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      AI-Powered Symptom-to-Treatment System for Accurate and                               Timely Medical Recommendation

Study 1: Improving Symptom-Based Medical Diagnosis Using Ensemble Learning Approaches
Leila Aissaoui Ferhi (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.
Note: While the study demonstrates strong performance, the datasets were custom-built and are not publicly available
Study 2: Identifying Disease Symptoms and General Rules Using Supervised and Unsupervised Machine Learning
Fatemeh Sogandi (2024) 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 Apriori 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.
Dataset Link: https://www.kaggle.com/datasets/uom190346a/disease-symptoms-and-patient-profile-dataset 
Study 3: Optimizing Classification of Diseases Through Language Model Analysis of Symptoms
In 2024, Esraa Hassan and colleagues 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 AdamP 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.
Dataset: 1: https://www.kaggle.com/datasets/niyarrbarman/symptom2disease/. 
Dataset -2: https://data.mendeley.com/datasets/f7mrczj83k/1
Dataset-3: https://www.kaggle.com/datasets/pawan2905/tweet-classification?select=Data.csv.

Study 4: Disease Prediction from Symptom Descriptions Using Deep Learning and NLP Techniques
Al-qarni and Algarni (2025) 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.

Study 5: Symptom-Based Disease Prediction: A Machine Learning Approach
Manikanta Sirigineedi and colleagues (2024) 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 analyse 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. 
This study did not mention a specific database.
Study 6: AI-Driven Prediction of Symptom Trajectories in Cancer Care: A Deep Learning Approach for Chemotherapy Management

Finkelstein et al. conducted a study titled "AI-Driven Prediction of Symptom Trajectories in Cancer Care: A Deep Learning Approach for Chemotherapy Management". 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.
Note: Datasets are available upon request.
Study 7: Medi-Assist: A Decision Tree based Chronic Diseases Detection Model
Abhinav Srivastava, Shloka Samanta, Sushrut a Mishra, Ahmed Alkhayyat, Deepak Gupta, and Vandana Sharma 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 Streamlit, 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.
The authors did not mention the database used.
Study 8: Supervised Machine Learning Based Liver Disease Prediction with LASSO Feature Selection
Saima Afrin et al. 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.
Dataset link: https://archive.ics.uci.edu/ml/datasets/ILPD+(Indian+Liver+Patient+Dataset) 

Study 9: Effective Heart Disease Prediction Using Machine Learning Techniques
Chintan M. Bhatt, Parth Patel, Tarang Ghetia, and Pier Luigi Mazzeo, 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.
Dataset Link: https://www.kaggle.com/datasets/sulianova/cardiovascular-disease-dataset 

Study 10: Machine Learning Technology-Based Heart Disease Detection Models
Umarani Nagavelli Debabrata Samanta and Partha Chakraborty published in 2022 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.

Study 11: Light Gradient Boosting Machine Algorithm (LGBM) for COVID‑19 Prediction Based on Symptoms

Abdar et al. 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 
Dataset Link: https://www.kaggle.com/datasets/iamhungundji/covid19-patients-symptoms-dataset. 

Study 12: Pre-training of Graph Augmented Transformers for Medication Recommendation
Lee et al. proposed a novel approach to personalized medication recommendation through the development of GraphBERT, 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 GraphBERT 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.
Dataset Link: https://physionet.org/content/mimiciii/1.4/

Study 13: Neural Language Modeling of Unstructured Clinical Notes for Automated Patient Phenotyping
Prabhakar, S., Sh, S., & Kamath, S. 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.
Dataset Used: MIMIC-III (Medical Information Mart for Intensive Care)
Dataset Link: https://physionet.org/content/mimiciii/1.4/

Study 14: Diabetes Prediction Model Using Machine Learning Techniques
Kumar et al. 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

Dataset Link: https://www.kaggle.com/datasets/uciml/pima-indians-diabetes-database 
Study 15: Symptoms Based Disease Prediction Using Machine Learning Techniques
Ridham Sood and Virat Sharma conducted a study titled “Symptom Based Disease Prediction Using Machine Learning” 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.
Dataset Link: https://www.ijpmh.latticescipub.com/wp-content/uploads/papers/v4i6/G92340811922.pdf 


Study Summary Table
	Study 
	Year
	Dataset
	Models
	Best Model
	Result
	Study Link

	1
	2025
	Reference, Cough-DDX-DDX2
	DT, SVM, Bagging, Stacking
	Bagging+SVM
	High accuracy and recall
	https://doi.org/10.1002/sres.3139

	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
	https://doi.org/10.1038/s41598-024-69029-8

	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%

	https://doi.org/10.1038/s41598-024-51615-5

	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)
	https://thesai.org/Downloads/Volume16No5/Paper_41-Disease_Prediction_from_Symptom_Descriptions.pdf

	5
		



	2024



	
	Decision Tree (DT), Support Vector Machine (SVM), Random Forest (RF), XGBoost
	XGBoost
	Achieved the highest accuracy in symptom–disease classification
	https://www.researchgate.net/publication/379650846_Symptom-Based_Disease_Prediction_A_Machine_Learning_Approach

	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%

	https://www.mdpi.com/2306-5354/11/11/1172

	7
	2023
	
	Decision Tree, SVM
	Decision Tree,
	Breast Cancer: 97.98%
Heart Disease: 92.62%
Diabetes: 91.55%
	https://ieeexplore.ieee.org/abstract/document/10167400/

	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%



	https://beei.org/index.php/EEI/article/download/3242/2437

	9
	2023
	Cardiovascular Disease Dataset from Kaggle 
	DT, RF, XGBoost, MLP, K-Modes + GridSearchCv
	Multilayer Perceptron (MLP)
	Accuracy: 87.28%,
AUC: 0.95
	https://doi.org/10.3390/a16020088

	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



	



	https://doi.org/10.1155/2022/7351061

	11
	2022
	COVID-19 Symptom Dataset
	LGBM
	LGBM
	Fast and accurate prediction
	https://link.springer.com/chapter/10.1007/978-981-97-7190-5_6

	12
	2023
	MIMIC-III
	Graph Transformer
	GraphBERT
	Effective medication recommendation
	https://arxiv.org/abs/1906.00346

	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
	https://ieeexplore.ieee.org/abstract/document/9751198#:~:text=Neural%20Language%20Modeling%20of%20Unstructured%20Clinical%20Notes%20for%20Automated%20Patient%20Phenotyping

	14
	2023
	PIMA Diabetes
	SVM, LR, DT
	SVM
	89% accuracy
	https://link.springer.com/article/10.1007/s11042-023-16745-4

	15
	 2024
	dataset >5,000 symptoms‑to‑disease mapping
	Decision Tree, K‑Nearest Neighbors, Naïve Bayes, Random Forest
	Random Forest
	Accuracy
90 %، Random Forest
	[bookmark: _Hlk204052359]https://ieeexplore.ieee.org/abstract/document/9388603/
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