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Abstract: Advancements in machine learning have significantly improved healthcare by enabling early
disease prediction and personalized treatment plans. This paper presents a Symptom-Based Predictive
Healthcare System that analyzes user-provided symptoms to predict potential diseases and offers tailored
health recommendations. The system suggests preventive measures, suitable medications, personalized diet
plans, and workout routines to enhance patient well-being. It currently employs Decision Tree and Random
Forest models to ensure accurate predictions. Future developments will incorporate natural language
processing (NLP) and document analysis to interpret both handwritten and printed doctor prescriptions,
enabling more precise and automated healthcare recommendations.

Index Terms - machine learning, symptom-based predictive healthcare, doctor prescription interpretation,
healthcare automation, recommendation system, predictive modeling, automated health.

|. INTRODUCTION

In healthcare, prescriptions serve as essential communication tools between doctors and patients, detailing
critical information about medications, dietary recommendations, and physical activity guidelines. However,
many patients struggle to interpret these prescriptions accurately, leading to medication errors, poor adherence
to dietary and exercise plans, and ineffective treatment outcomes. These challenges not only affect individual
health but also increase the risk of medical complications.

Manual interpretation of prescriptions is often time-consuming and prone to errors, especially when patients
misread instructions. Additionally, most healthcare systems do not provide comprehensive, personalized
recommendations for diet and exercise, even though these factors play a crucial role in managing diseases
effectively. To address these issues, this paper presents a Symptom-Based Predictive Healthcare System that
leverages machine learning to analyze user symptoms and predict potential diseases while providing
personalized health recommendations, including medications, dietary plans, and exercise regimens.

Currently, the system uses Decision Tree and Random Forest models to predict diseases based on symptoms.
Future improvements will focus on integrating document parsing and natural language processing (NLP) to
analyze both printed and handwritten prescriptions, enabling more accurate and automated health
recommendations. This approach ensures better patient understanding, adherence, and overall treatment
effectiveness.

IJCRT25A5680 | International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.orq | 0632


http://www.ijcrt.org/

www.ijcrt.org © 2025 IJCRT | Volume 13, Issue 5 May 2025 | ISSN: 2320-2882
A. Problem Statement

Interpreting medical prescriptions can be complex and error-prone, especially when patients struggle to
understand medical terminology. Misinterpretation can result in incorrect medication intake, failure to follow
dietary and exercise guidelines, and poor health outcomes. Additionally, existing healthcare systems primarily
focus on medication without offering a holistic, patient-specific approach that includes diet and exercise
recommendations.

This research aims to bridge this gap by developing a machine learning-based system that not only predicts
diseases based on symptoms but also provides personalized health guidance. Future advancements will
incorporate NLP and Al-driven techniques to analyze both printed and handwritten prescriptions, further
improving automated healthcare recommendations.

B. Objectives
The primary objectives of this system are:

. Accurate Disease Prediction: Utilize Decision Tree and Random Forest models to predict diseases
based on user-inputted symptoms.

. Personalized Health Recommendations: Provide medications, precautionary measures, diet plans,
and workout routines tailored to individual health conditions.

. Prescription Analysis Enhancement: Develop NLP-based methods to process both printed and
handwritten doctor prescriptions for better recommendation accuracy.

. Future Al Integration: Explore generative Al models to enhance prescription interpretation and
automate healthcare guidance

Il. RELATED WORK

The application of artificial intelligence (Al) and machine learning (ML) in personalized healthcare has
yielded significant advancements in disease prediction and management. Nishad et al. [1] developed a machine
learning framework that utilizes decision trees and random forests for symptom-based disease prediction. Their
work demonstrates the effectiveness of leveraging user-reported data, providing a foundation for enhancing
diagnostic accuracy.

The integration of artificial intelligence (Al) and machine learning (ML) in healthcare has led to significant

improvements in disease prediction and personalized treatment. Several studies have demonstrated the
effectiveness of Al-driven approaches in symptom-based diagnosis, medication: recommendations, and
automated prescription analysis.

Nishad et al. [1] developed a machine learning model utilizing Decision Trees and Random Forests to predict
diseases based on user symptoms. Their research underscores the reliability of machine learning in enhancing
diagnostic accuracy, forming a strong foundation for symptom-based disease prediction. This aligns with the
Symptom-Based Predictive Healthcare System, which leverages similar techniques to predict diseases and
provide tailored health recommendations.

Suryadevara [2] introduced an intelligent medication recommendation system, emphasizing the need for

personalized treatment plans to enhance medication adherence. This study highlights how Al-driven
approaches can optimize patient-specific treatment, reinforcing the importance of automated health
recommendations in managing chronic conditions. The proposed system builds upon this concept by
integrating medication suggestions with diet and exercise recommendations, offering a comprehensive
healthcare solution.

In the field of prescription analysis, Agrawal et al. [3] utilized Natural Language Processing (NLP) to convert
unstructured prescription data into structured formats, demonstrating the crucial role of Al in enhancing
medication safety and systematic prescription interpretation. Their findings emphasize the necessity of
automated prescription analysis, which the proposed system aims to extend by incorporating printed and
handwritten prescription processing for more precise health recommendations.

While various studies have addressed disease prediction and medication guidance separately, there remains a
gap in integrating symptom analysis with prescription interpretation for a more holistic healthcare approach.
Rustam et al. [5] introduced a recommender system that combines automated disease diagnosis with
precautionary advice, highlighting the potential of Al-driven solutions to provide end-to-end healthcare
recommendations. Similarly, Alapati and Valleru [6] explored predictive analytics for early disease detection,
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emphasizing the need for proactive interventions. The proposed system combines these methodologies,
enabling early disease prediction, treatment guidance, and personalized lifestyle recommendations, making it
a comprehensive, Al-powered healthcare solution.

Moreover, previous studies, such as Mahato and Suman [4], have explored prescriber adherence to
standardized prescription formats, highlighting inconsistencies in medical documentation. Addressing these
challenges, the proposed system aims to automate prescription interpretation, ensuring accurate and reliable
recommendations. Additionally, Chen et al. [7] introduced a personalized expert recommendation system for
optimized nutrition, reinforcing the importance of customized dietary plans—a key component of the proposed
healthcare framework.

1. METHODOLOGY

This section details the methodology behind our Symptom- Based Predictive Healthcare System, which uses
user-reported symptoms to predict potential diseases and offer personalized health recommendations. The
system provides tailored advice on precautionary measures, medications, diet plans, and exercise routines. A
future enhancement includes processing both printed and handwritten doctor prescriptions for even more
refined recommendations.

A. System Architecture

The proposed platform is designed as an integrated system that streamlines symptom analysis and
recommendation generation. The overall architecture, illustrated in Figure 1: System Architecture, consists
of the following key layers:

USER INTERFACE LAYER

Upload Prescription

Input Symptoms image

DATA PROCESSING LAYER
OCR NLP

MACHINE LEARNING LAYER

Decision Trees, Random Forests

!

RECOMMENDATION ENGINE

Personalized Recommendations

Fig. 1. System architechture.

User Interface Layer:This layer offers a user-friendly interface where patients can input their symptoms and,
optionally, upload prescription images. It accepts both text and image formats to ensure seamless data entry
regardless of the source.

Data Processing Layer:Once data is submitted, the system converts unstructured inputs into a structured
format suitable for analysis. For image-based prescription data, Optical Character Recognition (OCR) is
employed to extract text, while Natural Language Processing (NLP) techniques are used to interpret and
standardize symptom descriptions. This conversion is essential for accurate data analysis.

Machine Learning Layer:At the core of the system, machine learning algorithms analyze the processed
symptom data. Using models like Decision Trees and Random Forests, the system predicts potential diseases
based on the patterns identified in the user inputs. These predictions then serve as the basis for generating
targeted health recommendations.

Recommendation Engine Layer:The final layer synthesizes the insights from the machine learning analysis to
generate personalized recommendations. It evaluates the predicted disease alongside the patient’s symptom
profile to offer customized advice, including precautionary measures, medication suggestions, diet plans, and
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tailored workout routines. In future iterations, this layer will also integrate advanced processing of both printed
and handwritten prescriptions to further enhance the recommendation accuracy.

B. Data Input & Processing

The data processing pipeline begins when users enter their symptoms or upload prescription images
through the system’s user-friendly interface. The platform supports multiple input formats, including text-
based entries and scanned prescription images (PDF, JPEG, and PNG), ensuring flexibility and accessibility.
Once data is received, the system undergoes the following processing steps, as illustrated in Figure 2: Data
Input and Processing:

DATA INPUT

|

IMAGE
PREPROCESSSING

|

SYMPTOM
INTERPRETATIION &
OCR

l

DATA
STRUCTURING

}

DISEASE PREDICTION
& RECOMMENDATION

Fig. 2. Data Input & Processing.

Preprocessing: For image-based inputs, the system first enhances document quality to improve
accuracy in text extraction. This step includes resizing, noise reduction, contrast adjustment, and text
sharpening, ensuring that prescription images are clear and ready for analysis.

Symptom Interpretation & Optical Character Recognition (OCR): If the user inputs symptoms in text
format, Natural Language Processing (NLP) is used to standardize and interpret symptom descriptions. This
allows the system to extract relevant medical terms and map them to potential diseases. If the user uploads a
prescription image, OCR technology is employed to convert handwritten or printed text into a structured,
machine-readable format. This enables accurate extraction of medication names, dosages, and any physician
instructions.

Data Structuring:Once extracted, the data is organized into a structured format for further analysis. The
system categorizes information such as:
Symptoms (for disease prediction)
Medications (hames, dosages, and usage instructions)
Additional physician notes (precautions, dietary advice, etc.)

This structured dataset is then used by the machine learning models to predict diseases and generate
personalized health recommendations, including medications, diet plans, and workout routines.

By ensuring a seamless transition from raw symptom or prescription data to structured insights, this process
enhances the accuracy and reliability of the system in providing tailored health solutions.

C. Recommendation Generation

Once the symptom and prescription data have been processed and structured, the system initiates the
recommendation generation phase. This phase plays a crucial role in providing personalized healthcare
guidance by following these key steps, as illustrated in Figure 3: Recommendation Generation:
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Fig. 3. Recommendation System.

Symptom & Prescription Analysis: The system analyzes the extracted symptoms and prescription details,
ensuring an in-depth understanding of the patient's condition. By integrating machine learning models such as
Decision Trees and Random Forests, the system predicts potential diseases based on symptom patterns and
cross-references the prescribed medications for accuracy.

Risk & Interaction Assessment: To enhance patient safety, the system evaluates potential medication
interactions, contraindications, and allergies by cross-checking prescription details with existing medical
knowledge bases. This helps prevent harmful drug interactions and ensures that the recommended treatment
aligns with the patient's condition.

Personalized Recommendations: After a thorough assessment, the system generates customized health
recommendations, which may include:

« Medication Guidance: Proper usage, dosage adjustments, and potential alternatives.

+ Dietary Plans: Nutrition advice tailored to the patient’s condition (e.g., diabetes-friendly meals, low-
sodium diets for hypertension).

»  Exercise Routines: Workouts suited to the patient’s medical status, helping improve overall well-
being.

»  Precautionary Measures: Alerts about possible side effects, lifestyle changes, and necessary follow-
ups with healthcare providers.

Feedback Mechanism for Continuous Improvement: The system incorporates a feedback loop where users
can review and refine their recommendations based on real-world effectiveness. This feedback helps improve
machine learning model accuracy and enhances future recommendation precision, ensuring a patient-centered
approach to healthcare.

IV. EVALUATION AND EXPERIMENTAL RESULTS

Evaluation Metrics: To assess the effectiveness of the proposed machine learning-based system, we employed
several performance metrics:

Prediction Accuracy: This measures how accurately the system predicts diseases based on the
symptoms inputted by the user. It is defined as:

Prediction Accuracy = Number of correct Prediction X 100
Total Prediciton

IJCRT25A5680 | International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org | 0636


http://www.ijcrt.org/

www.ijcrt.org © 2025 IJCRT | Volume 13, Issue 5 May 2025 | ISSN: 2320-2882

Confusion Matrix for Disease Prediction

M

True Negative (TN):

Correctly predicted
no disease

2

False Positive (FP):
Incorrectiy(predicted Accuracy: 0.85
disease

Sensitivity: 0.90

Specificity: 0.80

Actual

Precision: 0.82

o

False Negative (FN): § _

Missed actual disease$
a

No Disease Disease
Predicted

Fig. 4. Confusion matrix for disease prediction.

User Satisfaction: A user satisfaction survey was conducted post-usage, where users rated their
experience on a scale from 1 to 5. The overall satisfaction score was calculated as:

User Satisfaction Score = User Ratings
Number of users

User Satisfaction Ratings Distribution

Below Rating 4

30.0%

70.0%

Rating 4 or Above

Fig. 5. User Satisfaction raiting disrtibution.
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Fig. 6. Dataset of healthcare aspects.
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The machine learning models were trained using a comprehensive and diverse dataset comprising
multiple aspects of healthcare, including diseases, symptoms, allergies, medications, exercise routines, and
dietary information. The dataset was carefully structured to ensure that the system can generate accurate and
personalized recommendations for a wide range of medical conditions and user needs.

Size: The dataset includes over 2,500 records collected over six months, each containing detailed information
about patient symptoms, diagnosed diseases, prescribed medications, known allergies, and personalized
exercise and dietary plans.

Diversity: The data covers a broad spectrum of medical domains such as cardiology, endocrinology,
orthopedics, and general medicine. It incorporates various types of conditions and treatments, ensuring that the
model is trained on a wide array of terminologies, symptoms, and treatment plans. Additionally, the dataset
includes workout routines and dietary suggestions specific to different patient profiles, enhancing the
personalized recommendation system.

Source: The dataset was sourced from a combination of local hospitals, clinics, fitness experts, and reliable
online platforms. This ensures a comprehensive integration of medical prescriptions, wellness
recommendations, and up-to-date health data. To safeguard patient confidentiality, all records were
anonymized. Additionally, the dataset was uniformly formatted to maintain consistency, enabling efficient
processing by the machine learning models.

System Performance:

The proposed system exhibited strong performance in several key areas, including prescription analysis,
disease prediction, and the generation of personalized recommendations. The core insights drawn from the
study are outlined below:

lSa/ostem Performance Metrics Over Training Iterations (Current Syster

Disease Prediction Accuracy
—— Recommendation Compliance

e b o
0 o o
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Fig. 7. Accuracy/ Compliance Rate of System Performance.

Symptom-Based Input and Output Flow: Users can easily input their symptoms through a simple and clean
interface. Once the symptoms are submitted, the system processes them and displays a possible disease along
with a short description. It also suggests common precautions and general medications that can help manage
the condition. These suggestions are for awareness and not a replacement for professional advice.

Disease Prediction Performance: The current system shows strong results in identifying diseases based on
symptoms entered manually by the user. By using decision tree and random forest algorithms, the model has
achieved an average accuracy of 90%. This accuracy may vary depending on the type and number of symptoms
provided, but overall, the model performs well and delivers reliable predictions.

Personalized Recommendations: The system was well-received by users during initial evaluations. After
entering symptoms manually and receiving health insights, many users found the disease predictions to be
accurate and the follow-up suggestions practical. The provided precautions and general medication guidance
were rated as useful and easy to understand. Based on user feedback, the system achieved an effectiveness rate
of 88%, showing strong potential in offering meaningful and user-friendly health assistance.
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User Feedback and Effectiveness: Initial testing with users showed positive results. Most users found the
disease predictions accurate and relevant to their symptoms. A large number of users also found the precaution
and medication suggestions useful and easy to follow. The system was rated helpful in delivering clear and
meaningful health advice.

V. DISCUSSION

. Key Findings

The developed system has shown strong performance in providing health guidance by predicting diseases
based on user-input symptoms and delivering personalized care plans. The results from evaluation highlight its
effectiveness, achieving a disease prediction accuracy of 90%. Additionally, diet, medication, and exercise
plans generated by the system based on symptoms were found to be practical and relevant, with an 88% user
compliance rate. These insights reflect the system’s capability to improve user engagement and understanding
of health routines, contributing to better medical adherence and outcomes.

. Comparison with Existing Solutions
Unlike many existing health tools that offer generic advice or focus only on single features like medicine
reminders, the proposed system brings together multiple health domains. It combines disease prediction,
customized guidance, and (in future updates) automated prescription reading into one solution. Most current
platforms lack such integration and require manual effort for analyzing prescription details. Our approach
stands out by providing actionable and patient-specific health recommendations, improving upon the traditional
one-size-fits-all models.

. Limitations
While the system performs well for common illnesses and offers highly usable suggestions, some challenges
remain. A future component—OCR-based prescription reading—is expected to initially face accuracy issues,
especially with handwritten formats due to variations in handwriting styles and medical notations. Moreover,
prediction accuracy might decrease for rare or overlapping conditions, suggesting the need for a more diverse
dataset and improved model training. These are areas targeted for enhancement in upcoming development
cycles.

. Implications for Healthcare
This system has the potential to support healthcare delivery by simplifying access to reliable health
recommendations and reducing errors associated with manual interpretation of prescriptions. By generating
personalized plans and automating routine analysis tasks, it can assist patients in following correct diets,
exercises, and medication usage. Additionally, it offers healthcare professionals an efficient tool to manage
routine consultations, helping them devote more time to complex patient care.'As such, the system could play
a vital role in enhancing both patient experience and clinical workflows.

VI. CONCLUSION

. Summary of Contributions

This project introduces an innovative healthcare support system designed to simplify medical guidance
through automated analysis and personalized recommendations. By using machine learning algorithms, the
system predicts diseases based on manually entered symptoms and offers customized plans for medication,
diet, exercise, and precautionary measures. This study highlights the following major contributions:

* A streamlined interface allowing users to input symptoms manually for accurate disease prediction.
* A machine learning-driven model that tailors health suggestions based on user inputs.

* A comprehensive approach that improves user understanding, enhances treatment adherence, and promotes
better health outcomes through personalized support.

. Future Work
The system aims to expand its functionality by incorporating an OCR-based module to handle prescription
images. Future enhancements will include:
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* Allowing users to upload prescriptions in formats like PDF, JPEG, and PNG, enabling automated extraction
of medicines, dosages, and doctor’s notes.

« Improving OCR performance, especially for handwritten content, to enhance data accuracy and system
reliability.

« Advancing personalization using more refined machine learning techniques, and exploring the use of
generative Al for better interpretation of scanned prescription texts. These improvements will help deliver even
more precise and adaptive healthcare recommendations for individual users.
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