict symptom escalation events. The results showed that the CNN model with a 3-day look-back window outperformed the LSTM, achieving an accuracy of 81%, precision of 87%, recall of 80%, and F1-score of 83%. The LSTM model achieved slightly lower but comparable results. The study concluded that CNN is a strong candidate for real-time symptom monitoring in digital health platforms. The dataset used in this study consists of real-world, hospital-based, patient-reported symptom data and is available upon request.
Abhinav et. .[30] proposed a machine learning-based system to predict multiple chronic diseases, including breast cancer, heart disease, and diabetes. The system is designed to be simple and user-friendly, with a web interface built using Python, Django, and Streamlet, allowing users to input their health data and receive disease predictions.
The models used in the study include Decision Tree (DT) and Support Vector Machine (SVM). After evaluation, the Decision Tree model demonstrated the highest performance across all diseases, achieving 97.98% accuracy for breast cancer, 92.62% for heart disease, and 91.55% for diabetes.
Saima Afrin et. .[31] conducted a study titled "Supervised Machine Learning Based Liver Disease Prediction Approach with LASSO Feature Selection" to develop an effective system for early diagnosis of liver disease using supervised machine learning techniques. They utilized the Indian Liver Patient Dataset (ILPD). The researchers evaluated a range of classifiers, including Logistic Regression, Decision Tree, Random Forest, AdaBoost, K-Nearest Neighbors, Linear Discriminant Analysis, Gradient Boosting, and Support Vector Machine. To improve model performance and enhance interpretability, they applied the Least Absolute Shrinkage and Selection Operator (LASSO) for feature selection, isolating the most influential predictors of liver disease. Using 10-fold cross-validation and performance metrics—accuracy, precision, sensitivity, and F1-score they found that the Decision Tree model, when combined with LASSO, outperformed others with an accuracy of 94.29%, precision of 92%, sensitivity of 99%, and F1-score of 96%. These results emphasize the utility of combining tree-based models with effective feature selection for reliable and early liver disease prediction
Chintan M. et. .[32] the researchers proposed a machine learning-based framework to predict cardiovascular disease with high accuracy. The goal was to support early and reliable diagnosis of heart disease using automated methods to reduce human error in medical decision-making.
The study utilized several supervised Machine Learning (ML) models, including Decision Tree (DT), Random Forest (RF), XGBoost (XGB), and Multilayer Perceptron (MLP). A k-modes clustering algorithm with Huang initialization was applied during preprocessing to improve classification quality, and GridSearchCV was used for hyperparameter tuning.
The models were trained and tested using a real-world dataset containing 70,000 patient records, sourced from Kaggle. The Multilayer Perceptron (MLP) model achieved the best results with an accuracy of 87.28% and an AUC of 0.95, outperforming the other models in the study
Umar ani ets.in 2022.[33] the researchers proposed multiple machine learning approaches for early heart disease detection The study introduced four main models including Naïve Bayes with a weighted approach a hybrid model combining Support Vector Machine and XGBoost based on time domain frequency domain and information theory features an improved Support Vector Machine based on duality optimization and a clinical decision support system that uses DBSCAN for outlier removal SMOTE ENN for class imbalance correction and XGBoost for final disease prediction performance evaluation included metrics like precision recall F1 score and accuracy Among all the models XGBoost consistently delivered the highest accuracy and robustness across different experiments making it the most effective classifier used in the study The authors emphasized the potential of machine learning in assisting clinicians with reliable early heart disease diagnosis The specific dataset used was not clearly named in the paper and no public dataset link was provided suggesting that private or institutionally collected clinical data may have been used

Abdur et. [34] conducted a study to predict COVID-19 infection outcomes using the Light Gradient Boosting Machine (LGBM) algorithm. The primary objective was to develop a fast, lightweight, and accurate predictive model that could be integrated into clinical decision support systems. To achieve this, the researchers utilized a structured dataset comprising patient-reported symptoms such as fever, cough, and fatigue, in addition to diagnostic test results and demographic attributes. The choice of LGBM was motivated by its efficiency in handling large-scale structured data with low computational demands. Experimental results demonstrated that the LGBM model achieved high predictive accuracy while requiring minimal training time, making it particularly suitable for real-time COVID-19 screening and clinical triage scenarios. The dataset used in this study is referred to as the COVID-19 Symptom and Patient Data, which provided a comprehensive foundation for evaluating model effectiveness in practical healthcare contexts
Lee et.[35] proposed a novel approach to personalized medication recommendation through the development of Graph BERT, a Graph Augmented Transformer model. The study utilized the MIMIC-III The primary aim was to generate precise and individualized treatment recommendations based on a patient's medical history. Experimental evaluations showed that Graph BERT significantly outperformed baseline models by effectively modeling complex dependencies in the data, leading to more accurate and clinically relevant medication suggestions. The use of the MIMIC-III dataset provided a robust and realistic environment for testing the model’s effectiveness in real-world healthcare applications
Prabhakar, et. [36] conducted a study with the aim of improving the identification of patient phenotypes from free-text clinical notes using deep learning techniques. The authors used the MIMIC-III dataset, 
The model was evaluated using standard performance metrics, and the results showed that it outperformed traditional models such as vanilla BERT, Bio BERT, and basic CNNs. Specifically, the proposed model achieved an AUROC of 0.80, F1-score of 0.72, and a Hamming loss of 0.09, indicating its strong capability in multi-label classification tasks for clinical phenotyping.
Kumar et. [37] conducted a study to develop a predictive model for diabetes diagnosis using classic machine learning algorithms. The researchers employed the PIMA Indians Diabetes Dataset, open-access. The models evaluated included Support Vector Machine (SVM), Logistic Regression (LR), and Decision Trees (DT). The goal was to compare their effectiveness in binary classification of diabetic vs. non-diabetic cases. Among the tested models, SVM achieved the highest accuracy of 89%, showcasing its effectiveness for medical prediction tasks with structured numerical data. Dataset Used: PIMA Indians Diabetes Dataset

Ridham Sood et.[38] conducted a “with the objective of developing a smart healthcare system that can predict diseases based on user-reported symptoms. The authors used a structured dataset containing over 5,000 records of symptom-to-disease mappings. Several machine learning models were applied in this research, including Decision Tree (DT), K-Nearest Neighbors (KNN), Naïve Bayes, and Random Forest (RF). Among these, the Random Forest algorithm achieved the highest accuracy, exceeding 90%, making it the most reliable model for the classification task. The system was also integrated into a web application for real-time diagnosis support. Although the dataset was custom-built by the researchers, it is hosted alongside the study publication. The dataset and full study can be accessed through the International Journal of Preventive Medicine and Health


3-3 Study Summary Table:
	Study 
	Year
	Dataset
	Models
	Best Model
	Result

	1
	2025
	Reference, Cough-DDX-DDX2
	DT, SVM, Bagging, Stacking
	Bagging+SVM
	High accuracy and recall

	2
	2024
	Kaggle (symptom–disease dataset
	Apriori + Stepwise Regression, SVM, Bootstrap Forest, Boosted Trees, Neural-Boosted Methods
	Stepwise Regression
	Achieved the most reliable performance and enabled extraction of useful decision rules

	3
	2024
	Dataset-1: 1200 symptom–disease pairs.
Dataset-2: 23,516 (ADR vs non-ADR).

	BiLSTM, CNN-LSTM, BERT, BioBERT, MCN-BERT
	MCN-BERT AdamP optimizer.
	Dataset-1: Accuracy 99.58%, Precision 99.46%, Recall 99.37%, F1 = 99.13%.
Dataset-2: Accuracy 96.15%


	4
	2025
	Custom-built textual datasets (24 & 41 diseases – symptom descriptions, not publicly available)
	LSTM, CNN-LSTM, GRU with Tokenization & TF-IDF
	CNN-LSTM (Tokenizer)
	Accuracy: 99.9% (41 diseases), LSTM+TF-IDF: 98.8% (24 diseases)

	5
		



2022
	
	Decision Tree (DT), Support Vector Machine (SVM), Random Forest (RF), XGBoost
	XGBoost
	Achieved the highest accuracy in symptom–disease classification

	6
	2024
	Symptom diaries from cancer patients on chemotherapy (self-reported, daily, custom dataset)
	(CNN)
LSTM
	CNN (3-day window)
	Accuracy: 81%
Precision: 87%
Recall: 80%
F1-score: 83%


	7
	2023
	
	Decision Tree, SVM
	Decision Tree,
	Breast Cancer: 97.98%
Heart Disease: 92.62%
Diabetes: 91.55%

	8
	2021
	Indian Liver Patient Dataset (ILPD
	DT, RF, SVM, KNN, AdaBoost, GB, LR, LDA
	Decision Tree (LASSO)
		Accuracy: 94.29%
Precision: 92%
Sensitivity: 99%
F1-score: 96%




	9
	2023
	Cardiovascular Disease Dataset from Kaggle 
	DT, RF, XGBoost, MLP, K-Modes + GridSearchCv
	Multilayer Perceptron (MLP)
	Accuracy: 87.28%,
AUC: 0.95

	10
	2022
	Clinical heart disease data (not specified
	Naïve Bayes, SVM
XGBoost, improved
SVM, DBSCAN,
SMOTE-ENN
	XGBoost
		Best overall performance in accuracy, precision, recall, and F1-score across multiple approaches



	




	11
	2022
	COVID-19 Symptom Dataset
	LGBM
	LGBM
	Fast and accurate prediction

	12
	2023
	MIMIC-III
	Graph Transformer
	GraphBERT
	Effective medication recommendation

	13
	2025
	MIMIC-III
	ClinicalBERT, BioBERT, BlueBERT, CNN, Vanilla BERT, and a custom hybrid modeL
	ClinicalBERT + Multi-head Attention + CNN
	AUROC: 0.80
F1-score: 0.72
Hamming Loss: 0.09

	14
	2023
	PIMA Diabetes
	SVM, LR, DT
	SVM
	89% accuracy

	15
	 2024
	dataset >5,000 symptoms‑to‑disease mapping
	Decision Tree, K‑Nearest Neighbors, Naïve Bayes, Random Forest
	Random Forest
	Accuracy
90 %، Random Forest



3.4 Summary:

The studies reviewed in this work show how machine learning and deep learning are becoming more involved in disease prediction and symptom analysis. Researchers tested many different ideas from simple ML classifiers to ensemble methods and advanced transformer models. Several studies reported good results. For example, Bagging with SVM helped in predicting respiratory diseases, while stepwise regression highlighted the most important symptoms. Other works used CNN-LSTM for disease classification based on text, and XGBoost for detecting chronic conditions. Some studies also relied on clinical datasets like MIMIC-III to identify patient patterns, predict how symptoms change over time, and recommend medications using transformer-based models.
Even with these advances, there are still clear gaps. Many studies use structured datasets, although real medical data especially symptoms written by patients is usually free-text and not organized. Only a few studies focus on this type of data, which often includes unclear wording or non-standard medical terms. Another gap is the limited use of transformer models in full systems that combine disease prediction with a trusted treatment database. In addition, many datasets used in past research are either very specific to one domain or not publicly available, making it hard to reproduce results or apply the models more widely.
Because of these gaps, there is a need for a system that can read free-text symptom descriptions, predict the related disease using both ML and transformer models, and then link the prediction to an evidence-based treatment source. Building such a system can make diagnostic support more practical, reliable, and closer to real clinical use.
















Chapter 4 

Proposed Approach:
4.1Introduction:
In this chapter, we explain how the AI system was built to identify the most likely disease from a patient’s symptoms. We also present the workflow of the proposed medical prediction system, starting from raw data and ending with a treatment recommendation. The process begins with data collection. Symptom and disease information is gathered from reliable medical sources.
Since real text data contains noise and errors, the next step is pre-processing. In this stage, the data is cleaned by removing irrelevant characters, repeated entries, and unnecessary text.
After cleaning, the text is converted into numerical form. TF-IDF is used for machine-learning models, while tokenization is used for deep-learning models. Once the data is prepared, it moves to the model training phase. Two groups of models are trained in parallel.
The first group includes ML models such as SVM, Logistic Regression, and Naïve Bayes.
These models rely on TF-IDF features. The second group includes DL models like BERT, BioBERT, and ClinicalBERT. These transformer models can understand complex medical language through contextual tokens. Each model learns patterns that link symptoms to the most likely disease. After training, the models are tested on unseen data. The results are then evaluated using accuracy, precision, recall, and F1-score. These metrics show how often the model predicts correctly and how well it distinguishes between similar diseases.
Finally, the best-performing model is used for treatment recommendation. The predicted disease is matched with a suitable treatment option. This makes the system useful as a medical decision-support tool. Overall, the diagram shows a clear pipeline that turns raw symptom text into reliable treatment suggestions using AI techniques.
[image: ]
FIG.9 WORKFLOWE


Data collecting:
At the beginning of this study, a group of medical datasets from Kaggle was selected to build the system. The datasets were divided into two parts. The first part included information about medical treatments. The second part contained diseases and the symptoms linked to each one.
These datasets were chosen because they were clear, reliable, and suitable for medical AI work. To improve the treatment recommendation step, another trusted source was added: the FDA drug labelling database. This database is a major medical resource and contains more than 15,000 drug records. Each record has details such as indications, dosage, warnings, and side effects.
For this study, only 24 treatments were taken to match the 24 diseases in the symptoms dataset.
The disease symptom dataset includes more than 6,000 cases written in plain text.
Each case connects a list of symptoms to one of the 24 diseases.
Using these combined datasets gave the study a strong and realistic base.
This helped train the machine-learning and deep-learning models to predict diseases and suggest the right treatment.
4-2 Pre-Processing:
 4-2-1 Data Cleaning 
Data from the database containing symptoms and diseases was cleaned by removing missing and duplicate records, standardizing text into lowercase characters, and removing unnecessary codes. After cleaning, 1,200 rows remained. The dataset was then divided into two parts: 80% for model training (960 rows) and 20% for testing (240 rows).
4-2-2Feature encoding
 When training the model on machine learning models, TF-IDF was used, which is a method    in natural language processing (NLP). Used to convert text into numerical representations that the model can handle. Traditional models do not understand text directly but require numerical data. Here, the strength of TF-IDF is demonstrated, as it reduces the weight of common words and increases the weight of distinctive words within the document.[41]

TF-IDF consists of two parts: TF (Term Frequency), which measures how many times a word appears the more frequent the word, the more important it is and IDF (Inverse Document Frequency), which measures how rare a word is. If a word appears in all documents, its value becomes lower; if it appears rarely, its value becomes higher.[42]

When training the model on deep neural network models, Tokenization and dataset were used. Tokenization is the process of breaking text into small linguistic units that the model can handle. This is an essential step because models do not understand sentences in their textual form but instead convert them into small units that can be transformed into numerical representations (encodings). This is how the model interprets and understands the text.[43]




4-3 Model Training 
This section describes the process of training the models used in this study. After preparing and preprocessing the dataset, both machine-learning and deep-learning models were trained to classify diseases based on text-reported symptoms. Each model was given the same input data to ensure a fair comparison. The machine-learning models were trained using TF-IDF features, while the deep-learning models relied on transformer-based architectures to better understand the medical context of the text. The goal of this stage was to enable the models to learn the patterns within the data and accurately predict the correct disease during the testing phase.
4-3-1 Machine Learning Models
[bookmark: _Hlk214628432]In this study, the machine learning stage depended on three main models. Each model added a different type of strength to the prediction process. The goal was to understand symptoms from text and match them with the most likely disease.
The first model was Support Vector Machine (SVM). This model worked especially well with TF-IDF features. TF-IDF creates a large number of text-based features, and SVM can handle this high dimensional space. It builds clear boundaries between classes, which helps when diseases share similar symptoms. In this study, SVM showed the strongest performance among the ML models. It reached an accuracy of 0.97, which made it the most reliable baseline. It was fast, stable, and able to separate overlapping symptom patterns better than the other algorithms.
The second model was Logistic Regression. Despite the name, it is a classification model.
It predicts the probability of each disease, which makes its output easy to interpret. This is important in medical work because doctors prefer transparent and explainable results.
Logistic Regression also handled the TF-IDF features well. Its performance was slightly lower than SVM, but still consistent and dependable. It helped show how each symptom affects the final prediction, offering a clear view of the model’s decision. The third model was Naïve Bayes. This model is known for its speed and efficiency. It works well with text data, especially when the dataset is imbalanced. In medical datasets, some diseases appear much more than others, so this feature was useful. NB studies word frequency and makes fast predictions without heavy computation. Even though it is simple, it captured meaningful relationships between symptoms and diseases. When combined, these three models created a strong and well-balanced machine learning foundation. SVM added strong classification power. Logistic Regression added interpretability and probability-based reasoning. NB added speed and stability with imbalanced data. Together, they helped the system understand different patterns in the dataset and provided a solid baseline before moving to deep learning models.
4-3-2Deep Neural Network Models:
In the second stage of the study, I used deep learning models to improve how the system understands medical text. These models do not depend on hand-made features. They learn from the raw text directly and pick up deeper meaning and context. Three transformer models were tested: BERT, BioBERT, and ClinicalBERT. The first model was BERT. It reads the text in both directions, so it understands the full sentence. BERT is trained on general language, which helps with basic understanding. But it is not trained on medical terms, so it struggles with clinical wording. To improve this, BioBERT was added. BioBERT is trained on large biomedical collections like PubMed. This helps it recognize medical terms, disease names, and symptom patterns much better. It understands medical text more accurately than regular BERT.
The third model was ClinicalBERT. This model is trained on real hospital notes such as 
MIMIC-III. These notes include short, messy, and realistic symptom descriptions written by doctors. Because of this training, ClinicalBERT can understand small differences in symptoms and clinical phrasing. Its behaviour is closer to real medical practice. Together, these models form a strong deep learning group. BERT gives general language understanding.
BioBERT adds biomedical knowledge. ClinicalBERT gives the best understanding of real clinical text. Using all three models helped the system read symptoms better and improved disease prediction and treatment recommendation.
4-4Testing Phase:
After finishing the training stage, the next step was testing the models. This step checks how well the models work on data they have never seen before. To do this, 20% of the dataset was kept for testing only. Using new data helps show if the model can really understand symptoms and predict the correct disease. In the testing phase, each symptom entry is given to the trained model.
The model predicts a disease label. These predictions are then compared with the true labels.
From this comparison, the main metrics are calculated: accuracy, precision, recall, and F1-score.
Accuracy shows how many predictions were correct. Precision and recall show how well the model identifies each disease. The F1-score gives a balanced view between both. This step is important because it shows the real strength of the model. Sometimes a model performs well during training but fails when tested. Testing helps reveal these problems and shows which model is more reliable. It also helps compare the models and choose the best one. In this study, the results showed that deep learning models performed better than the machine learning models.
ClinicalBERT gave the highest accuracy. Its strong performance is because it understands clinical language better than the other models.

4-5 Evaluation:
After finishing the testing step, I reviewed how the model behaved on the unseen data.
The goal here was to understand its real performance, not just how it acted during training. To do this, several metrics were used. The first one was accuracy. Accuracy shows the number of correct predictions compared to the total test cases. Next, I looked at precision.
This measure tells how many of the predicted disease labels were actually correct.
It helps show whether the model makes unnecessary or incorrect predictions. After that, I checked recall. Recall shows how many real disease cases the model managed to detect.
A higher recall reduces the chance of missing actual patients. Finally, I used the F1-score.
It gives a single value that combines both precision and recall. This is helpful when the dataset has diseases with different numbers of samples. By reviewing these four metrics together, I could see a clearer picture of the model’s performance. This evaluation helps identify where the model works well and where it needs improvement.
4.6 Treatment Recommendation:
Once the most accurate prediction model was selected, the next step was to transform the classification output into something medically useful by connecting each predicted disease with the appropriate treatment. This process depended on integrating the model’s prediction results with the external treatment dataset used in the system. After the model receives a symptom description and classifies it into one of the 24 diseases, the system automatically uses this predicted disease label as a key to search within the disease–treatment database. This database contains predefined mappings that link every disease to its recommended treatment based on reliable medical sources, including the FDA drug labelling dataset.
Technically, this step was executed by matching the predicted disease name with the corresponding entry in the treatment CSV file. The system performs a lookup operation, retrieves the treatment information related to that specific disease, and outputs it alongside the prediction. This includes the name of the medication, its purpose, and any relevant notes provided in the dataset. By merging both datasets predicted labels from the model and official treatment records the system is able to provide a complete pipeline that not only identifies the likely disease but also delivers an initial treatment suggestion.
This stage significantly enhances the practicality of the model. Instead of stopping at disease diagnosis, the system becomes capable of supporting medical decision-making by offering immediate treatment guidance. This benefits patients who want quick information and helps doctors by speeding up the early stages of clinical assessment. The goal of incorporating treatment recommendation is to bridge the gap between prediction and action, making the system not just a diagnostic tool but a supportive framework that assists in selecting suitable treatment options based on official, verified medical data.

Research Design:
This research is mainly applied in nature, because its purpose is to build a system that can actually be used in medical settings. The study is also empirical, as it depends on real symptom data and repeated experiments to test how well the models perform. Since the work relies on numerical results and measurable evaluation metrics, it also follows a quantitative approach. In addition, the study focuses on predictive modelling, where different ML and transformer models are used to identify diseases from free-text symptoms and then connect them to suitable treatments. Together, these elements reflect a practical and data-driven research design.
 4.7 Summary:
In this methodology, the disease prediction and treatment recommendation system was developed through a structured, multi-stage approach that integrates both traditional machine learning algorithms and advanced deep learning models specialized in medical text understanding. The process began with the preparation of two core medical datasets containing more than 6,000 symptom disease cases and a set of officially approved treatment records extracted from the FDA drug labelling database. A comprehensive preprocessing pipeline was applied to ensure the highest data quality, including cleaning, normalization, text tokenization, and TF-IDF feature extraction for machine learning models, while transformer-based tokenization was used for deep learning architectures.
The machine learning stage involved training three different models SVM, Logistic Regression, and Complement Naïve Bayes each contributing a unique analytical perspective on the textual symptom patterns. The deep learning stage then expanded the system’s capability by employing BERT, BioBERT, and ClinicalBERT, models designed to capture complex clinical context using bidirectional attention mechanisms and domain-specific pretraining. This dual-level modelling strategy allowed the system to combine the interpretability and efficiency of traditional models with the rich semantic understanding achieved by deep neural networks.
After training, a structured evaluation procedure was conducted using accuracy, precision, recall, and F1-score to measure the system’s ability to correctly identify diseases from unseen symptom descriptions. The strongest performing model was then connected to the treatment dataset, enabling automated mapping from predicted disease labels to their corresponding recommended treatments. This integration transforms the system from a purely diagnostic model into a practical medical decision-support tool capable of assisting both patients and clinicians.
By combining diverse analytical approaches, domain-specific deep learning, and a reliable treatment-mapping process, the proposed methodology provides a comprehensive and medically meaningful pipeline. It not only improves prediction accuracy but also delivers actionable treatment guidance, demonstrating a significant step forward in applying AI to real-world healthcare decision-making.



 Chapter 5 
 Experimental Results and Discussion:
5.1 Introduction
This chapter presents the results of the medical prediction models. The models classify diseases from symptom text and provide suitable treatment recommendations.
The analysis is based on more than 6,000 medical cases. A separate dataset of FDA-approved treatments was also used for mapping diseases to treatments.
The results are divided into two parts. The first part covers the traditional ML models: Linear SVM, Logistic Regression, and Complement Naïve Bayes.
The second part presents the deep learning models: BERT, BioBERT, and ClinicalBERT.
Each section includes evaluation metrics and comparison tables. Charts are used to show accuracy, precision, recall, and F1-score.
The discussion explains why the models performed differently. It also shows how domain-specific deep learning improved the results.
The chapter ends with the main insights and the importance of these findings for real medical decision-support systems.
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FIG.10 ML vs. DL Accuracy Comparison

5.2 Results of Machine Learning Models
The machine learning models performed well in predicting diseases from symptom text.
Each model showed different levels of accuracy and reliability. Linear SVM gave the best results overall and reached an accuracy of 0.97. It handled TF-IDF features effectively and separated similar symptom patterns with high precision. Logistic Regression also delivered good and stable predictions. Its accuracy was slightly lower, but the results were still consistent and easy to interpret. Complement Naïve Bayes performed better than expected for a simple model.
It was fast, efficient, and handled the imbalanced data fairly well. In general, all three models were able to learn useful relationships between symptoms and diseases. However, Linear SVM stood out as the most reliable model. This made it the strongest baseline before moving to deep learning models.
5.3 Results of Deep Learning Models
The deep learning models showed a clear improvement compared to the traditional machine learning approaches.
BERT was the baseline model and delivered strong performance. It understood the context within symptom descriptions better than the ML models. When domain-specific models were used, the results improved even more. BioBERT performed better because it was trained on large biomedical texts like PubMed. It recognized medical terms more accurately and made stronger predictions. The best results came from ClinicalBERT. It achieved the highest accuracy among all models. Because it was trained on real clinical notes, it captured subtle symptom patterns that other models missed. Its ability to understand short and domain-specific text made it very effective for this dataset. Overall, the deep learning results show the value of domain adaptation.
Models trained on biomedical and clinical language can greatly improve prediction quality and reliability.







Table 5.4 Machin Learning (ML) Model Results:

	Model
	Accuracy
	Precision
	Recall
	F1-Score

	Linear SVM
	0.97
	0.97
	0.97
	0.97

	Logistic Regression
	0.95
	0.96
	0.95
	0.94

	Complement NB
	0.94
	0.95
	0.94
	0.94



Table 5.5 Deep Learning (DL) Model Results:

	Model
	Accuracy
	Precision
	Recall
	F1-Score

	Clinical BERT
	0.975
	0.976
	0.974
	0.97

	Bio BERT
	0.97
	0.971
	0.97
	0.97

	BERT
	0.97
	0.97
	0.97
	0.97



[bookmark: _Hlk214467121]5-6 Discussion:
The results from the machine learning and deep learning models gave me a clear idea of how each approach deals with medical text.
The machine learning models  Linear SVM, Logistic Regression, and Complement Naïve Bayes performed well overall.
Linear SVM gave the best accuracy and handled the TF-IDF features with fewer mistakes.
It also separated symptoms that looked very similar.
Logistic Regression produced steady results and was easy to understand.
Complement Naïve Bayes was fast and worked well, even with the imbalance in the dataset..
The deep learning models showed a better understanding of the language used in medical text.
BERT gave strong results because it reads the text in both directions and understands the context around each word.
BioBERT improved the accuracy because it was trained on medical research papers and recognized technical terms more easily.
ClinicalBERT achieved the highest accuracy in all experiments.
Its training on real clinical notes helped it pick up small differences in symptoms and understand the short forms used by doctors.
This made its predictions more realistic and closer to what happens in actual medical practice.
In general, the comparison showed how helpful domain-specific models are in this field.
ClinicalBERT stood out as the most accurate model. The machine learning models were still useful as a simple starting point. These results show the importance of choosing a model that matches the complexity of medical text and the level of understanding needed for accurate disease prediction.

5.7Confusion Matrix Analysis:
The confusion matrix was used in this study as a reliable and detailed method to evaluate the performance of the Clinical BERT model. To verify how accurately it classified each disease class. A confusion matrix is a diagnostic evaluation tool that compares the actual labels with the model’s predictions to show both correct classifications and misclassifications through four essential measures: True Positives, True Negatives, False Positives, and False Negatives. It is widely used in medical applications because it provides deeper insight beyond overall accuracy and reveals whether certain diseases are being misidentified. In this research, the confusion matrix was generated after training the Clinical BERT model. Predicting the disease labels for the test dataset, and comparing them with the true labels. The results showed that most values appeared along the diagonal of the matrix. Indicating that the model successfully classified the correct disease in most cases. The limited values outside the diagonal reflected only a few misclassifications. Demonstrating strong discriminatory ability and high model reliability. These findings provide additional evidence that Clinical BERT is capable of understanding the medical context of symptom descriptions. Distinguishing between disease categories. The confusion matrix not only supports the high evaluation metrics obtained but also confirms that the model is suitable for real-world medical decision-support systems.
Although the confusion matrix effectively evaluates how accurately the model predicts each disease class, it does not reflect the treatment recommendation process. The confusion matrix assesses only the prediction stage. The treatment recommendation is performed in the second stage of the system. After predicting the disease, the model automatically retrieves the appropriate treatment from the medical database using a direct mapping between the predicted disease label and a trusted treatment dataset sourced from Kaggle. Therefore, disease prediction and treatment recommendation are two separate yet connected stages within the system.
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FIG.11Confusion Matrix of the Clinical BERT Model

5-8 Limitations of the Proposed Work
The system achieved strong results, but several limitations remain. The dataset had only 24 diseases and 6,000 symptom cases. This small size limits the model’s ability to generalize in real clinics. The symptom descriptions were simplified. They did not show the complexity or ambiguity of real patient language. The treatment dataset included only one treatment per disease. In real practice, treatment depends on age, severity, and other health conditions.
These factors were not available in the dataset. The deep learning models, especially ClinicalBERT, require high computing power. This makes deployment difficult in low-resource healthcare settings. The system offers suggestions, not medical decisions. It cannot replace a doctor and should be used only as a support tool. Future work should address these issues to improve the system’s reliability and clinical value.
5-9 Summary:
This chapter reviewed the results of the machine learning and deep learning models used in this study. The traditional machine learning models were examined first. Linear SVM gave the strongest baseline results when using TF-IDF features. Logistic Regression and Complement Naïve Bayes also performed well but with lower accuracy. The chapter then moved to the deep learning results. BERT and BioBERT showed better understanding of symptom text. ClinicalBERT achieved the highest accuracy because it was trained on real clinical notes.
A comparison between all models showed clear differences in how each one reads and interprets medical text.
The transformer models captured deeper meaning, while the machine learning models were easier to interpret. The chapter also pointed out several limitations, such as the small dataset and the simplified symptom and treatment descriptions. Overall, this chapter summarized how each model performed, why some models worked better than others, and how the results support building an effective AI system for medical decision support.



















Chapter 6

6-1Conclusion:
This thesis developed a complete artificial intelligence framework for predicting diseases from symptom descriptions and recommending suitable treatments. The system relied on medically verified datasets to ensure accuracy and reliability.
Traditional machine learning models were tested as the first stage. Linear SVM offered the strongest baseline and provided stable and interpretable results.
In the second stage, advanced transformer-based deep learning models were introduced. These models were designed to understand clinical context and capture subtle medical meanings in the text.
Among all models, ClinicalBERT achieved the best performance, reaching an accuracy of 0.975. This high accuracy reflects its strong ability to interpret symptom descriptions and identify the correct disease.
The study also developed a treatment recommendation module. This module connects every predicted disease with its FDA-approved treatment. This step transformed the model from a simple classifier into a practical medical decision-support system.
The evaluation metrics included accuracy, precision, recall, and F1-score. These metrics confirmed the stability and robustness of the proposed framework.
The results showed a clear advantage for domain-adapted deep learning models over traditional machine learning models. ClinicalBERT provided the highest reliability because it is trained on medical and clinical text.
Overall, the findings of this thesis demonstrate that combining disease prediction with treatment mapping significantly increases the usefulness of AI tools in healthcare.
The proposed system can enhance diagnostic support, guide treatment decisions, and improve the quality of patient care.
This framework also offers a strong foundation for future research aimed at building more accurate and accessible healthcare technologies.

6-2Limitations:
Despite the strong performance of the proposed AI framework, several limitations need to be noted.
The dataset contained a small number of diseases only 24 conditions along with 6,000 symptom entries.
This limited variety reduces the model’s ability to handle the wide range of illnesses seen in real clinics.
The symptom texts were also simplified, which means they do not fully represent the way patients describe their health in real life.
Actual symptom descriptions are often unclear, detailed, and different from one patient to another.
The treatment data also included just one treatment option for each disease.
In real practice, treatment choices depend on many factors, such as the patient’s age, disease severity, other health problems, and medical history.
These important factors were not available in the dataset.
Another challenge is the high computational cost of transformer models like ClinicalBERT.
They require strong hardware and may not be suitable for hospitals or clinics with limited technical resources.
Future research should use larger and more diverse datasets and include richer medical details to improve the system’s accuracy and usefulness.

6-3Future Work:
Future work should rely on a larger and more diverse dataset. The system needs to cover more diseases and include symptom descriptions that reflect real patient language. Adding more detailed patient information will also improve the quality of predictions. Each disease should have several treatment options, since real treatment decisions depend on severity, age, and medical history. Using real clinical notes will help the model understand complex medical text. Multilingual data can also improve the system’s ability to deal with different writing styles. I will also use larger and more diverse databases and train the model on more advanced architectures to ensure it can be applied in real-world medical settings. Improving model explainability is also important, as clinicians need to understand how predictions are made. Finally, testing the system in real clinics will reveal practical challenges and guide further improvements.
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