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Abstract- There are a wide range of variables in the field of health care considered by this Al system such as
age, gender, height, weight, body mass index, hours of sleep, hydration techniques, stress levels, physical
activities, health symptoms, previous diseases to identify potential healthcare risks that can occur in the
future and give personalized recommendations on how to take proper care of your health. Predictive
healthcare analysis techniques implemented in this project consist of machine learning algorithms such as
Logistic Regression, Decision Tree, Random Forest, and XGBoost for predictive analysis and comparison [7],
[8], [24]. Predictive analysis is combined with healthcare rules to establish adaptive health care guidelines
related to such areas as food management, performing physical exercises, changing hydration practices,
decreasing stress and implementing preventive health care strategies. Such technologies as React (frontend
framework), Flask (backend APls), MySQL (healthcare data management) and Scikit-Learn (implementing
machine learning models) are implemented to design this project. Methods such as using JSON Web Token-
based authentication help with secure healthcare data processing [20], [27]. This Al system is not intended to
be used as diagnostic or treatment tool but as a decision-making health care support system to improve

preventive health care and personalize it using Al [2], [12].
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problem with traditional healthcare systems is their
I. INTRODUCTION reactive nature in which healthcare interventions
are performed only after the onset of symptoms or
after clinical diagnosis of diseases. Reactive
approaches are not always sufficient to ensure
health monitoring, risk assessment, and preventive
measures due to the ever-growing number of
patients and the shortage of healthcare resources

[11.

The rapid advancement of technologies associated
with artificial intelligence, machine learning, and
digital healthcare systems has resulted in significant
changes to the contemporary healthcare
environment. Healthcare organizations now tend to
use intelligent computing solutions for decision
making, disease prediction, patient monitoring, and
preventive healthcare management. The major
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Nowadays, with the advent of a considerable
amount of data obtained through wearables,
mobile applications, EHRs, and other monitoring
platforms, there are emerging prospects in
developing intelligent recommendation systems for
healthcare providers. Recent studies indicate great
potential in applying machine learning for
identifying patterns in large healthcare datasets and
producing predictive insights required for
implementing preventive healthcare approaches [2].
In contrast to static rules applied by conventional
healthcare systems, Al-based recommendation
engines can provide users with recommendations
dynamically adapted based on their individual
characteristics.

In response to these weaknesses, this study
suggests a new Al-powered Intelligent Healthcare
Recommender System that aims at providing
intelligent recommendations about healthcare
issues by means of machine learning and advanced
analytics in healthcare. This system will include
several modules such as predictive healthcare
models, adaptive recommendations, full-stack web
security and personalized healthcare analytics to
offer intelligent recommendations to users.

It should be mentioned that the aim of this research
project is not to undermine the position of
physicians and specialists in their practice of
healthcare provision. In its essence, the suggested
system will serve as an intelligent assistant that will
help users identify possible health risks and get
personalized recommendations on how to maintain
their well-being. Such machine learning models as
Logistic Regression, Decision Tree, Random Forest
and XGBoost will be compared in terms of
effectiveness for healthcare prediction.

Therefore, in this research, a scalable healthcare
recommendation framework powered by artificial
intelligence technologies will be developed.

Il. PROBLEM STATEMENT

However, despite the recent rapid development and
innovations within digital healthcare technologies,
wearables, and data analysis solutions based on

artificial intelligence algorithms, it was discovered
that there are quite a few crucial deficiencies in the
traditional healthcare monitoring and
recommendation systems, which have negative
impacts on preventive healthcare management, its
personalization, and efficiency. One of the key
disadvantages related to conventional healthcare
recommendation systems is their reactive nature as
healthcare services are usually offered to patients
only when symptoms become too obvious. This
drawback limits the ability to detect health risks at
an early stage and organize preventive healthcare
care effectively [5].

Another significant disadvantage of existing
healthcare recommendation systems lies in the lack
of personalized healthcare recommendations as
they cannot take into account a wide range of user-
specific parameters, including lifestyle habits,
quality and quantity of sleep, stress level, level of
physical activity, hydration, etc. This limitation
occurs due to the high reliance of most existing
solutions on static rule-based recommendations
that provide general rather than adaptive and
context-aware recommendations to each specific
user.

The other critical problem involves working with the
analysis of healthcare data. Health information
tends to be very diverse, dynamic, and nonlinear.
The existing system cannot analyze large amounts
of health data effectively and, in addition, with
several interrelated features at the same time, such
as BMI, signs of illness, stress levels, eating habits,
lifestyle, among others. This inability results in low
prediction performance and inaccurate
recommendations. According to previous research
findings, intelligent machine learning models are
considerably better in discovering patterns in health
datasets [7].

Also, most of the current healthcare systems lack
features like intelligent automation and predictive
analytics. Healthcare recommender applications
have been designed mostly based on symptoms
checkup as opposed to preventive healthcare
services and long-term health management
solutions. The absence of an adaptive
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recommendation ranking system makes the process
of dynamically generating recommendations
impossible based on the evolving health state of
the end user. Also, the problem of limited
transparency is present as some Al healthcare
systems are not transparent due to lack of
explainable Al. The process of building Al models
that are explainable is a challenge for modern
healthcare systems [4].

Scalability issues, along with security and privacy
protection problems, pose another set of
challenges in today's Al-powered healthcare
applications. The problem of scalability emerges
because healthcare data includes very confidential
information about the user. If there are no means of
authenticating the wuser, encrypting data and
managing sensitive information properly, the
system may become compromised. The problem of
bias in the dataset is also prevalent in healthcare
systems [8].

I1l. OBJECTIVES OF THE STUDY

One of the key objectives of this research is to
develop a novel and intelligent Al-powered
healthcare recommendation engine that can
overcome the common challenges faced by existing

healthcare  monitoring and recommendation
solutions due to the application of artificial
intelligence, machine learning, and latest web

technologies. The main challenge for the current
healthcare recommendation solutions is the lack of
personalization, intelligence, and adaptability of
recommendation systems that have hindered
effective preventive healthcare management and
adoption of healthcare recommendations. With the
help of machine learning and advanced system
architecture, this research tries to deliver a practical
and intelligent healthcare recommendation solution
that can help users adopt a healthier lifestyle [9].

This research mainly focuses on designing a
machine learning-based healthcare
recommendation engine for processing a diverse
set of health parameters such as the age, gender,
body mass index (BMI), sleep patterns, hydration
status, stress level, physical exercise, and symptoms

among other important factors for generating
personalized and predictive healthcare
recommendations. Several studies related to
healthcare analytics have highlighted the significant
contribution of intelligent and predictive systems in
enhancing the effectiveness of healthcare
monitoring systems [10].

Another vital purpose of the study is to employ
predictive healthcare analytics through machine
learning algorithms including Logistic Regression,
Decision Tree, Random Forest, and XGBoost. These
machine learning models will be examined and
compared based on their predictive accuracy,
precision, recall, F1-score, and overall generalization
ability. Utilization of ensemble learning techniques
is expected to increase the effectiveness of
prediction through tackling non-linear relationships
between healthcare data and preventing overfitting
issues that arise in healthcare datasets [11].

It is aimed to create an adaptive recommendation
engine which is able to provide healthcare
recommendations based on users' behaviors and
health statuses. Contrary to current healthcare
recommendation systems that generate generalized
information, it is planned to offer personalized
healthcare guidance including recommendations

about diet, exercise, hydration, sleep, and
preventive  healthcare  measures. Intelligent
recommendation ranking approaches will be
utilized in order to enhance relevance of

recommendation results [12].

The study plans to explore crucial issues related to
healthcare Al systems like dataset biases, inability to
provide transparent explanations for prediction
results, possible ethical issues, and challenges in
deployment. Most existing healthcare Al projects
focus solely on prediction accuracy without taking
other factors like ethical issues into account.
Therefore, the purpose of the study is not to offer
unrealistic claims about automation but to examine
problems with Al-based healthcare
recommendation systems [14].

Another goal of this research is to explore some
significant issues related to Al in the health sector
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such as data bias, lack of explanation, ethics and
implementation constraints. The main problem is
that many current studies on Al and health care
focus on high prediction accuracy without paying
attention to other aspects like fairness and ethical
deployment. Hence, this research focuses on the
problems associated with Al-based health care
recommendation systems.

IV. LITERATURE REVIEW

Recent advances in research studies show
considerable development in the domain of Al-
based recommendation systems for healthcare as
well as predictive analytics of healthcare.
Incorporation of Al technologies within the field of
healthcare has been found to be very effective in
terms of improved monitoring of preventive
healthcare, guidance on healthcare, and decision-
making processes. According to recent studies
conducted within this domain, Al technologies can
be utilized for analyzing complicated healthcare
data sets in order to identify hidden patterns that
are associated with disease risks, lifestyle habits,
and physiology.

It can be noted from literature related to predictive
analytics in healthcare that existing methods of
healthcare management rely significantly on
manual  methods and reactive treatment
procedures. The inefficient process management,
delays in diagnosis, and lack of continuous health
monitoring pose significant problems for existing
healthcare systems. It has been demonstrated in
various  research  papers that healthcare
recommendation systems powered by artificial
intelligence minimize manual labor by providing
automated health risk predictions and personalized
recommendations. Studies also indicate that
intelligent healthcare systems enhance accessibility
of healthcare services by offering automated and
data-driven healthcare management processes [17].
Comparing simulations suggest that machine-
learning-powered  healthcare  recommendation
systems outperform their rule-based counterparts
in terms of prediction and recommendation
capabilities [17].

The use of machine learning technologies including
Logistic Regression, Decision Trees, Random Forest,
Support Vector Machine and XGBoost technologies
has been widely explored in healthcare prediction
literature. Machine learning allows computers to
analyze heterogeneous healthcare information
combining physiological measures, behavior and
medical history. The ensemble learning techniques
like Random Forest and XGBoost have shown
robust results in dealing with nonlinear relations in
healthcare and mitigating overfitting problems
common to the healthcare data [18]. The past
studies have proven that using machine learning
can improve preventive analysis of the healthcare
by predicting early risk factors connected to the
chronic diseases and unhealthy lifestyles.

The field of NLP (Natural Language Processing) and
conversational healthcare systems have become
prominent areas of investigation for intelligent
healthcare. The use of conversational Al allows
users to communicate with healthcare systems
using normal natural language rather than using
complicated medical forms only. The study results
have indicated that healthcare systems using NLP
technology provide better accessibility and usability
in comparison with the static interfaces, especially
among nontechnical and elder patients [19]. Al-
driven conversational healthcare systems have been
employed in various healthcare applications
including virtual assistants, health monitoring apps
and automated patient support systems.

Although there are significant advances made in Al
healthcare research studies, many researches still
concentrate more on disease prediction models and
very  few on recommendation system
implementations. Current research works mostly
focus on healthcare condition predictions, symptom
categorizations, and diagnoses without paying
attention to recommendations, behavioral analysis,
and preventive healthcare management. While
predictive models bring important insight about
health conditions, current research work does not
pay much attention to the problems in the practical
deployment of such models due to problems in
scalability, explainability, real-time deployment, and
healthcare data privacy [20].
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There are also many research papers emphasizing
the importance of healthcare data security and
scalable deployment framework for an Al
healthcare  application.  Unfortunately, many
proposed models in the healthcare industry remain
confined only within the theoretical framework and
do not provide full-stack implementations which
include scalable web application architecture. As a
result, the absence of integration of machine
learning intelligence and modern-day scalable web
architecture  greatly hampers the practical
implementation process of healthcare
recommendation applications. Researchers have
also indicated that the integration of intelligent
healthcare analytics with web technology makes
healthcare  application  development  better
adaptable and flexible [21].

Despite a great deal of research done in the field of
predictive healthcare analytics and Al-based
healthcare monitoring applications, a number of
areas of interest need to be addressed in the
research related to personalized healthcare
recommendation engines. Personalized
recommendation engines often fail to incorporate
the aspects of adaptability, recommendation
ranking based on context, a scalable architecture
for deployment, and prevention in healthcare. The
vast majority of research done till now is mostly
about predictions and not complete healthcare
decision support ecosystems. Hence, this research
attempts to fill these gaps through Al-powered
personalized care recommendation engine.

V. PROPOSED METHODOLOGY

For the proposed Al-Powered Personalized Care

Recommendation Engine, an approach to
intelligent healthcare prediction, personalized
recommendation generation, scalability, data

security, and efficient healthcare analytics was used.
Thus, the suggested methodology is aimed at the
implementation of machine learning algorithms,
healthcare  data  preprocessing  techniques,
intelligent recommendations, and full-stack web
solutions into a unified healthcare decision-support
platform. The proposed solution is aimed at the
development of preventive healthcare management

by analyzing patient-specific physiological and
behavioral data in an automated manner without
significant involvement of humans in the process.

Firstly, the registration and authentication process
takes place, where secure authentication
procedures based on JSON Web Tokens (JWT) were
chosen. Because of the high level of personal
information sensitivity, the issue of secure client-
server communication becomes very crucial for
healthcare systems. JSON Web Tokens allow for
easy and scalable authentication of users, as well as
role-based access control and secured client-server
communication. Nowadays, token-based
authentication approaches are considered one of
the best options for implementing safe interaction
between a healthcare client and a healthcare server
[22], [23].

Post-acquisition of the data, the preprocessing
module will undertake operations related to
healthcare data cleansing and transformation.
Typically, healthcare data contains inconsistent
values, missing values, duplicates, and noisy inputs
from users. Consequently, various preprocessing
operations such as null value replacement,
normalization, label encoding, feature scaling, and
outlier elimination will be conducted before the
process of training and predicting using the model.
Feature engineering operations are conducted to
create additional meaningful features that indicate
the health status of users in healthcare datasets
such as body mass index (BMI), lifestyle score,
hydration score, and sleep quality scores [24], [25].

After completing the process of data preprocessing,
the next step involves moving the healthcare
dataset to the machine learning prediction layer.
Various machine learning algorithms are used for
the purpose of prediction and comparison to
identify the most suitable algorithm for healthcare
risk predictions. They include Logistic regression,
Decision tree, Random forest, and XGBoost. Logistic
regression algorithm is employed as a baseline
classifier because of its interpretability and low
computation cost. On the other hand, Ensemble
methods such as random forest and XGBoost are
used to discover nonlinear relationships and
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complicated interactions between healthcare
variables [26].

The generated processed data, prediction

information, and recommendation history is saved
in the database management system called MySQL.
MySQL is used due to its high efficiency in terms of
reliability, structured data management, query
optimization, and scalability, which make it suitable
for healthcare applications. MySQL can store user
profiles, health data, prediction results, and
recommendation history while ensuring consistency
within the system operation [27].

Last but not least, the frontend application serves
as an interface for users to visualize their personal
health status along with predictions made by the
system, as well as get feedback on the generated
recommendations. The frontend application is used
to make requests to the backend API built on the
Flask framework. Asynchronous request handling
methods are implemented to ensure smooth
interaction between frontend and Flask. Flask
framework is used due to its efficient performance,
ease of integration with machine learning tools, and
flexibility for developing RESTful healthcare APIs
[24].

Thus, a full stack implementation solution has been

created to facilitate efficient communication
between a machine learning engine,
recommendation generation module, database

layer, and frontend application while being able to
provide scalable and deployable web-based
solutions for healthcare environments.

VI. SYSTEM ARCHITECTURE

In developing the Al-Powered Personalized Care
Recommendation Engine, a layered architecture
approach will be considered to promote the
scalability, maintainability, security, and efficiency of
processing healthcare data. Due to the use of a
layered approach, it would be possible to distribute
responsibilities among the components of a system
and, thereby, promote its modularity and ensure
future system upgrading and maintenance.
According to the proposed system architecture, it

consists of four main layers, including User Interface
Layer, Application and Backend Layer, Machine
Learning and Recommendation Layer, and
Database Layer.

The recommended application and backend
framework for the application in Python is Flask.
The backend system can be engaged in REST API
processing, authentication of users' requests
through JSON Web Tokens (JWT), as well as
communication with frontend layer, machine
learning components, and databases. Since JWT-
based authentication ensures safe communication
and enables role-based access control for
healthcare data, it could help protect user data
during processing. In addition, the fact that Flask
supports the creation of modular APIs and machine
learning integration justifies the application of this
framework in  Al-powered healthcare data
processing systems [10].

MySQL is used for storing healthcare documents,
user details, recommendation history, predictions,
and authentication details by the Database Layer.
The use of MySQL is due to its reliable nature,
structured and relational nature of data storage,
efficiency in handling queries, and scalability for
healthcare applications. The database layer ensures
that consistency is achieved in healthcare
transactions and retrieves information on health-
related details of users to enable quick generation
of recommendations. Because of the sensitivity
involved in handling information in the healthcare
sector, there are also encryption features in the
database layer [22].

VII. ANALYSIS AND DISCUSSION

The present paper presents an analysis of the Al-
Powered Personalized Care Recommendation
Engine that describes the benefits of using machine
learning and healthcare analytics to personalize
health predictions and preventiveness. In order to
find out if it would be possible for the proposed
algorithm to make such a forecast and suggest
solutions on improving one's health, the set of
parameters associated with healthcare was
considered. These parameters include age, body

6
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mass index (BMI), sleep time, physical activity,
hydration, stress, symptoms, and health history of a
person [13].

First of all, it should be noted that there are various
parameters associated with the health of a person,
making the data sets for such forecasts
heterogeneous and nonlinear. It is impossible for
traditional statistical tools used for predicting
people's health issues to analyze nonlinear
interactions between the considered factors. It was
found out those ensemble algorithms such as
Random Forest and XGBoost proved to work better
than logistic regression for this reason [3].

Logistic Regression provided consistent predictions,
but there were some difficulties in modeling the
nonlinear relationship and complex interaction
between features in healthcare problems. Although
Logistic Regression provided minimal
computational cost and fast learning process, the
model failed to predict the outcomes effectively in
a case of healthcare with various behavioral and
physiological dependencies. Decision Tree was a
good option since the models could produce better
results concerning interpretability and classification
abilities, although the problem with overfitting
became apparent when using the decision tree
models for prediction under noise in the dataset [9].

In turn, Random Forest had the best generalization
ability due to the use of multiple decision trees to
make a prediction. Overfitting problem became less
significant for this type of models due to high
consistency of prediction regardless of changes in
the dataset. XGBoost was able to generate the most
accurate predictions among all the other models
because of the optimal design of feature
dependencies within the models. However, XGBoost
needed intensive computation and hyperparameter
tuning for better performance [12].

This is clear from the analysis done on the
recommendation engine as far as providing
superior personalization through adaptive ranking
is concerned. In this regard, the recommendation
engine takes into account the behaviors of the
users, their risk propensity, and their health care

situation when making recommendations. The users
that are characterized by stress and insufficient
sleep receive advice on how to cope with them
before making recommendations on exercise
advice. Using contextual information to generate
recommendations ensures that there is increased
relevancy and involvement by the users [8].

Privacy and security continue to remain the major
concerns in adopting Al in the health industry. In
light of the fact that sensitive health data is used, it
would be more likely to experience data theft in
case of weak authentication processes, poor
encryption strategies, and insecure API interactions
[19].

In addition, the analysis shows that high accuracy
alone does not provide grounds to consider a
particular healthcare application effective. Many
scholarly articles focus exclusively on accuracy and
neglect such aspects as recall, false negatives,
fairness, explainability, and deployability. In a
healthcare scenario, the presence of false negatives
is especially dangerous since the failure to
recognize possible risks would delay preventive
measures or consultations with a physician. Thus, in
the current study, the emphasis is placed on
precision, recall, and F1-score rather than on the
accuracy score alone [6].

On balance, the analysis proves that the proposed
Al-Powered Personalized Care Recommendation
Engine can serve as a viable and scalable healthcare
analytics solution for preventive care and
personalized healthcare solutions. Nevertheless, the
application in question must be recognized as an
intelligent decision-making platform in healthcare
but not as a means of diagnosis in medicine [15].

VIII. RESULTS

Efficacy assessment has been performed for Al-
based personalized care recommendation engine
through the experimental study. The efficiency of
machine learning algorithms in terms of the
accuracy of predictions, classification efficiency,
efficiency of recommendations, and generalization
capability of the system has been studied using

7



Somit Kumar Yadav, International Journal of Science, Engineering and Technology,

2026, 14:2

several healthcare attributes like body mass index
(BMI), stress levels, number of sleeping hours,
hydration, physical activity levels, symptoms, and
health history [4].

The healthcare database includes about 50,000
healthcare records collected from publicly available
healthcare databases and artificial healthcare
databases. The database has been divided into
training and testing datasets in the ratio of 80% to
20%. Further, the experiment involved applying
cross-validation methods to avoid issues related to
over fitting of models during the process of
predictions [6].

Pre-processing of the data including missing value
handling, normalizing the values, feature coding,
and elimination of outliers was performed before
the models were trained. Techniques like
calculating BMI, lifestyle risk score calculation, and
hydration index calculations enhanced the process
of making predictions by the machine learning
algorithms [12].

Recommendation Example Output 1
Input Values

e BMI:31.2

e Hours of Sleep: 5 hours

e Level of Stress: High

e Physical Activity Level: Low

e  Water Consumption: Inadequate

System Recommendations

e Sleep for 7-8 hours each night

o Consume fewer processed foods

e Aerobic exercises for 30 minutes every day

e Consume more water than 2.5 liters

e Practice stress management techniques like
meditation

IX. CONCLUSION

Al-driven Personalized Care Recommendation
Engine has been created with an understanding of
fulfilling the requirements that can emerge due to
intelligent and preventative care systems. Such
systems can play an important role for patients in
resolving their issues with regard to health care. The

existing healthcare systems are quite reactive in
nature and unable to provide personalized care by
keeping in view the behavior and physiology of the
user. In this regard, the research project focused on
tackling the mentioned issues by making use of the
potential of machine learning technology along
with  healthcare analytics and modern web
technologies [21].

The healthcare recommendation engine proved
itself efficient in the analysis of different healthcare
factors like age, body mass index (BMI), sleeping
behavior, stress level, hydration level, exercise,
symptoms, and past health status in order to
analyze the risk and make recommendations.
Different machine learning techniques were
employed such as Logistic Regression, Decision
Tree, Random Forest, and XGBoost to compare
their efficiency. As a result of experiments
conducted, it has been found out that ensemble
machine learning algorithms like Random Forest
and XGBoost worked better with the healthcare
data sets [18].

Nonetheless, the study pointed out several key
challenges that exist concerning the use of Al
systems within healthcare organizations. These
challenges included dataset imbalance issues,
inconsistency in healthcare data, risk of overfitting,
privacy-related issues, and lack of explainability. It
was evident from the literature review that besides
achieving a high level of prediction accuracy, ethical
reliability, fairness, and user trustworthiness were
other factors to consider for the successful
implementation of Al in the healthcare
environment. Black-box machine learning models
raised explainability concerns that might affect the
trust of users [19].

In conclusion, it has been proven that both Al and
machine learning have enormous potential within
the healthcare sector provided responsible
development and proper evaluation. Several future
areas for improvement in this regard are worth
mentioning. These include incorporation of
wearables, real-time health monitors, cloud
deployment architecture, explainable Al framework,
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federated learning, and healthcare mobile

applications [24].
X. FUTURE SCOPE

Several developments are expected in the future
that can improve the performance of the proposed
Al-Powered Personalized Care Recommendation
Engine in the areas of prediction, personalization,
scalability, and effective deployment. One of the
developments can be the use of deep learning
models and predictive analytics models for
healthcare that could analyze complicated patient's
behavioral and physiological attributes to make an
accurate prediction regarding the risk factors
associated with particular illnesses [20]. Deep
learning models and temporal predictions can help
identify patterns of behavior.

A second development can be related to the use of
the Internet-of-Things (loT) healthcare devices that
allow continuous monitoring of the patients' health
status. By connecting the recommendation engine
with various loT devices including fitness trackers,
smart watches, heart rate monitors, and others, it is
possible to develop accurate recommendations
based on current patient's health status and
without any interventions from users [6].

Another area of possible improvement in the
healthcare system may be associated with the
development of NLP technologies in it. Using
conversational Al will provide users with the ability
to interact with the recommendation engine by
using natural language as input instead of
completing static forms. Moreover, multi-language
conversational technologies will provide better
access to users of different languages, allowing for
a broader base of users that can use the healthcare
system [23].

Moreover, an area worth considering when talking
about the possible improvements of the healthcare

system is related to integration with other
technologies such as hospital management
systems, EHR, pharmacy platforms, and
telemedicine. Such an approach will allow

improving the collaboration of doctors and patients

by providing an opportunity for effective
communication between these two entities [15].

The adoption of explainable Al technologies is
another promising future research area. Due to the
limitation of decision making of healthcare Al
systems based on black boxes, the future
developments of the proposed model may include
interpretable machine learning systems which will
be able to provide explanations of the decision-
making and recommendation-generation
processes.  These  systems  will  promote
transparency, accountability, and trustworthiness
and will be free of ethical concerns related to
machine learning systems [22].

Finally, the future development of hybrid
approaches in healthcare recommendations that
involve machine learning algorithms, knowledge
graphs, and rules, along with expert feedback,
should be considered. This could help healthcare Al
systems gain the approval of medical experts and
ensure that recommendations are validated and
reliable [24].
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