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Abstract — The integration of advanced language models 

(LLMs) into healthcare systems has revolutionised disease 

pre- diction and drug recommendation methodologies. This 

project explores the application of LLMs in predicting 

diseases and recommending suitable drugs, thereby 

enhancing patient care and treatment outcomes. Through 

extensive research and experimentation, this study develops 

a robust framework that leverages the capabilities of LLMs 

to analyse patient data, medical literature, and drug databases. 

The proposed model utilises state-of-the-art natural language 

processing techniques to extract valuable insights from 

diverse sources, including electronic health records, clinical 

notes, and biomedical literature. By harnessing the power of 

deep learning algorithms, our system can accurately predict 

the onset of various diseases based on individual patient 

profiles and medical histories. Furthermore, the model 

employs advanced recommendation algorithms to suggest 

personalised drug therapies tailored to each patient’s unique 

condition, genetic makeup, and treatment preferences. The 

project aims to bridge the gap between data-driven insights 

and clinical decision-making, empowering healthcare 

providers with timely and actionable information to improve 

patient care. Through rigorous evaluation and validation, we 

demonstrate the efficacy and reliability of our approach in 

predicting diseases and recommending effective drug 

interventions. Overall, this research contributes to the 

advancement of predictive analytics in healthcare and lays the 

foundation for future innovations in personalised medicine. 
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I. INTRODUCTION 

A. Project Outline: Disease Prediction and Drug 

Recommendation 

In this project, we aim to develop a system for disease 

prediction and drug recommendation using an LLM (Large 

Language Model). The accurate prediction of diseases and 

personalised drug recommendations are crucial for improving 

healthcare outcomes. Leveraging advanced natural language 

processing techniques like LLMs can enhance the accuracy 

and efficiency of such systems. A review of existing literature 

in disease prediction and drug   recommendation   reveals the 

importance of machine learning and natural language 

processing techniques. Previous works have shown 

promising results in utilising these methods for healthcare 

applications. 

 However, there are still gaps in current 

methodologies, particularly in integrating advanced language 

models like LLMs. Our proposed approach involves 

leveraging an LLM for disease prediction and drug 

recommendation. We will utilise relevant datasets for training 

and evaluation, applying preprocessing techniques to clean 

and extract   features from the data. The LLM model will be 

integrated into the system architecture to facilitate accurate 

predictions and recommendations. The system architecture 

comprises several modules, including data input, the LLM 

model, a prediction engine, and a recommendation system. 

Data flows through these modules, with the LLM serving as 

the core component for processing textual information and 

generating predictions and recommendations. Technical 

implementation details involve selecting appropriate 

programming languages and libraries for model 

development. We will provide insights into the 

implementation environment and discuss any challenges 

encountered during the development process. Code snippets 

or pseudocode may be included to illustrate key aspects of the 

LLM model and system components. This project aims to 

advance the field of healthcare analytics by developing a 

robust system for disease prediction and drug 

recommendation using an LLM model. The study contributes 

to improving healthcare outcomes through accurate 

predictions and personalised treatment recommendations. 

Future research directions include exploring additional 

features or data sources to enhance prediction and 

recommendation accuracy. Further integration with clinical 

decision support systems and real- world deployment 

considerations will also be investigated. Continued 

advancements in machine learning and natural language 

processing hold great potential for enhancing healthcare 

practices and patient care. A comprehensive list of references 

used throughout the project will be provided. 

II. RELATED WORKS 

The expansion and utilization of medication and illness 

suggestion system has attained reputation lately. To enhance 

health results, these systems are designed to offer medical 

suggestions for individuals recommended by doctors and 

patients. The analysis concentrated on the opportunities and 

trials of employing artificial intelligence (AI) and machine 

learning (ML) approaches to provide individual medical 

opinions for patients and clinical doctors. AI and ML 

algorithms are utilized in healthcare to locate and suggest 

cures for illnesses. Nonetheless, the use of these algorithms 

has its obstacles. Looking at AI and ML models, it is 

challenging to calculate the accuracy and reliability of 

suggested therapeutics and to precisely predict diseases. The 

architecture, realization, and evaluation of existing medical 

and disease recommendation system has undergone 

assessment. Machine learning methods are adopted by Gupta 

et al. [1] to create an prediction system that assesses signs and 

anticipates the finest remedy for each recently identified 

condition. The three data mining   algorithms—Decision tree 
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Classifier, Random Forest Classifier, and Naive Bayes 

Classifier—are utilized to produce the disease prediction 

system. A starting roster of diseases that subsist and their 

signs has been originated. Afterward, the medications and 

their mixtures are scrutinized in connection to the stated 

fouls. The dataset that was amassed from New York-

Presbyterian Hospital was utilized to assess the system. As 

per this exploration, the accuracy of the Naive Bayes 

Classifier is higher (approximately 98%) than that of the 

Decision Trees and Random Forest algorithms (both of which 

are about 97%). To diminish medical flaws, Bao et al. [2] 

built and put into practice a plan for a universal medication 

recommender system that uses data mining methods to the 

recommendation system. SVM, ID3 decision Tree, and BP 

neural network are occupied in researches on the three 

models, but eventually, the SVM model is chosen for the 

system due to its high accuracy of 95%. A downright 

information package of 1200 records has been used for the 

experiment. Combining ANN and CBR (Case Based 

reasoning), Zhang et al. [3] recommended a compound 

recommender system to benefit General Practitioners (GP) in 

individualised medical prescribing. The dare of dissecting the 

association between a prescription drug and a condition is 

abrogated by this archetype. To augment the impartiality and 

security of treating contagious illnesses, Bhimavarapu et al. 

[4] introduced a medicine recommender system with a 

stacked artificial neural network model. Remedies are 

recommended based on a patient’s former history of health, 

lifestyle, and habits to lessen the side effects. Outcomes from 

the recommended system were 97.5% precise. A Disease 

Diagnosis and Treatment Recommendation System 

(DDTRS) founded on Big Data mining and Cloud Figuring is 

showcased by Chen et al. [5]. The DDTRS was composed 

with the intent of utilizing the profits of cloud computing, big 

data mining, and machine learning to identify ailments and 

advise required therapies for them. For disease symptom 

clustering, the Density-Peaked Clustering Investigation 

(DPCA) technique is brought in, and association samplings 

on the Disease- Diagnosis (D-D) rules and Disease-Treatment 

(D-T) rules are performed individually by the Apriori 

algorithm. To deliver a high achievement and low time 

response, the Apache Spark cloud platform is introduced. The 

possibilities of machine learning and data mining techniques 

for medical diagnostics was testified by Kononenko et al. [6]. 

The writers go over how employing machine learning and 

data mining techniques can escalate the accuracy and 

efficiency of medical diagnostics as well as downsize the cost 

of medical interventions. They share multiple case studies of 

how neural networks and decision trees have been used 

profitably in machine learning and data mining applications 

for medical diagnosis. The contemporary status of machine 

learning in the diagnosis, classification, and prediction of 

heart failure was argued by Olsen et al. [7]. In accessory to 

discussing the many datasets employed, including the 

Framingham Heart Study and the Multi-Ethnic Study of 

Atherosclerosis, they also go over the diverse methods and 

algorithms employed, such as decision trees, support vector 

machines, and deep learning. A hybrid strategy utilizing multi 

separation and unified collaborative filtering was proposed by 

Hussein et al. [8] for a Clinical Disease Diagnosis (CDD) 

recommender system. Different separation models, including 

J48, Decision Stump, REP, and RF, are utilized, nevertheless 

RF surpassed them all with a 99.7% accuracy rate. 

III. PROPOSED MODEL 

Our proposed model represents a pioneering approach in 

leveraging LLM (Mistral 7b) to transform disease prediction 

and drug recommendation. By intricately fine-tuning LLM on 

vast repositories of medical literature, we empower the model 

to grasp the nuanced associations between symptoms, 

diseases, and therapeutic interventions. The model’s 

architecture comprises two interlinked modules: firstly, a 

Disease Prediction Module, meticulously engineered to 

scrutinize input symptoms and medical histories, thereby 

generating precise predictions regarding potential diseases. 

Secondly, a Drug Recommendation Module, which 

ingeniously sifts through medical texts to discern the most 

efficacious and tailored treatments for the identified diseases. 

Through this sophisticated amalgamation of cutting-edge 

deep learning techniques and domain-specific medical 

knowledge encapsulated within LLM, we envision a 

paradigm shift in healthcare delivery, marked by enhanced 

diagnostic accuracy, personalized treatment strategies, and 

ultimately, improved patient outcomes. 

IV. BACKGROUND 

This section delves into the fundamental technologies pivotal 

to the execution and success of the project. Leveraging 

cutting-edge advancements in machine learning, particularly 

the Language Model (LLM), and deep learning framework 

PyTorch, this project navigates the forefront of innovation in 

artificial intelligence. The introduction of Language Models 

has revolutionized natural language processing, empowering 

systems to comprehend and generate human-like text with 

remarkable fluency and coherence. Concurrently, PyTorch, 

renowned for its flexibility and efficiency, serves as the 

backbone for implementing intricate neural network 

architectures, facilitating seamless experimentation and 

model deployment.   

 
Fig. 1: Use Case Diagram of Our Proposed Model 
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Fig. 2: Data Flow Diagram of Our Proposed Model 

This section provides a holistic understanding of the 

technological landscape driving the project forward, 

elucidating the significance of LLM and PyTorch in shaping 

its objectives and outcomes. 

A. Pytorch 

PyTorch, an open-source machine learning framework 

developed by Facebook’s AI Research lab (FAIR), is 

renowned for its versatility and efficiency across a spectrum 

of applications including natural language processing, 

computer vision, and reinforcement learning. Offering a 

dynamic computational graph, PyTorch facilitates flexible 

prototyping and production deployment, distinguished by its 

ease of debugging, support for dynamic neural network 

architectures, and optimized memory usage. With seamless 

GPU acceleration through NVIDIA CUDA integration, 

PyTorch ensures swift training and inference. Additionally, 

its TorchScript functionality enables the creation of 

serializable and deployable models for production 

environments. Bolstered by a vibrant community, PyTorch 

boasts a rich ecosystem replete with libraries, tools, and pre-

trained models, fostering accelerated development. 

Moreover, PyTorch’s user-friendly interface empowers 

researchers and developers to effortlessly implement state-of-

the-art models, catalyzing advancements in artificial 

intelligence. 

B. Large Language Model 

Large Language Models (LLMs) represent a powerful 

category of deep learning models renowned for their 

proficiency in comprehending and generating human-like 

text. Leveraging transformer architectures, LLMs excel at 

capturing intricate text dependencies efficiently, enabling 

them to undertake diverse natural language processing tasks 

such as text generation, translation, and sentiment analysis. 

Pre-trained on vast corpora through unsupervised learning, 

LLMs facilitate transfer learning, where knowledge acquired 

from one domain enhances performance across related tasks. 

Their contextual understanding enables coherent responses in 

dialogue generation and question answering, while fine-

tuning on domain-specific datasets enhances adaptability to 

various applications, solidifying LLMs’ standing as versatile 

and potent tools in artificial intelligence. 

C. Summary 

In this chapter, we discussed two key components of our 

project’s technology stack: PyTorch and Large Language 

Models (LLMs). PyTorch, with its dynamic computational 

graph and rich ecosystem, provides a powerful framework for 

building and deploying machine learning models. Large 

Language Models, built upon transformer architectures and 

capable of contextual understanding, play a crucial role in 

tasks such as natural language processing, text generation, 

and sentiment analysis. Together, these technologies form the 

foundation of our project, enabling us to develop innovative 

solutions in the field of artificial intelligence and natural 

language processing. 

V. REQUIREMENT SPECIFICATION 

The Disease Prediction and Drug Recommendation system 

aims to develop a Machine Learning (ML)-based solution for 

healthcare applications. The functional requirements include 

comprehensive data collection, involving the compilation of 

medical records from diverse sources such as healthcare 

databases, clinical repositories, and research publications. 

The dataset should consist of patient profiles, diagnoses, 

treatment outcomes, annotated with disease labels and 

recommended medications for supervised learning. 

Preprocessing steps are crucial, including tokenization, noise 

removal, medical entity recognition, and stopword removal to 

enhance data quality. The system architecture will employ a 

sophisticated Large Language Model (LLM) for efficient 

processing of medical text data. Training iterations will 

involve fine-tuning model parameters to minimize loss and 

enhance predictive accuracy. Evaluation metrics such as 

accuracy and precision will be considered to assess system 

performance. Once trained and evaluated, the system will be 

deployed in clinical settings for real-time disease prediction 

and drug recommendation, integrating seamlessly into 

existing healthcare infrastructure. 

 
Fig. 3: Architecture of Drug recommendation system 

A. Methodology 

The integrative disease prediction and drug recommendation 

system follows a structured approach involving data 

collection from various medical platforms, preprocessing to 

clean and normalize the data, feature extraction focusing on 

symptoms and recommended drugs, employing machine 

learning models like the Mistral 7B pretrained model, training 

and evaluation, integration into a web app using Flutter and 

Python Flask, and continuous improvement through user 

feedback, transfer learning, and exploring new techniques for 

better recommendations. 
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B. System Analysis 

The system analysis phase involves assessing project 

feasibility, which includes problem statement, feasibility 

study, and requirement analysis. The feasibility study 

evaluates technical, time, operational, implementation, and 

economic aspects. Technical feasibility assesses the viability 

of software development tools. Time feasibility considers 

project deadlines and resource availability, concluding that 

the allocated time is sufficient. Operational feasibility 

evaluates user familiarity and resource accessibility, noting 

minimal operational costs. Implementation feasibility 

examines infrastructure requirements, determining feasibility   

based on provided resources and guidance. Economic 

feasibility assesses the total cost incurred, highlighting the 

software resource requirement of Django for development. 

C. Requirements Analysis and Specification 

The Requirements Analysis and Specification phase is vital 

for successful web development, ensuring user satisfaction 

and developer efficiency. It involves discovering, refining, 

and specifying software requirements, detailing the software 

scope and crafting models depicting data, control flow, and 

operational behavior. The primary objective of the 

application is disease prediction and drug recommendations. 

Functional requirements include user input via voice and text, 

prediction of input sarcasm or toxicity, and access to search 

history. Non-functional requirements assess quality attributes 

such as responsiveness, usability, security, portability, 

availability, and accuracy, crucial for project success. 

VI. DESIGN AND IMPLEMENTATION 

In this chapter, the architecture of the proposed system is 

outlined, focusing on the mechanism for recommending 

drugs based on user input. The system receives text input 

from the user, which could include descriptions of symptoms 

or medical concerns. The output of the system is a 

recommendation of drugs tailored to the user’s issues, 

presented in text format. The architecture encompasses 

various components and steps to ensure effective drug 

recommendation. This includes data collection from various 

medical platforms to gather real-world examples, 

preprocessing of the collected data to clean and normalize it, 

and feature extraction to identify relevant information such as 

symptoms and corresponding drug recommendations. 

Machine learning models are employed to analyze the 

preprocessed data and make accurate drug recommendations. 

These models are trained and evaluated using a dataset that 

includes information about symptoms and recommended 

drugs. Once the model is trained and validated, it is integrated 

into a web application for ease of use. The application 

provides an intuitive interface for users to input their 

symptoms or medical concerns. The backend of the 

application, crafted with technologies like Python Flask, 

processes the user input and delivers relevant drug 

suggestions in text format. Continuous improvement is also 

emphasized, with mechanisms in place to gather user 

feedback and refine the system over time. Techniques such as 

transfer learning are explored to enhance the model’s ability 

to generalize across various diseases and their corresponding 

drug recommendations. Overall, the architecture of the 

proposed system aims to provide a reliable and user-friendly 

platform for recommending drugs based on text input, with 

provisions for ongoing enhancement and refinement. 

VII. RESULTS 

The project focuses on leveraging AI for disease prediction 

and drug recommendation based on text input in the form of 

symptoms. Through meticulous architecture design and 

implementation, the system successfully predicts diseases 

and recommends appropriate drugs tailored to user-specific 

symptoms. Utilizing machine learning models, including the 

fine-tuned Mistral 7B pretrained model, the system achieves 

accurate drug recommendations. Integration into a user-

friendly web application, featuring an intuitive interface 

developed with Flutter and Python Flask, ensures 

accessibility and ease of use. Continuous improvement 

strategies, such as gathering user feedback and exploring 

transfer learning techniques, contribute to the system’s 

adaptability and effectiveness in providing precise drug 

recommendations. Overall, the project demonstrates the 

potential of AI-driven approaches in enhancing healthcare 

decision-making by leveraging text-based symptom analysis 

for personalized drug recommendations. 

 
Fig. 4: Training loss curve 

VIII. FUTURE SCOPE 

1) Early Disease Detection and Diagnosis: AI algorithms 

can analyse vast amounts of medical data, including 

genetic information, patient records, and imaging scans, 

to detect patterns indicative of diseases at their earliest 

stages. This early detection allows for proactive interven- 

tion and treatment, potentially saving lives and reducing 

healthcare costs. 

2) Personalised Medicine: AI can help tailor treatment 

plans to individual patients based on their genetic 

makeup, lifestyle factors, and specific health conditions. 

This approach, known as personalised or precision 

medicine, can optimise treatment efficacy while 

minimising adverse effects. 

3) Predictive Analytics: By continuously monitoring 

patient data, AI algorithms can predict disease 

progression and identify individuals at high risk of 

developing certain conditions. This enables healthcare 

providers to intervene preemptively, providing 

personalised interventions to mit- igate risks and 

improve outcomes. 
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4) Drug Discovery and Development: AI is revolutionising 

the drug discovery process by accelerating the identifica- 

tion of potential drug candidates, predicting their 

efficacy and safety profiles, and optimising clinical trial 

designs. AI algorithms can analyse vast datasets to 

uncover new drug targets and repurpose existing drugs 

for novel indi- cations, significantly speeding up the drug 

development pipeline. 

5) Drug Recommendation and Optimization: AI-driven al- 

gorithms can analyse patient data,including genetic in- 

formation, medical history, and treatment responses, to 

recommend the most effective and personalised treat- 

ment regimens. These recommendations can help health- 

care providers optimise drug dosages, minimise ad- verse 

effects, and improve patient adherence to treatment 

plans.Remote Monitoring and Telehealth: AI-powered 

wearable devices and remote monitoring systems enable 

continuous tracking of patient health metrics,allowing 

healthcare providers to remotely monitor patients’ health 

status and intervene promptly when necessary. 

Telehealth platforms powered by AI facilitate remote 

consultations, enabling patients to access healthcare 

services from any- where, improving healthcare 

accessibility and reducing the burden on traditional 

healthcare systems. 

 In summary, the future of AI-driven healthcare 

holds immense potential across various fronts. Firstly, it 

enables early disease detection and diagnosis by analyzing 

extensive medical data, promoting proactive intervention and 

cost reduction. Secondly, through personalized medicine, AI 

tailors treatment plans based on genetic and lifestyle factors, 

enhancing efficacy and minimizing side effects. Thirdly, 

predictive analytics continuously monitor patient data to 

predict disease progression and identify high-risk individuals, 

facilitating preemptive interventions for improved outcomes. 

Additionally, AI revolutionizes drug discovery by 

accelerating candidate identification and optimizing clinical 

trials. Moreover, AI- driven drug recommendation enhances 

treatment efficacy and patient adherence by analyzing 

individual data. Lastly, remote monitoring and telehealth 

powered by AI improve healthcare accessibility and enable 

prompt interventions, transforming healthcare delivery. 

IX. CONCLUSION 

In conclusion, the application of AI in healthcare, particularly 

in integrative disease prediction and drug recommendation, 

offers significant promise for transforming patient care and 

clinical practice. Our project demonstrates AI’s potential to   

enhance   disease   prediction   accuracy and optimize drug 

treatment regimens through advanced algorithms and vast 

datasets. By analyzing diverse data sources, including genetic 

information and medical records, AI can identify disease 

patterns earlier than traditional methods, enabling timely 

interventions and personalized treatment plans. Additionally, 

AI-driven drug recommendation systems improve treatment 

outcomes and adherence by considering various factors. 

However, ethical considerations and validation across diverse 

populations remain challenges. Overall, AI- driven healthcare 

holds great potential to enhance patient care globally. 

APPENDIX 

The dataset utilized for training and assessing the Disease 

Prediction and Drug Recommendation system consists of 

medical records sourced from various healthcare databases 

and publications, annotated with disease labels and 

recommended medications. Preprocessing steps include 

tokenization, noise removal, medical entity recognition, and 

stopword removal to enhance data quality. The system 

employs a Large Language Model (LLM) architecture for 

efficient processing of medical text data and undergoes 

training with appropriate loss functions and optimization 

techniques to learn disease patterns and drug 

recommendations. Evaluation metrics such as accuracy and 

precision are used to assess performance, and once trained 

and evaluated, the system is deployed in clinical settings for 

real-time disease prediction and drug recommendation. 
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