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Abstract 

This study explores development and implementa- tion of a personalized, AI-driven health advisory 

system designed to support individuals in identifying potential illnesses based on self-reported 

symptoms. One of the major challenges in early- stage diagnosis is the lack of accessible, reliable, and 

real-time tools that can guide users before they seek professional care. The system integrates a machine 

learning-based symptom checker with interactive healthcare features, delivering real-time disease 

predictions along with detailed information, medication sugges- tions, preventive measures, and lifestyle 

guidance. By combining health prediction technology with user-friendly interface design through 

Streamlit, the platform enhances engagement and ease of use. This initiative presents a multi-functional 

health support system that aims to empower users with essential knowledge and promote preventive 

healthcare practices. The AI model was trained on medical datasets and demonstrated a disease predic- 

tion accuracy of over 95 percent, enabling it to suggest relevant outcomes with high reliability. 

Experimental results highlight the model’s capability to provide accurate guidance, making it a 

supportive tool in both self-care and early intervention. 

 

Index Terms: AI in Digital healthcare, Machine Learning Operations, AI-Powered Health Assistant, 

Medical Recommen- dations, Predictive Analytics 

 

INTRODUCTION 

The use of advanced data-driven technologies has signif- icantly enhanced modern healthcare by 

enabling early diag- nosis, personalized care, and continuous patient monitoring through the analysis of 

extensive medical data and pattern recognition. [1]. These technologies are reshaping the health- care 

landscape by offering innovative solutions to longstanding challenges in clinical decision-making. 

One of the pressing issues in healthcare is the delay in recognizing early symptoms due to limited access 

to medical consultation or a lack of awareness. AI-based health support systems address this gap by 

enabling individuals to self-assess symptoms and obtain preliminary guidance. These platforms play a 

key role in encouraging timely responses and reducing dependency on traditional clinical visits for 

minor or early- stage health concerns [2]. 

Unlike traditional symptom checkers that rely on fixed rules or pre-programmed responses, machine 

learning models are dynamic and data-driven. They adapt to evolving health data and improve their 

predictions with continued training. Research highlights that data-centric algorithms are capable of 

outperforming static systems in disease detection, offering a higher degree of reliability and 
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personalization [3]. 

This paper presents HealVibe, an intelligent health as- sistant powered by AI, designed to provide 

real-time dis- ease predictions and holistic health guidance based on user- input symptoms. In addition 

to predicting potential illnesses, the platform offers personalized suggestions on medications, safety 

measures, nutrition, and fitness routines tailored to the user’s condition. 

The system is built on a multi-class classification model that has been trained using a curated dataset 

containing symptom- disease mappings. Python serves as the development language for backend 

operations, utilizing data processing libraries such as Pandas and model deployment tools like Joblib. 

The frontend is developed with Streamlit, ensuring a responsive and accessible interface for users with 

varying levels of digital literacy. 

To maintain model performance and adaptability, HealVibe is designed with an MLOps-based 

architecture. This enables continuous integration, monitoring, and model retraining as new data becomes 

available, ensuring that predictions remain accurate and relevant in dynamic healthcare environments 

[4]. The modular setup also allows for the easy extension of features and medical coverage. 

User trust is central to the platform’s design. HealVibe not only delivers predictions but also presents 

clear explanations and verified health information, making it a dependable guide for self-care. By 

focusing on transparency and simplicity, the platform ensures users are informed and confident when 

engaging with the system [5]. 

In conclusion, HealVibe offers a practical and accessible solution that bridges technology with 

preventive healthcare. Its AI-driven architecture empowers individuals to take control of their health 

through informed decisions, while also easing the burden on medical infrastructure. As digital health 

technolo- gies continue to grow, platforms like HealVibe are paving the way for smarter, user-oriented 

healthcare services [6]. 

 

LITERATURE REVIEW 

Early identification of disease symptoms plays a vital role in preventive healthcare and effective 

treatment. Numerous research studies have explored AI and machine learning ap- plications in health 

diagnostics to assist users in symptom evaluation and disease prediction. For example, work by Ra- 

jkomar et al. highlighted how AI algorithms trained on patient data could predict various health 

conditions with impressive accuracy, often exceeding 90 percent [7]. Similarly, Chaurasia and Pal 

demonstrated symptom-based disease prediction using supervised learning techniques, noting that 

decision trees and support vector machines were among the most effective algorithms in diagnosing 

common illnesses [8]. 

While many existing solutions emphasize accuracy in dis- ease prediction, there is a gap in integrating 

this capability with real-time user interaction and holistic health guidance. Most current models operate 

in isolated environments-either like backend diagnostic tools or limited-access hospital systems. 

Research by Choi et al. acknowledges the lack of user-centric AI platforms that combine disease 

prediction with educational support, suggesting a need for personalized systems that offer diet, workout, 

and medication recommendations alongside symptom analysis [9]. This highlights the motivation behind 

HealVibe Health, which aims to bridge this gap through an accessible virtual assistant powered by AI. 

Another area of interest in literature is the deployment of healthcare systems using lightweight, 

interactive frameworks. A study by Jain et al. explored the use of Streamlit for medical dashboards, 

citing its flexibility and responsiveness as ideal for health-focused applications. The results showed 
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enhanced usability and patient engagement when using intuitive UI frameworks [10]. By integrating 

Streamlit in HealVibe Health, the project ensures not only technical robustness but also ease of use, 

which is critical for general public adoption. 

Medication guidance and lifestyle recommendations also show significant presence in healthcare AI 

literature. Studies by Chen et al. explored the impact of AI-generated health advice on patient recovery 

and compliance. It was noted that users who received tailored advice on diet and exercise, in addition 

to medication, demonstrated higher engagement in their own care and reported improved well-being 

[11]. HealVibe Health incorporates this principle by offering users a package of suggestions, not just 

predictive outputs. 

Moreover, literature on healthcare ethics and AI usability indicates concerns over the interpretability and 

trustworthiness of health recommendation systems. According to Goodman and Flaxman, transparency 

in machine learning outputs plays a key role in user trust, especially in healthcare contexts [12]. This 

has influenced HealVibe Health’s design to include descriptive disease explanations and clearly stated 

reasoning behind recommendations, increasing clarity and confidence for the user. 

In conclusion, the reviewed literature underlines the effec- tiveness of AI in health diagnostics but also 

emphasizes the importance of integrating these technologies into accessible, user-friendly platforms. 

The HealVibe Health project builds upon existing research in disease prediction, human-centered 

design, and interactive health systems. It aims to contribute to the broader goal of accessible and 

preventive healthcare through a solution that combines intelligence, usability, and personalized support. 

 

PROPOSED SYSTEM 

 
Fig. 1. System flow of the HealVibe Disease Prediction and Recommendation System 
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METHODOLOGY 

The rapid advancement of intelligent technologies has greatly impacted modern healthcare, particularly 

by enhancing predictive diagnostics and enabling customized medical rec- ommendations. Our research 

is conducted across four primary modules, each focusing on a distinct aspect of AI-powered health 

assistance. The integration of these modules ensures a comprehensive AI-based healthcare solution. 

The frontend interface is developed using Streamlit, while the backend lever- ages Python-based machine 

learning techniques, supported by libraries such as Pandas and Joblib. 

A. Symptom-Based Disease Prediction 

This module uses a supervised learning approach to map a set of user-selected symptoms to the most 

probable disease. A multi-class classification model was trained on a curated dataset containing 

symptom-disease associations. The prepro- cessing involved null value handling, feature encoding, and 

normalization. The final model was serialized using Joblib and integrated into the Streamlit app for real-

time prediction. The model architecture was determined through a comparative analysis of multiple 

classifiers, selecting the one that achieved the highest accuracy and generalization performance. 

B. Disease Information and Knowledge Base Integration 

Following the disease prediction, the system retrieves com- prehensive descriptions from a locally 

maintained disease knowledge base. The knowledge base is structured in tabular format and consists of 

disease name, description, cause, and general symptoms. This static dataset is periodically updated to 

reflect verified and clinically accepted information. The integration with the ML model ensures 

contextual display of relevant disease data based on the predicted output, enhancing patient 

understanding. 

C. Medication and Precaution Recommendations 

Based on the identified disease, the system provides rec- ommended medications and preventive 

measures. These rec- ommendations are derived from evidence-based guidelines and compiled into a 

structured CSV dataset. The application retrieves disease-specific suggestions and dynamically displays 

them to the user. While this module does not replace medical advice, it serves as a first-level advisory 

tool to support self- awareness and proactive health measures. 

D. Diet and Fitness Advisory System 

The final component of the system offers diet and workout recommendations. The dietary advice 

includes nutrient-rich food options suitable for specific conditions, while the workout section provides 

general physical activity guidelines tailored to patient recovery stages. The diet/workout module uses 

conditional logic to fetch suitable recommendations based on disease classification, ensuring relevance 

and personalization. This component promotes holistic wellness by addressing both recovery and 

preventive care. 

E. Implementation and Architecture 

The application is modularly designed under the MLOps paradigm, ensuring maintainability and 

scalability. The direc- tory structure includes segregated folders for models, assets, data files, and main 

logic. The main.py file orchestrates the entire workflow, calling respective modules based on user 

interaction. The frontend is interactive, supporting dropdown- based symptom selection and real-time 

inference. Dependency management is handled through requirements.txt, allowing seamless deployment 

on local or cloud platforms. 

 

RESULTS AND DISCUSSION 
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In the changing field of digital healthcare, combining smart technologies with interactive platforms has 

led to the creation of more accessible and data-focused medical support solu- tions. Leveraging machine 

learning under an MLOps frame- work, the developed system ensures automation, scalability, and 

maintainability across its health advisory functionalities. The implementation reflects promising 

outcomes in disease identification, real-time symptom analysis, and the delivery of individualized 

health recommendations. This section out- lines the system’s operational performance, identifies 

observed strengths, and discusses directions for further enhancement and integration into broader 

healthcare ecosystems. 

A. Symptom-Based Disease Prediction 

This module employs a supervised learning approach to map a set of user-selected symptoms to the most 

probable disease. A multi-class classification model was trained on a curated dataset containing 

symptom-disease associations. The preprocessing phase involved handling null values, feature encoding, 

and normalization to enhance model performance. The final model was serialized using Joblib and 

integrated into the Streamlit application for real-time prediction. The model architecture was selected 

based on a comparative evaluation of multiple classifiers. 

 

 
Fig. 2. Symptom-Based Disease Prediction 

 

B. Disease Information and Knowledge Base Integration 

Upon predicting a disease, the system retrieves comprehen- sive descriptions from a locally maintained 

disease knowledge base. This knowledge base is structured in a tabular format, containing essential 

details such as disease name, description, cause, and general symptoms. The dataset undergoes periodic 

updates to reflect clinically verified and up-to-date informa- tion. The integration with the machine 

learning model ensures the contextual display of relevant disease information, enabling users to better 

understand their condition and its implications. 

C. Medication and Precaution Recommendations 

Based on the identified disease, the system provides rec- ommended medications and precautionary 

measures. These recommendations are derived from evidence-based medical guidelines and compiled 

into a structured CSV dataset for effi- cient retrieval. The application dynamically displays disease- 

specific suggestions, enhancing user awareness and guiding them toward informed health decisions. 

While this module does not serve as a replacement for professional medical consultation, it acts as a 

first-level advisory tool to support proactive health management. 
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Fig. 3. Disease Information and Precaution Recommendations 

D. Diet and Fitness Advisory System 

The final component of the system offers personalized diet and workout recommendations. The dietary 

advice includes nutrient-rich food options tailored to specific medical con- ditions, while the workout 

section provides general physical activity guidelines suitable for various recovery stages. Con- ditional 

logic is employed to fetch relevant recommendations based on disease classification, ensuring the advice 

is per- sonalized and applicable. By addressing both recovery and preventive care, this module promotes 

holistic wellness and supports long-term health maintenance. 

 

 
Fig. 5. Comparison of model accuracies across different machine learning algorithms used in the 

symptom checker system. Random Forest achieves the highest accuracy. 

 

TABLE I CLASSIFICATION REPORT FOR SELECTED CLASSES 

Class Precision Recall F1-Score Support 

Fungal infection 1.0 1.0 1.0 40.0 

Allergy 1.0 1.0 1.0 37.0 

GERD 1.0 1.0 1.0 25.0 

Chronic cholestasis 1.0 1.0 1.0 33.0 

Drug Reaction 1.0 1.0 1.0 33.0 

Macro avg 1.0 1.0 1.0 1347.0 

Weighted avg 1.0 1.0 1.0 1347.0 

 

TABLE II ACCURACY OF MODEL PREDICTIONS IN DIFFERENT CATEGORIES 

Category Accuracy 

Precautions 0.98 
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Medicines 0.95 

Diet 0.96 

Workout 0.97 
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Fig. 4. Diet and Fitness Advisory System 

 

Figure 5 illustrates the accuracy comparison among var- ious machine learning algorithms applied in the 

symptom prediction module. The results show that the Random Forest classifier outperforms other 

models, demonstrating superior accuracy in mapping symptoms to potential diseases. This reinforces its 

suitability for deployment in the final system. 

Table I presents precision, recall, and F1-score for selected disease classes. The model achieves perfect 

classification metrics (1.0) across all shown categories, reflecting strong performance and reliability in 

identifying common illnesses. 

Table II summarizes the model’s predictive accuracy across various recommendation categories. The 

system demonstrates high reliability, achieving the highest accuracy in predicting precautionary 

measures (98 percent), followed by workout (97 percent), diet (96 percent), and medication suggestions 

(95 percent). These results highlight the model’s balanced and robust performance across all advisory 

outputs. 

 

CONCLUSION 

HealVibe effectively showcases the power of intelligent digital solutions in improving the efficiency and 

quality of modern healthcare systems. The symptom checker module, powered by a trained ML model, 

achieved high accuracy in identifying early signs of illness based on user-selected symp- toms. This real-

time analysis aids users in taking timely action, reducing the risk of late diagnosis. The chatbot 

component responded to health queries instantly, providing consistent and accurate disease-related 

information, which simplifies medical understanding for non-expert users. The system also delivers a 

comprehensive package of healthcare support, including detailed disease descriptions, medication 

suggestions, precau- tionary advice, and personalized lifestyle recommendations. These elements play a 

vital role in motivating individuals to embrace healthier lifestyles and consistently follow prescribed 

treatment regimens. The integration of dietary and workout guidance further supports user wellness and 

recovery. De- veloped using Streamlit and Python, the platform ensures a responsive and user-friendly 

interface, making it accessible to a broad audience. The backend design enables scalable deployment 

and seamless model updates, promoting long- term maintainability. The modular architecture of the 

project supports future expansion, including the integration of more symptoms, diseases, and advanced 

diagnostic features. While the project has achieved promising results, it also highlights ongoing 

challenges such as ensuring data privacy, improving model transparency, and achieving higher clinical 

validation. Addressing these concerns will be essential for real-world implementation. Overall, the 

interdisciplinary approach of combining healthcare, data science, and user experience design underscores 
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the significance of collaborative innovation in building intelligent healthcare solutions. 
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