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Abstract:

The current accelerated development of healthcare technologies resulted in the paradigm shift in the traditional generalized
treatment methods into the personalized medicine where medical choices are made based on the idiosyncrasy of the individual.
Personalized medicine uses genetic data, clinical data and lifestyle habits to create treatment plans that are optimized hence
enhancing the effectiveness of the therapy and also minimizing adverse drug reactions. In this regard, in this paper a gene-based
personalized medicine recommendation system is proposed which uses sophisticated machine learning methods to predict
diseases as well as to give an individualized treatment recommendation. The suggested system will combine heterogeneous data
processing, such as genetic markers, patient symptoms, medical history, and demographic data, to make precise predictions and
recommendations. Random Forest algorithm and Support Vector machine are the machine learning algorithms that detect the
hidden patterns and correlations of high-dimensional biomedical data. These models are trained and tested on structured sets to
guarantee the solid performance of models in the task of disease prediction and treatment recommendations. The system does not
only forecast the risk of certain diseases but also prescribes appropriate drug prescriptions, diets, precautions, and lifestyle changes
based on the genetic and physiological make-up of a patient. The system is deployed as a scalable web application in the MERN
stack, including MongoDB as a database, Express.js and Node.js as the back-end, and React.js as an interactive user interface to
boost the usability and accessibility. The architecture allows processing real time data, ensures smooth communication among
system components and effective processing of high volume of data. Moreover, it can be considered user-friendly and easy to
use, enabling patients and medical workers to communicate with the system and get valuable results. The experimental findings
suggest that the presented system has high accuracy and reliability in the disease prediction in contrast to the traditional methods.
Moreover, the combination of machine learning with pharmacogenomics proves to be very promising in enhancing clinical
decision-making and patient outcomes. This study shows the potential and efficacy of Al based personalized healthcare systems,
despite the issue of data privacy, model interpretability, and limitations on the dataset. On the whole, the work makes a
contribution to the development of intelligent healthcare solutions through introducing a multifaceted, scalable, and data-intensive
model of the recommendation of personalized medicine based on the genes. The proposed system highlights the disruptive nature
of merging machine learning with genomic data to transition to a more accurate, effective, and patient-centered healthcare
delivery.

Keywords — Personalized Medicine, Machine learning, Gene-Based Prediction, Random Forest, Support Vector
Machine, MERN Stack, Pharmacogenomics, Precision Medicine, Healthcare Analytic.
cannot be observed by human specialists with ease. Their

I. INTRODUCTION article shows how algorithms, including decision trees, random

The advent of artificial intelligence and machine learning in
personalized medicine has been a topic of great concern over
the last few years, specifically with regard to enhancing disease
prediction and optimization of treatment plans. Various
research has discussed how machine learning algorithms can be
used to analyze complex biomedical data, such as genetic data,
clinical data, and lifestyle-related data, to provide patient
specific healthcare solutions. The article by Kumar et al. [1]
defines machine learning as a transformative factor in
personalized medicine because it facilitates the accurate
identification of disease and optimization of treatment. The
authors underline the idea that machine learning models are
capable of analyzing the data on a big scale, including genetic
and clinical data of patients, to reveal the similarities that

forests, and deep learning models, help to improve the accuracy
of the diagnosis and provide individualized treatment planning.
In the same manner, Raj et al. [2] write about the use of artificial
intelligence in personalized treatment according to personal
genetic profiles. This paper will examine different machine
learning algorithms such as supervised learning and neural
networks to analyze genomic data and predict their
vulnerability to disease. Another feature that the authors point
out is the significance of pharmacogenomics in the
determination of drug efficacy and the decrease of adverse drug
reactions. According to their results, the use of Al-based
systems can significantly improve the clinical decision-making
process by offering individualized treatment advice. It has been
established that pharmacogenomics is an important aspect of
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personalized medicine because it is concerned with the effect
of genetic variation on drug response. Jeffisha et al. [3] have
conducted a thorough survey of pharmacogenomics and how it
can be used to design customized treatment plans. The paper
describes the relevance of genetic variations in drug
metabolism and effectiveness, which means that genomic
information must be incorporated into the medical service.
Furthermore, the authors mention the fact that machine learning
will help analyze the genetic variations and make a better
choice of the drug and drug dosage. The exciting new
developments of generative artificial intelligence have
extended the possibilities of personalized medicine. Mishra et
al. [4] focus on the application of models of generative Al, like
Generative Adversarial Networks (GANs) and Variational
Autoencoders (VAESs), in healthcare applications. Their paper
indicates that drug response prediction, biomarker discovery,
and patient stratification can be done with generative models.
Nevertheless, the authors point to the issues of model
interpretability, bias in data, and the fact that significant and
heterogeneous datasets are required to make credible
predictions. Besides predictive analytics, customized medical
prescription systems are created to close the gap between
predicting diseases and practical plans of treatment. Hassan and
Elagamy [5] suggest a recommendation system using machine
learning to predict diseases based on symptoms of the patient
and offer personalized suggestions such as medication, diet and
exercises. They have a high prediction accuracy and it proves
that the integration of machine learning and healthcare
application is effective. This is the method that fits very well
with the aims of the proposed system in this study. Moreover,
pharmacogenetics and machine learning research has
demonstrated that high-order algorithmic techniques are
capable of enhancing drug response prediction on the basis of
genetic variations. Cilluffo et al. [6] present a general review of
unsupervised and supervised machine learning methods in
pharmacogenetics that imply the methods on the effectiveness
of discovering the connections between genetic determinants
and treatment effects. The paper underlines that machine
learning models have the potential of improving the knowledge
of drug efficacy and toxicology, and thus helping to build
individualized treatment plans. An example of the field of Al-
powered pharmacogenomics is its extensive use in cancer,
diabetes, and  hypertension. = Sakthimagendran  and
Mohankumar [7] prove that machine learning models can be
used to predict the response to treatments in chronic diseases
by analyzing both genetic and clinical data. They claim in their
research that Al-driven systems might be able to optimize the
choice of drugs and enhance patient outcomes by taking into
account the personal variation in responsiveness to treatment.
Although there is a great improvement in this field, there are a
number of challenges that have been left. The problems of data
fragmentation, privacy concerns, and non-standardized
databases to train machine learning models are mentioned in
many studies. Moreover, the interpretability and clinical
adoption of some Al models are difficult due to the complexity
of the genomic information and the “black-box” nature of some
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models [4].These disadvantages imply that there is need to
come up with stronger, transparent, and scalable systems that
may be implemented in real practice healthcare environments
with efficiency. To conclude, the current literature proves the
increased  significance  of machine learning and
pharmacogenomics in the field of personalized medicine.
Although the prediction of diseases and the recommendation of
treatment has been previously addressed with adequate success,
there is still the necessity of combining genetic data analysis
with the user-friendly device deployment system. The proposed
study superfills this gap because it formulates a system that uses
machine learning methods to develop a more personalized
medicine recommendation system based on genes and applies
it to a web application based on a MERN stack, which is
scalable and practical in providing personalized healthcare.

II. LITERATURE REVIEW

The integration of artificial intelligence and machine
learning in personalized medicine has gained significant
attention in recent years, particularly for improving disease
prediction and optimizing treatment strategies. Several studies
have explored the role of machine learning algorithms in
analyzing complex biomedical data, including genetic
information, clinical records, and lifestyle factors, to enable
patient-specific healthcare solutions. According to a study
conducted by Kumar et al. [1], machine learning plays a
transformative role in personalized medicine as it can be used
to predict the disease and optimize the treatment process. The
authors highlight that machine learning models have the
capability to handle a large amount of patient data including
both genetic and clinical data to extract patterns that would
otherwise be difficult to detect by human experts. Their
publication illustrates the role of the algorithms like decision
trees, tree rings and deep learning models in enhancing
diagnostic accuracy and personalized treatment selection. On
the same note, Raj et al. Pharmacogenomics has been cited as
one of the most important aspects of personalized medicine
since it aims at studying how genetic variations affect the
response to the drugs. Jeffisha et al. The latest progress in
artificial intelligence, generative Al, has contributed to the
expansion of the field of personalized medicine. Mishra et al.
explain the application of generative Al models, including
Generative Adversarial Networks (GANs) and Variational
Autoencoders (VAESs) in healthcare practice [4]. Their analysis
shows that drug response prediction, biomarker discovery and
patient stratification can be performed with the help of
generative models. Nevertheless, other difficulties, including
the interpretation of the models, the biasness of data, and the
necessity to have a large and diverse set of data to be sure about
the predictions are also noted by the authors. Along with
predictive analytics, there have been systems of custom
medical recommendations to fill the gap between predicting the
disease and developing strategies to do something about it. The
authors suggest machine learning-based recommendation
system, which is able to predict diseases depending on the
symptoms of the patient and give individualized
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recommendations such as medication, diet and exercise
regimes (Hassan and Elagamy, 2019, p. 3). Their system is
characterized by a high prediction accuracy, which proves that
machine learning combined with healthcare applications is
effective. This strategy is very similar to the aims of the
proposed system in this study. Moreover, genetic variations
analyzed by the use of advanced algorithms have demonstrated
that pharmacogenetics and machine learning can enhance the
prediction of drug responses. This is an overview of the
supervised and unsupervised machine learning methods that
have been applied in pharmacogenetics, in which Cilluffo et al.
describe the promise of the methodologies in establishing links
between genetic traits and treatment responses (ref6). The
paper highlights that machine learning models have the
potential to improve the comprehension of the drug efficacy
and toxicity, thus facilitating the creation of a personalized
treatment regimen. Pharmacogenomics run by Al has been
extensively utilized in cancer, diabetes, and hypertension in the
context of particular diseases. The article by Sakthimagendran
and Mohankumar Although there has been tremendous
breakthrough in this area, a number of issues are still there.
Numerous articles have identified the problems regarding data
fragmentation, privacy, and the absence of standardized
datasets to use in training a machine learning model. Also,
genomic data is complicated and some Al models are black-
box making them harder to interpret and use in clinical settings,
which is an issue of concern regarding their interpretability and
clinical adoption (ref4). These constraints show the necessity
of stronger, more transparent, and scalable systems that can be
properly implemented in the practical healthcare setting. To
conclude, it can be stated that the literature review indicates the
increasing  relevance  of  machine learning  and
pharmacogenomics in the field of individualized medicine.
Although past researchers have managed to examine disease
prediction and treatment recommendation, it is necessary to
consider the integration of the obtained genetic data with the
accessible utilization platforms. It is in this gap that the
proposed research fills by constructing a system of personalized
medicine recommendations based on machine learning and
implementation in a web application through a MERN stack,
and thus serves as a scaled and viable solution to personalized
healthcare.

I1I. METHODOLOGY

The recommendation system of personalized medicine is a
proposed system that aims at furnishing correct disease
predictions and personalized treatments of the disease with the
help of machine learning methods and the combination of
genomic and clinical data. The approach is systematic and is
based on a pipeline of data acquisition, data preprocessing,
feature engineering, model training, prediction, and
recommendation generation. There is a special design of each
stage to make the system robust, scaled and reliable.

A.  System Overview
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The mechanism of the system works by gathering
biomedical history, clinical symptoms, and genetic
information that are specific to the patient. The processing of
these heterogeneous data sources is carried out with the help
of a machine learning pipeline to detect disease trends and
provide individual treatment. The general sequence of actions
of the system is separated into the following steps:

* Input Processing and Data Collection

* Preprocessing and normalizing the data

» Dimensionality reduction and feature selection

* Model training and validation * Disease prediction

* Recommendation generation The system is also able to
process complex biomedical information and produce
meaningful results due to combination of these phases.

B.  Data Acquisition and Preprocessing

Quality of inputs matters a lot regarding the performance
of any machine learning model. Information is collected
according to structured datasets that consist of genetic
markers, symptom and disease name records in this system.
Nevertheless, raw healthcare data can have missing values,
inconsistencies, and noise, and one should handle them prior
to model training.

Preprocessing Steps:

*  Imputation methods of dealing with missing values

+  Eliminating duplication and inconsistent records

* Converting categorical variables into numerical
form

*  Scaling of feature values to make them normal

Normalization Formula:

¥ X — Xmin
~ Xmax — Xmin

Where:

e X denotes the original feature value

e Xmin and Xmax represent the minimum and

maximum value of the feature

Normalization makes all the input features equally influential
to the model and avoids biasing the features with larger
numbers.

C. Feature Engineering and Selection

Genomic datasets are generally high-dimensional and
they are rich in features, many of which are not necessarily
important in predicting the disease. It is thus necessary to use
feature engineering and selection in order to enhance the
performance of models and decrease computational
complexity.

The methods of feature selection are used to select the
most essential genetic markers and clinical characteristics
which have impact on the disease outcomes. This increases
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the interpretability of the model and reduces overfitting.
Feature Importance (Random Forest):

T
1
ITG ==5::E:l7t
t=1
Where:

« F Ij is the importance score of feature j
* T is the total number of trees
« [jt represents the importance of feature j in tree t

D. Machine Learning Model Development

The system draws on two popular machine learning
algorithms namely Random Forest and Support Vector
Machine (SVM) to conduct disease prediction.
1) Random Forest Classifier:
Random Forest is an ensemble learning model, which
builds several decision trees and combines their results
in order to enhance the precision of predictions. It is
especially effective when dealing with large datasets and
minimizing overfitting [5].

The final prediction is based on majority voting:

y" =mode(yl, y2, ..., yn)

Where yi is the prediction of each individual tree.

2) Support Vector Machine (SVM): Support Vector
Machine is a supervised learning algorithm
employed to perform classification. It operates on
the principle of finding an optimal hyperplane that
separates data points belonging to different classes
with maximum margin [5].

SVM Decision Function:

f(x)=w T x +b [6]

Where:
* w is the weight vector
* x is the input feature vector
* b is the bias term

E.  Model Training and Evaluation

The dataset is separated into training and testing sets to
determine the performance of the model. The machine
learning models are trained on the training set and their
predictive capabilities are tested on the testing set.
Evaluation Metrics:

* Accuracy
* Precision
* Recall
* Fl-score
Accuracy Formula:
TP+T
Accuracy = ——
TP+TN+FP+FN

F. Disease Prediction Mechanism
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After training, the machine learning models are used
to predict diseases using patient input data. The process
of prediction involves mapping the input features to the
most probable disease class.

Probability-Based Prediction:

eﬁAx)
PO =
y

G. Personalized Recommendation Engine

Once the disease is predicted, the system generates
individualized recommendations based on the genetic
and clinical profile of the patient.

» Medication suggestions

* Dietary guidelines

* Lifestyle modifications

* Preventive healthcare measures

H. System Architecture Integration

The proposed system is implemented as a web
application using the MERN stack architecture:

* Mongo database contains records of patients and model
results.

» Express.js and Node.js are used to process the logic of
the back-end and the API requests.

* React.js gives an interactive interface to users.

1. Workflow of the Proposed System

The system workflow is described in the following way:
* Preprocessing and normalization of the data
* Selection and extraction of features
* Model prediction using machine learning algorithms
* Disease classification
* Recommendation generation on a case-by-case basis
* Output displayed to the user
This workflow is used to guarantee effective processing
and proper outcomes.

IV. SYSTEM DESIGN AND IMPLEMENTATION

The offered personalized medicine recommendation system
using genes is a suggested scalable and interactive online
application that combines machine learning models with
current web technologies. The system architecture has been
designed in such a way that it will provide proper data flow,
realtime processing and ease of interaction with the system. It
is composed of many layers, such as user interface, backend
processing, machine learning module, and database
management system.

A. Overall System Architecture
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The system is layered with each component having a
particular functionality. The architecture is further split up
into the following layers:

* Frontend (User Interface Layer)

* Application Layer (Backend)

* Machine Learning Layer

* Database Layer
The communication between these layers allows
uninterrupted processing of data and generation of real-
time responses.

(Encryption, Authentication, Validation)

Machine Learning Layer

Node Js & Express s |
Server
« Handiing HTTP Requests | Prediction Output
= Input Preprocessing —_— {

APIRequest |
| (Genetic & Symptom:

<1> Reactjs Dashboard

|

+ User-friendly Input Forms | |

(Genetic, Symptom)

* Interactive Results
Dashboard

+ Realime Updates

« Responsive Design

+ Connecting with ML Model§ g

+ API Design (e.g., fpredict,
irecommend)
Database Query /
Data Retrieval

| ) wongons (NosaL)
« User Info
* Genetic Markers
Symptoms/History
* Prediction Results
Recommendation Data

Trained Prediction
Madels
« Feature Engineering
+ Data Preprocessing
+ APl-based Daployment |

APi Response 1
(Predictions & |
Recommendations) 1

Aapliution Layer (Baci

0 Security and Data Privacy Measures

User Interface Layer (Frontend)

A ADaIaADlnLlyzr )-{

Fig. 1. System Architecture of the Proposed Gene-Based Personalized

Medicine Recommendation System

B.  Frontend Design (React.js)

The system is designed in the frontend with React.js
that offers a dynamic and responsive user interface. The
primary aim of the frontend is to receive user inputs and
show personalised suggestions in a user-friendly format.
Key Features:

* Genetic and symptom data input forms that are user
friendly

* Interactive dashboard to display the results

* Real-time updates using API integration

* Responsive design for multiple devices
The frontend interacts with the backend via RESTful APIs,
thus facilitating efficient data transfer.

C. Backend Development (Node.js and Express.js)

The backend is built with Node.js and Express.js that deal
with server-side logic, API calls, and interaction between
various components of the system.

Key Functionalities:

* Processing HTTP requests and responses

* Processing user input data

» Connecting with machine learning models

* Managing database operations
The backend facilitates communication between the
frontend and machine learning module to ensure smooth
data flow

6 """""""" Socurty and Data Privacy Measures

Model Input/ I'g Python (scikit-learn) |
Models

Validation)
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D. Database Design (MongoDB)

The database to store patient data, model outputs and
system logs is MongoDB. It maintains the unstructured and
semistructured information effectively.

Data Stored:

* User information (optional)

* Genetic markers

* Medical history and symptoms

* Prediction results

* Recommendation data
MongoDB offers the high level of scalability and effective
search of data, which is needed in real-time applications.

* UserlD + SymptomID
+ Name « UserlD
« Email « Symptom 23

* Age  Severity
+ Gender « Timestamp =
+ MedicalHistory

« MedicalHistory &3 .
/ mongoDB \ L

Recommendations
* MarkerID + RecommendationlD
« UserlD =, Logs + UserlD
* Gene « LogID + Recommendation .,
* Variant = « UserlD « Timestamp o

+ Value « Action
« Timestamp
Results to User

Fig.2 Database Schema for the Proposed Personalized Medicine System

E.  Machine Learning Integration

The machine learning models will be connected with the
backend system by completing disease prediction and
providing recommendations. Such trained models are used
as APIs and the backend can send input data and get back
the predictions.
Workflow:

* Backend receives user input

* Data is preprocessed

* Input is passed to ML model

* Model generates prediction

* Results are sent back to frontend
The integration allows to predict in real-time and provide
instant feedback to the users.

F. Application  Program  Interface
Communication

Design  and

RESTful APIs are used between the frontend and the
backend. These APIs assist in data transmission and in
provision of secure communication between the system
components.
Example Endpoints:
* /predict for disease prediction
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(1]

+/recommend for treatment suggestions
The data exchange is transmitted with the help of JSON,
which is lightweight and easy to read

G. Security and Data Privacy

The system deals with sensitive healthcare and genetic
information thus suitable security measures are taken.
Security Measures:

* Data encryption

* Secure API communication

* Authentication and authorization

* Input validation These will guarantee adherence to the
fundamental standards of data protection.

* Genetic and clinical data are entered into the interface
by the user

* Information is forwarded to the server back-end

* The data are preprocessed at the back-end

* Disease is predicted by machine learning model

* Recommendation engine creates individual treatment

* The user is presented with results

* Results are displayed to the user

1. User enters geneticand 2. Data is sent to the 3, Backend
clinical data through the
interface

4. Machine learning

5. Recommendation 6. Results are di¢
preprocesses the data  model predicts disease the use

engine generates totl
personalized treatment

backend server

HTTPS API - % o@q
Past Request R . b4 A <
'API Raques 8 @ > Python (scikitieam) | > | >
(Genetic & Sym; s @ MLAPI \ =
board Data =TT MongaDB Tl Rule-based + ML
T Validate & Format Model Analysis e e oG
3 'Securily Measures | ML Integration Workflow (Section 4.5)
% | (Section4?) P ; S i
2 — Raw Data =P Preprocessing =9 Predict APl e Predictions wee
= (e.g., fpredict)
£ Encrypted Transpart 6 ‘
z | Node js/Express.js
| | Generate
T | -~ l Backend AP (e.9., irecommend)
= a Data Input Validation 6
§ | Tetabase Ouerations atabase Operati | Store (Patient Data, Predictions, Logﬂ . ]
2 (Section 4.4) ,KT

Fig.3 Workflow of the Proposed Personalized Medicine
Recommendation System

H. Implementation Details

The system is deployed in a modular way to guarantee the
scalability and maintainability.
Technologies Used:

* Frontend: React.js

* Backend: Node.js, Express.js

* Database: MongoDB

* Machine Learning: Python (scikit-learn)
Modular design enables the incorporation of new
functions like advanced analytics and real-time monitoring
in new versions without any difficulties.

V. RESULTS AND ANALYSIS

The efficiency of the offered personalized medicine
recommendation system based on gene information is
assessed with the help of traditional machine learning
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measures and comparison of various algorithms. The
analysis aims at the accuracy and the effectiveness of
personalized recommendations in prediction.

A.  Experimental Setup

A systematic medical dataset of patient symptoms,
genetic predictors and disease labels was used to train and
test the system. The dataset was divided into:

* Training Set: 80% of total data

* Testing Set: 20% of total data
The machine learning algorithms were two:

* Random Forest Classifier

* Support Vector Machine (SVM)
The normalization and preprocessing of the data were
performed, and the models were trained on the test data.

B. Evaluation Metrics

The measures used to assess the performance of the
models were the following:

* Accuracy
* Precision
* Recall
* F1-Score
Accuracy Formula:
TP+TN
Accuracy = —————
TP+TN+FP+FN

These are measures that are applied to provide a global
understanding of model behavior when doing
classification exercises.

C. Performance Comparison of Models
Random Forest and SVM models are compared through

the aspects of performance in terms of accuracy and other
measuring aspects.

Model Accuracy(%) Precision(%) | Recall(%) | F1Score(%)
Random | 9775 96.80 97.10 96.95
Forest

SVM 94.20 93.50 94.00 93.75

Tablel. Performance Comparision of Machine Learning Models

Analysis:

* The accuracy of Random Forest is higher because of
ensemble learning
* SVM works well albeit at a lower level in dealing with
complex information
* Random Forest has a higher level of generalization

D. Confusion Matrix Analysis
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Confusion matrix provides a breakdown of the model
predictions in details by comparing the real and the
predicted values.
Interpretation:

* True Positives are correct predictions of disease

» False Positives represent wrong predictions

* When true positives are high and false positives are
low, the model has high performance

[ Predicted Predicted | Predicted Predicted
Positive Negative | Positive Negative

Actual 485 15 Actual 470 30

Positive (TP) (FN) Positive (TP) (FN)

|

Actual 16 484 Actual 35 465

| Negative (FP) (TN) Negative (FP) (TN)
TP: True Positive FN: False Negative | FP: False Positive | TN: True Negative ‘

Fig.4 Confusion Matrix For Disease Prediction

E.  Accuracy Comparison Graph

Performance differences are better represented by a
graphical comparison of model accuracy.

i — i
97.75
98
94.20

96

94 -

92

Accuracy (%)

90 -

98 L — —
Random Forest SVM

Fig.5 Accuracy Comparison between Random Forest and SVM

Observation:
* Random Forest always compares well with SVM
» Ensemble methods are more stable
* The selection of models is justifiable

F.  Recommendation System Evaluation
The recommendation engine was tested according to
whether it produces any relevant and personalized output.
Evaluation Criteria:

* Relevance of recommendations

» Compliance with anticipated disease.
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* Practical usability Output Examples:
Output Examples:

* Relative drug recommendations

« Patient condition diet plans

* Prevention lifestyle changes
The system is efficient in producing valuable suggestions
that are in line with the anticipated diseases and patient
specific contributions.

G. System Performance Analysis

Following performance parameters were also used to
evaluate the system:

* Response Time: Less than 2 seconds

* Scalability: Supports multiple users simultaneously

* Accuracy: High predictive reliability

H. Discussion

The results of the experiment indicate that the proposed
system is effective in predicting diseases and generating
individual recommendations. Random Forest model is
better than SVM because it is capable of manipulation with
complex and high-dimensional data. Combination of
machine learning and a web-based system will guarantee
real-time accessibility and usability.

Nevertheless, there are some drawbacks, such as
relying on the quality of the data and the necessity of more
heterogenous genetic data. In the future, one can
implement deep learning models and bigger datasets to
achieve even more accurate predictions.

VI. CONCLUSION AND FUTURE WORK

The paper presented a customized recommendation
system of medication founded on genes and integrates
machine learning methods and modern web technologies
to provide appropriate disease prediction and customized
treatment advice. The proposed system will be premised
on the idea of applying genetic data, clinical manifestations,
and patient history to generate evidence-based and precise
healthcare recommendations. The machine learning
algorithms such as the Support Vector Machine and the
Random Forest can be used to identify the complex
patterns in biomedical data through the use of machine
learning algorithms and provide justifiable predictions by
the system.

The implementation system is achieved through the
assistance of MERN stack that ensures scaling, real- time
interaction, and easy access by the users. The data flow
between the front end and back end modules is also smooth
due to the web based structure and the final output of the
end users in the form of the personalized output and the
high response rate. It is also revealed in the results of the
experiment that the Random Forest model is more
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effective compared to SVM, and the ensemble learning
method can be effective when dealing with high-
dimensional healthcare data.

Other than predicting diseases, the system also does a
good job in providing actionable recommendations like
prescription of drugs, nutrition plans, and lifestyle changes
based on the profile of the patients. This adds to the
practical applicability of the system and proactive
healthcare management. The conjunction of machine
learning and pharmacogenomics helps to increase the
ability of the system to offer the effective and individual
approach to treatment.

The system has some limitations even though it has
performed so well. Prediction is dependent on the quality
and variation of the training data. The availability of big-
scale genomic data and biases in the data may influence the
performance of the models. Moreover, issues of data
privacy, data security, and model explainability should
also be considered so that it becomes safe to implement the
use of such systems in real health care settings.

The next step that can be taken in the future research is
to improve the system with deep learning models to make
predictions more accurate and allow it to work with more
detailed genetic data. System performance and reliability
could be also enhanced with the integration of electronic
health records and real-time health monitoring devices.
Moreover, federated learning methods can be used to
ensure that the privacy of the data is not at risk since it is
possible to train models in a decentralized manner and
avoid sharing sensitive data. Further broadening to cover a
greater variety of diseases and methods to explain Al will
enhance transparency and confidence with the users as
well.

In sum, the given system of recommendation of a
personalized medicine on the basis of genetics proves that
machine learning, pharmacogenomics, and web
technologies can be applied in order to develop the scalable,
efficient, and patientcentered healthcare. The article will
come in handy to enhance the process of intelligent
healthcare systems, and the foundation of future studies on
personalized medicine
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