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Abstract

Artificial Intelligence (AI) is transforming healthcare by enabling advanced solutions in diagnostics, treatment
planning, and healthcare management. This systematic review, conducted using the PRISMA framework, analyses
existing studies to examine Al applications in healthcare, focusing on methodologies, datasets, performance, and
challenges. Deep learning techniques such as convolutional neural networks (CNNs) for medical imaging and recurrent
neural networks (RNNs) for disease progression prediction have shown strong results in radiology, oncology, clinical
decision support, and drug discovery, improving diagnostic accuracy and personalized care. Supervised learning
methods, including support vector machines (SVMs) and random forests, are commonly used for diagnostic tasks with
labeled data, while unsupervised and semi-supervised approaches are applied when annotated datasets are limited.
Hybrid models combining structured and unstructured data are increasingly adopted. Despite promising results,
challenges remain, such as the lack of large, high-quality annotated datasets, data imbalance, privacy concerns, limited
model generalization, and the black-box nature of deep learning models. Ethical issues and integration into clinical
workflows further hinder adoption. Addressing these gaps is essential to enable trustworthy Al systems and improve
real-world healthcare outcomes.

Keywords: Artificial Intelligence, Clinical Decision Support Systems, Explainable Al, Medical Imaging, Natural
Language Processing.

Introduction

Artificial Intelligence (AI) refers to computational
systems that simulate human intelligence to
perform tasks such as learning, reasoning, and
decision-making. In healthcare, Al enables the
analysis of large volumes of medical data,
supporting improved diagnosis, treatment plan-
ning, and patient management (1, 2). Healthcare
itself involves the delivery of medical services
aimed at maintaining and improving physical and
mental well-being through diagnosis, treatment,
and prevention.

Al technologies, including machine learning (ML),
deep learning (DL), and natural language
processing (NLP), are widely applied in healthcare
for both clinical and administrative purposes (3).
These techniques assist in analysing medical
images such as X-rays, MRIs, and CT scans to detect
diseases, including cancer and cardiovascular
conditions (4). Deep learning models have
demonstrated performance comparable to or
exceeding that of human experts in medical image
analysis. Al also plays a crucial role in predictive

analytics and personalized medicine (5). By
analysing electronic health records (EHRs) and
patient data, Al models can identify patterns for
early disease detection and risk prediction (6).
Additionally, Al supports personalized treatment
by integrating genetic, lifestyle, and environmental
factors, particularly in areas such as oncology.
Beyond clinical applications, Al enhances health-
care management through chatbots, automation,
and resource optimization, improving efficiency
and patient engagement.

Despite its potential, the adoption of Al in
healthcare faces challenges such as data privacy,
model interpretability, and ethical concerns. Figure
1 illustrates the overall architecture of Al in
healthcare, including data collection, processing,
and decision-making stages, highlighting how Al
systems improve healthcare accuracy and
efficiency.
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Figure 2: Methods and Techniques used in Al Healthcare System

The background study offers a thorough exami- to enhance diagnosis, treatment, and patient care
nation of the many approaches and strategies procedures. Key developments and approaches in
applied in the medical field. It focuses on using Al Al healthcare are highlighted in Figure 2.
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Machine Learning (ML)

Supervised Learning: Training models using
labelled datasets with known right answers
(outputs) is known as supervised learning as
mentioned in Figure 3. Applications for this include

ynew: f(Xnew; e)

Unsupervised Learning: Involves algorithms
learning on unlabelled data as mentioned in Figure
4. Finding previously unidentified risk factors for
diseases or grouping patients who have similar

Vol 7 | Issue 3

classifying medical pictures (e.g., differentiating
between benign and malignant tumours) and
forecasting outcomes for patients (e.g., predicting
if a patient will acquire a condition like diabetes).

medical records for targeted therapies are two
examples of how this might be helpful in
uncovering hidden patterns
healthcare data.
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Reinforcement Learning: Emphasizes rewarding
algorithms for making the right judgments in order
to train them to make a series of decisions. By
continuously adjusting based on feedback,
reinforcement learning is utilized in the healthcare
industry to improve robotic surgery procedures
and optimize treatment programs as mentioned in
Figure 5 (7).

Deep Learning (DL)

Convolutional Neural Networks (CNNs): For

image processing applications, convolutional
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neural networks, or CNNs, are widely utilized as
mentioned in Figure 6. CNNs are quite good at
automatically extracting characteristics in medical
pictures, including radiology scan abnormalities,
fractures, and malignancies.

Recurrent Neural Networks (RNNs): In order to
handle continuous information, like timeseries
data from devices used by patients (such as blood
pressure or heart rate over time) or analyse patient
medical records in order to forecast future health
outcomes, recurrent neural networks, or RNNs, are
frequently employed as mentioned in Figure 7.
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Generative Adversarial Networks (GANs): When
real-world information is scarce or hard to come
by, GANs are employed to create artificial medical
data for Al model training. They can also produce
realistic visuals for medical diagnostic tool training
in imaging activities as mentioned in Figure 8.

Natural Language Processing (NLP)

Named Entity Recognition (NER): Aids in the
recognition and categorization of particular textual
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elements, including patient demographics, drug
names, symptoms, and illness names.

Sentiment Analysis: Used to assess patient
happiness or identify any problems in patient care
by examining the emotional content or tone of
reviews, social media posts, and patient feedback.

Text Classification: Involves categorizing medical
texts (e.g., EHR notes or research papers) into
predefined categories (e.g., identifying whether a
text is related to a particular condition or
treatment) as mentioned in Figure 9.
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Figure 9: Process Flow Text Classification. Input text is

converted into structured features and assigned to

predefined healthcare categories

Machine Translation: Helps in translating
medical content between languages, facilitating
communication in diverse healthcare settings.
Image Segmentation: Creates zones for medical
photos to facilitate analysis. To separate and
analyse tumours

instance, a CT image can be segmented. Feature

or other abnormality, for
Extraction finds significant characteristics in
medical images (such as edges, textures, and
forms) that point to particular diseases, like
identifying small calcium deposits in the breast

cancer screenings. Object Detection finds and
categorizes items in a picture, such as tumours,
fractures, or indications of retinal disorders.
Expert Systems

Rule-based Reasoning: Uses a predetermined set
of principles to simulate how humans make
decisions. For instance, a system may provide
possible diagnoses or treatment alternatives based
on rules on the patient's symptoms, medical

history, and test findings as mentioned in Figure
10.
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Inference Engines: Analyse the knowledge base's
rules to derive conclusions or offer suggestions
based on the provided data (8).

Methodology

This study adopts systematic
methodology based on the Preferred Reporting
Items for Systematic Reviews and Meta-Analyses
(PRISMA) guidelines to ensure transparency,
consistency, and reproducibility in the selection of
relevant literature. The review process follows
structured stages, including identification,
eligibility —assessment,
inclusion of studies. Relevant articles were
retrieved from major scientific databases such as
IEEE Xplore, ScienceDirect, Google Scholar, and
PubMed using predefined keywords, including
“Artificial Intelligence in Healthcare”, “Machine
Learning in Medical Diagnosis”, and “Al-based
Healthcare Systems.” Additional sources, including
IGI Global, Koreamed, IJAET]I, and Sage Publishing,
were also explored to ensure comprehensive

a review

screening, and final
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coverage of
summarized

interdisciplinary research, as
in Table 1. The distribution of
selected articles across these sources is illustrated
in Figure 11. A deduplication step was performed
to eliminate overlapping records retrieved from
multiple databases. From figure, X axis shows the
Database, Y axis shows the Number of articles
found from online source. This process involved
manual and automated comparison of article titles,
authors, and publication years to ensure that
unique studies were included for screening (9).
Although Google Scholar shows a higher number of
retrieved articles compared to other databases, it
is important to note that it aggregates results from
multiple sources, which may lead to duplication.
To data accuracy, systematic
deduplication process was carried out by
comparing titles, authors, and publication details
across all retrieved records. Duplicate and
overlapping studies were removed before the
screening stage. As a result, unique and relevant
articles were considered for further analysis.

ensure 2

Table 1: List of Research Articles Searched in Different Databases
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Explore Online Nature Scholar Sources
Library
No. of 6 9 12 19 2 2 2 38 12
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E, 12 12
10 9
6
5

MDPI

Elsevier

Springer

IEEE Xplore Wiley Online ResearchGate ~ Springer Google Scholar Other Sources
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Databases

Nature

Figure 11: Graphical Representation of List of Research Articles

A structured search strategy was employed to
retrieve relevant studies from databases including
IEEE Xplore, ScienceDirect, Google Scholar, and
PubMed. The search was conducted using Boolean
operators and keywords such as (“Artificial
Intelligence” AND “Healthcare” AND “Machine
Learning”), (“Deep Learning” AND “Medical
Diagnosis”), and (“Al-based Healthcare Systems”
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OR “Clinical Decision Support”). Additional filters
were applied to include studies published between
2018 and 2025 and limited to peer-reviewed
journal articles and conference papers. This
systematic search approach ensures
reproducibility and comprehensive coverage of
relevant literature. A systematic screening process
was followed to ensure the inclusion of only
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relevant and high-quality studies (10). The study
selection process was conducted following the
PRISMA framework to ensure transparency and
reproducibility. Initially, a total of 102 records
were identified from multiple databases. After
removing 10 duplicate records, 92 unique articles
remained for the screening phase. During the
screening process, 10 records were excluded
based on title and abstract, as they were not
directly related to Al applications in healthcare.
Consequently, 82 articles were considered for

Vol 7 | Issue 3

eligibility assessment. At the eligibility stage, 16
reports could not be retrieved or did not meet the
inclusion criteria. The remaining 66 full-text
articles were assessed in detail, out of which 1
article was excluded due to insufficient
methodological validation. Finally, a total of 65
studies were included in the systematic review.
This detailed breakdown ensures a clear
understanding of the study selection process and
enhances the reproducibility of the review.
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Figure 12: PRISMA Flowchart for Literature Review

The overall study selection procedure is
represented using a PRISMA flow diagram Figure
12, which provides a transparent overview of the
number of records identified, screened, assessed
for eligibility, and included in the final analysis.
This structured approach ensures methodological
rigor and minimizes selection bias. Furthermore,
the selected studies were analysed based on key
parameters, including domain, research objectives,
dataset, methodology, performance metrics, and
identified challenges. These parameters, summa-
rized in Table 2, provide a comprehensive
framework for evaluating existing research and
identifying gaps for future investigation.

Results and Discussion

The PRISMA-based systematic review highlights
the growing impact of Artificial Intelligence (Al) in
healthcare applications such as disease diagnosis,
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medical imaging, clinical decision support, and
drug discovery. Deep learning models including
CNNs and RNNs demonstrated strong performance
in radiology, oncology, and disease prediction
tasks, while machine learning methods such as
SVM and Random Forest showed reliable results
for structured clinical data analysis. The reviewed
studies indicate that AI improves diagnostic
accuracy, early disease detection, and personalized
healthcare management. Hybrid models combi-
ning structured and unstructured healthcare data
achieved better predictive performance compared
with traditional approaches. However, challenges
including limited annotated datasets, class
imbalance, privacy concerns, lack of interpre-
tability, and poor model generalization remain
significant barriers to real-world clinical
deployment.
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Discussion for Problems and
Challenges

The problems and challenges identified from the
study are summarized here. These issues highlight
key limitations and areas for improvement. They
provide insight into the gaps in current research
and potential directions for future work. A
comparative analysis of selected studies is presen-
ted in Table 2, summarizing the techniques used,
datasets, performance outcomes, strengths,
limitations, and research gaps (11). This analysis
provides a clearer understanding of the current
state of Al applications in healthcare and highlights
areas for improvement.
Recent studies on Al
organized into key thematic areas to provide a
clearer analytical perspective. Significant progress
has been observed in diagnostics and predictive
analytics, where machine learning and deep
learning models enhance disease detection and
clinical decision-making using complex datasets
(12). The integration of Al with blockchain has
been explored to improve data security, privacy,
and interoperability through decentralized data
management.  Additionally,  Al-driven  IoT
healthcare systems enable real-time patient
monitoring and support personalized care using

in healthcare can be

Table 2: Comparative Analysis of Reviewed Studies
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data from wearable devices and sensors. At the
same time, security and privacy remain critical
challenges, leading to the development of robust
frameworks for protecting sensitive healthcare
data (13, 14). The emergence of explainable Al
(XAI) addresses the need for transparency and
interpretability in clinical applications, improving
trust and adoption. Moreover, Al has demons-
trated strong potential in drug discovery,
accelerating the identification of therapeutic
candidates through large-scale data analysis.
Ontology-based standardization improves intero-
perability by converting heterogeneous Electronic
Health Record (EHR) data into a unified, structured
format (15). Clinical information, such as
symptoms and diagnoses, can be mapped to
standardized vocabularies like SNOMED CT and
Human Phenotype Ontology, ensuring semantic
consistency across systems. For example, terms
like “high blood sugar” can be standardized as
“hyperglycemia,” enabling uniform interpretation.
This mapping allows seamless data sharing across
healthcare platforms and supports efficient data
integration for Al applications. Consequently,
ontology integration enhances clinical decision-
making, reduces ambiguity, and enables scalable,
data-driven healthcare solutions (16).

Domain Techniques Dataset Accuracy Evaluatio Strengths Limitations Research Gaps Refs.
n Metrics
Disease ML, SVM Clinical High Precision, Early detection Limited Needs (17)
Prediction dataset Recall, F1- dataset scalability
score
Medical Imaging CNN, DL MRI/CT Very High Accuracy, High accuracy Requires Interpretability (18)
images ROC-AUC, large data issue
F1-score
IoT Healthcare Al + 10T Sensor High Accuracy, Real-time Security Data privacy (19)
data Recall monitoring issues concerns
Blockchain + Al ML + Distributed Moderate Accuracy Secure data High Scalability (20)
Blockchain data sharing complexity issues
XAI Systems Explainable Clinical/E Moderate Accuracy, Transparency Lower Trade-off (21)
ML HR data F1-score accuracy between
accuracy and
explainability
Remote Al + 10T Wearable High Accuracy, Continuous Data Need for data (22)
Monitoring sensor data Recall, F1- monitoring heterogeneity standardizatio
score n
Federated FL + Al Distributed Moderate Accuracy, Privacy Communicati Improve model (23,
Learning healthcare ROC-AUC preservation on overhead efficiency 24)
data
Healthcare NLP, Al Text/EHR Moderate Accuracy, Faster Lack of trust Improve (25,
Chatbots Chatbots data Precision response, reliability and 26)
accessibility user
acceptance
Security Al + Network Moderate Accuracy, Effective threat Complex Real-time (27,
Frameworks Cybersecuri data Recall detection implementati adaptability 28)
ty on needed
Drug Discovery DL, ML Biomedical High Accuracy, Faster drug Data Need for (29,
datasets ROC-AUC identification dependency clinical 30)
validation

772



Priyadarshini and Vijayan,

The diagnosis of diabetes is described as a very
complex issue, which poses significant challenges
in developing effective predictive models (31).
There is a pressing need for accurate and timely
illness forecasting in the healthcare sector,
indicating that existing models may not be
sufficiently responsive or precise (32). The
increased volume of raw clinical data can lead to
scalability issues, as the verification of new
transactions on the blockchain can be time-
consuming, particularly with certain consensus
algorithms like Proof of Work (PoW) (33). The
potential for malicious attacks to alter COVID-19
data collected from various sources raises
concerns about the validity of Al learning and the
overall integrity of the healthcare data (34). The
latency in transaction approval on the blockchain
can hinder the system's ability to handle large
transaction volumes efficiently. Solutions like
permissioned blockchains and sharding are
suggested to address these scalability issues (35).
The transition from traditional healthcare models
to a decentralized, patient-centric framework
requires overcoming resistance to change and
ensuring compatibility with existing healthcare
infrastructures (36). The simulations in the toy
model
parameters and instructions, Al systems can
produce unpredictable results when datasets are
altered or when certain groups are excluded. This
unpredictability poses a significant challenge in
ensuring reliable and equitable healthcare
outcomes (37). A significant portion of the
population lacks access to m-health systems due to
financial constraints, lack of knowledge, and skills
to use these technologies.

Developing resilient, precise, and secure methods
for analyzing large datasets, especially in medical
imaging and diagnostics, is crucial for future
advancements in m-health (38). There is aneed for
comprehensive reviews and validations of Al
models in conjunction with digital health tools to
ensure their clinical efficacy and reliability (39).
This paper discusses how artificial intelligence can
complement physicians by improving diagnostic
accuracy, treatment planning, and healthcare
efficiency. It emphasizes the collaboration between
human expertise and Al to achieve better patient
outcomes (40). Some energy-efficient approaches
for transmitting images over Wireless Sensor
Networks (WSNs) do not account for network

demonstrate that even with defined
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delay, which can be critical in healthcare scenarios
(41). Patients in remote areas often lack access to
timely medical care and monitoring, exacerbating
health risks (42, 43). This review explains the
applications of deep learning in healthcare,
particularly in medical imaging, diagnostics, and
clinical decision support systems. It also highlights
challenges related to data quality, interpretability,
and clinical implementation (44). Traditional
healthcare systems often suffer from delays in data
processing and response times, which can be
critical in emergencies (45). Managing distributed
data effectively across multiple edge nodes (46).
The COVID-19 pandemic highlighted the need for
efficient and secure healthcare systems to respond
to public health emergencies (47). Physicians may
spend a significant amount of time on routine
tasks, such as answering patient queries and
providing basic information, which can limit their
availability for complex cases (48). The lack of
interoperability between different healthcare
systems and databases hinders data sharing and
analysis (49, 50). Traditional healthcare systems
may lack transparency, making it difficult to track
the movement of medical supplies, medications,
and patient records (51). Remote and elderly
patients may have limited access to healthcare
facilities and healthcare professionals (52).
Healthcare systems are increasingly targeted by
cyberattacks, which can compromise patient data
and disrupt critical services (53, 54).

Addressing potential biases in Al algorithms,
ensuring responsible use of Al, and managing the
impact on healthcare professionals and patients
(55). Healthcare resources, including doctors,
nurses, and medical equipment, can be
underutilized or inefficiently allocated, leading to
suboptimal patient care (56, 57). Al can help
automate the process of mapping data from
different sources to a common standard (58).
Decision-makers need to be aware of the level of
uncertainty associated with AI/ML-generated
predictions and recommendations (59, 60). AAL
systems need to be designed with a focus on the
needs and preferences of older adults, requiring
real-life testing and user feedback (61). Traditional
methods like physical examinations can be
ineffective in early detection, as heart disease often
acts as a "silent killer" (62, 63). The article notes
that patients often have limited autonomy in
choosing or customizing Al-powered healthcare
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solutions. Empowering patients with more choices
and control over their Al-assisted care is essential.
The overall study defines the architectural process

Vol 7 | Issue 3

flow of Al with healthcare as mentioned in Figure
13.
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Future Enhancement: Artificial intelligence (Al is
expected to significantly enhance healthcare by
improving diagnostic accuracy, enabling structur-
ed data access, and strengthening predictive
capabilities for better patient outcomes (64).
However, achieving high accuracy remains
challenging due to the complexity of diseases such
as heart disease, diabetes, and cancer. The use of
diverse, high-quality datasets and the integration
of multi-modal data, including medical imaging,
electronic health records, and real-time sensor
data, can improve model generalizability and
prediction performance (65).

Efficient data management is another critical
factor in  Al-driven healthcare. Limited
interoperability across healthcare systems often
restricts effective data sharing. Ontology-based
approaches can address this issue by standardi-
zing clinical data and improving data integration
and accessibility. These frameworks also support
the transformation of unstructured data into
structured formats, enhancing the reliability of Al
applications.

Future advancements should focus on improving
predictive accuracy and real-time decision-
making. The integration of continuous data
streams from wearable devices and monitoring

774

systems can enable timely interventions and
personalized treatment strategies. Additionally,
explainable Al (XAI) techniques can improve
transparency and trust in Al systems, supporting
better clinical decision-making. = Advanced
techniques as deep learning
reinforcement learning can further enhance
prediction capabilities by identifying complex
patterns and adapting to patient data over time.
Overall, improvements in data quality, model
design, and interpretability are essential for
developing reliable and efficient Al-based
healthcare systems.

such and

Conclusion

In conclusion, this study highlights the significant
potential of Al to improve healthcare by enhancing
diagnostic accuracy, treatment planning, and
overall healthcare management. By reviewing
various studies using the PRISMA framework, we
identified important factors such as the areas
where Al is applied, the methods used, the datasets
involved, and how accurate Al models are. Al has
shown great promise in fields like medical imaging,
clinical decision-making, predictive analytics, and
drug development. However, there are still several
challenges that need to be addressed for Al to be
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more widely used in healthcare. One major issue is
the availability and quality of data; many Al models
require large, high-quality datasets, but these are
often lacking due to concerns about privacy, data
imbalance, and poor labelling. These problems can
affect the accuracy and generalizability of Al
models, making it hard for them to work effectively
in different clinical settings or with diverse patient
groups. Another challenge is the difficulty in
understanding how
decisions, especially deep learning algorithms,
which are often considered "black boxes." This lack
of transparency makes it harder for healthcare
professionals to trust Al tools and adopt them in
practice. Ethical such as bias in Al
algorithms and concerns about fairness, are also
important. If Al models are not carefully managed,
they could contribute to existing healthcare
inequalities. The study also points out several
areas where more research is needed, including the
development of clearer, more understandable Al
models, better datasets, and standardized methods
for integrating Al into healthcare systems. By
addressing these challenges, future research can
help create Al systems that are more reliable, fair,
and useful for healthcare professionals. In the end,
overcoming these barriers will lead to more
effective Al tools, improving patient care and
making healthcare delivery more efficient and
equitable.

some Al models make

issues,

Abbreviations

Al: Artificial Intelligence, ANN: Artificial Neural
Network, DD: Diseases Diagnosis, DN: Dynamic
Update, DSS: Decision Support System, EE:
Enhance Explainability, GNN: Graphical Neural
Networks, KP: Knowledge Representation, PTP:
Personalized Treatment Planning.

Acknowledgment
We would like to convey my sincere gratitude to the
Vellore Institute of Technology, Vellore

management authority, and the School of Advanced
Technology for providing us with all the assistance
and resources.

Author Contributions

Priyadharshini U: Writing - Original Draft Prepara-
tion, Conceptualization, Methodology, Data
Curation, Vijayan R: Writing - Reviewing and
Editing, Supervision, Validation, Investigation.

775

Vol 7 | Issue 3

Conflict of Interest
The authors declare that there is no conflict of
interest.

Data Availability
Not Applicable.

Declaration of Artificial Intelligence

(AI) Assistance

The authors acknowledge the use of generative Al
to assist in the paraphrasing of certain parts of the
manuscript. All content generated through Al was
critically reviewed, edited, and verified by the
authors to ensure accuracy, originality, and
compliance with academic standards. The authors
take full responsibility for the integrity and validity
of the final version of the manuscript.

Ethics Approval

This research did not involve experiments on live
vertebrates, higher invertebrates, or human
participants. Therefore, ethical approval
informed consent were not required. This
manuscript does not contain any reproduced or
adapted images. All figures and visual elements are
original and created by the authors.

and

Funding

None.

References

1. Sharma A, Prasad KDV, Chakrasali SV, et al. Computer
vision based healthcare system for identification of
diabetes & its types using Al. Measurement: Sensors.
2023 Jun 1;27:100751.

doi: 10.1016/j.measen.2023.100751

Jabarulla MY, Lee HN. A blockchain and artificial
intelligence-based,  patient-centric  healthcare
system for combating the COVID-19 pandemic:
Opportunities and applications. InHealthcare. 2021;
9(8):10109.

doi.org/10.3390/healthcare9081019

Parfett A, Townley S, Allerfeldt K. Al-based
healthcare: a new dawn or apartheid revisited?. Al &
society. 2021 Sep;36(3):983-99.
doi.org/10.1007/s00146-02001120-w

Khan ZF, Alotaibi SR. Applications of artificial
intelligence and big data analytics in m-health: A
healthcare system perspective. Journal of healthcare
engineering. 2020;2020(1):8894694.
doi.org/10.1155/2020/8894694

Zahid N, Sodhro AH, Kamboh UR, Alkhayyat A, Wang
L. Al-driven adaptive reliable and sustainable
approach for internet of things enabled healthcare
system. Math. Biosci. Eng. 2022 Feb 1;19(4):3953-
71.

doi.org/: 10.3934/mbe.2022182



Priyadarshini and Vijayan,

10.

11.

12.

13.

14.

15.

16.

17.

Davahli MR, Karwowski W, Fiok K, Wan T, Parsaei HR.
Controlling safety of artificial intelligence-based
systems in healthcare. Symmetry. 2021 Jan
8;13(1):102.

doi.org/10.3390/sym13010102

Ashfaq Z, Mumtaz R, Rafay A, Zaidi SM, Saleem H,
Mumtaz S, Shahid A, Poorter ED, Moerman I
Embedded Al-based digi-healthcare. Applied
Sciences. 2022 Jan 5;12(1):519.
doi.org/10.3390/app12010519

Esmaeilzadeh P. Use of Al-based tools for healthcare
purposes: a survey study from consumers’
perspectives. BMC medical informatics and decision
making. 2020 Jul 22;20(1):170.
doi.org/10.1186/s12911-020-01191-1

Lee D, Yoon SN. Application of artificial intelligence-
based technologies in the healthcare industry:
Opportunities and challenges. International journal
of environmental research and public health. 2021
Jan;18(1):271.

doi.org/10.3390/ijerph18010271

Rahman A, Hossain MS, Muhammad G, Kundu D,
Debnath T, Rahman M, Khan MS, Tiwari P, Band SS.
Federated learning-based Al approaches in smart
healthcare: concepts, taxonomies, challenges and
open issues. Cluster computing. 2023 Aug;26(4):
2271-2311.

doi.org/10.1007/s10586-022-03658-4

Greco L, Percannella G, Ritrovato P, Tortorella F, Vento
M. Trends in IoT based solutions for health care:
Moving Al to the edge. Pattern recognition letters.
2020 Jul 1;135:346-53.
doi.org/10.1016/j.patrec.2020.05.016

Alabdulatif A, Khalil I, Saidur Rahman M. Security of
blockchain and Al-empowered smart healthcare:
application-based analysis. Applied Sciences. 2022
Oct 31;12(21):11039.
doi.org/10.3390/app122111039

Lyon JY, Bogodistov Y, Moormann J]. Al-driven
optimization in healthcare: the diagnostic process.
European Journal of Management Issues. 2021 Dec
13;29(4):218-31.

doi.org/10.15421/192121

Alshehri F, Muhammad G. A comprehensive survey of
the Internet of Things (IoT) and Al-based smart
healthcare. IEEE access. 2020 Dec 30;9:3660-78.
doi.org/10.1109/ACCESS.2020.3047960

Mansour RF, El Amraoui A, Nouaouri I, Diaz VG, Gupta
D, Kumar S. Artificial intelligence and internet of
things enabled disease diagnosis model for smart
healthcare systems. IEEE Access. 2021 Mar 17;9:
45137-46.

doi.org/10.1109/ACCESS.2021.3066365

Nasseef OA, Baabdullah AM, Alalwan AA, Lal B,
Dwivedi YK. Artificial intelligence-based public
healthcare systems: G2G knowledge-based exchange
to enhance the decision-making process.
Government Information Quarterly. 2022 Oct 1;39
(4):101618.

doi.org/10.1016/j.giq.2021.101618

Zhang Z, Genc Y, Wang D, Ahsen ME, Fan X. Effect of
Al explanations on human perceptions of patient-
facing Al-powered healthcare systems. Journal of
Medical Systems. 2021 Jun;45(6):64.
doi.org/10.1007/s10916-021-01743-6

776

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

20.

Vol 7 | Issue 3

Reddy JE, Bhuwaneshwar CN, Palakurthi S, Chavan A.
Al-IoT based healthcare prognosis interactive
system. In2020 IEEE International Conference for
Innovation in Technology (INOCON) 2020 Nov 6 (pp.
1-5). IEEE.
https://doi.org/10.1109/INOCON50539.2020.9298
232

Kishor A, Chakraborty C. Artificial intelligence and
internet of things based healthcare 4.0 monitoring
system. Wireless personal communications. 2022
Nov;127(2):1615-31.
doi.org/10.1007/s11277-021-08708-5
Chakraborty C, Nagarajan SM, Devarajan GG, Ramana
TV, Mohanty R. Intelligent Al-based healthcare cyber
security system using multi-source transfer learning
method. ACM Transactions on Sensor Networks.
2023 May 15.

doi.org/10.1145/3597210

Vadndnen A, Haataja K, Vehvildinen-Julkunen K,
Toivanen P. Al in healthcare: A narrative review.
F1000Research. 2021 Oct 8;10:6.
doi.org/10.12688/f1000research.26997.2

Deepa N, Prabadevi B, Maddikunta PK, Gadekallu TR,
Baker T, Khan MA, Tariq U. An Al-based intelligent
system for healthcare analysis using Ridge-Adaline
Stochastic Gradient Descent Classifier. The Journal of
Supercomputing. 2021 Feb;77(2):1998-2017.
doi.org/10.1007/s11227-020-03347-2

Reddy S, Rogers W, Makinen VP, Coiera E, Brown P,
Wenzel M, Weicken E, Ansari S, Mathur P, Casey A,
Kelly B. Evaluation framework to guide
implementation of Al systems into healthcare
settings. BM] health & care informatics. 2021 Oct 12;
28(1):e100444.
doi.org/10.1136/bmjhci-2021-100444

Tariq A, Gill AY, Hussain HK. Evaluating the potential
of artificial intelligence in orthopedic surgery for
value-based healthcare. International Journal of
Multidisciplinary Sciences and Arts. 2023 Jun 9;2(2):
27-35.

doi.org/10.47709/ijmdsa.v2i1.2394

Vermeire T, Stevenson H, Pieters MN, Rennen M, Slob
W, Hakkert BC. Assessment factors for human health
risk assessment: a discussion paper. Crit Rev Toxicol.
1999;29(5):439-490.
doi:10.1080/10408449991349249

Kamruzzaman MM. Architecture of smart health care
system using artificial intelligence. In2020 IEEE
international conference on multimedia & expo
workshops (ICMEW) 2020 Jul 1 (pp. 1-6). IEEE
Computer Society.
doi.org/10.1109/ICMEW46912.2020.9106026
Alshamrani M. IoT and artificial intelligence
implementations for remote healthcare monitoring
systems: A survey. Journal of King Saud University-
Computer and Information Sciences. 2022 Sep 1;34
(8):4687-701.
doi.org/10.1016/j.jksuci.2021.06.005

Subhan F, Mirza A, Su’'ud MB, Alam MM, Nisar S,
Habib U, Igbal MZ. Al-enabled wearable medical
internet of things in healthcare system: A survey.
Applied Sciences. 2023 Jan 20;13(3):1394.
doi.org/10.3390/app13031394

Hossain MS, Muhammad G, Guizani N. Explainable Al
and mass surveillance system-based healthcare



Priyadarshini and Vijayan,

30.

31

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

framework to combat COVID-I9 like pandemics. IEEE
network. 2020 Jul 8;34(4):126-32.
doi.org/10.1109/MNET.011.2000458

Agarwal Y, Jain M, Sinha S, Dhir S. Delivering high-
tech, Al-based health care at Apollo Hospitals. Global
Business and Organizational Excellence. 2020 Jan;39
(2):20-30.

doi.org/10.1002/joe.21981

Lichtenstein SV, Ashe KA, El Dalati H, Cusimano R],
Panos A, Slutsky AS. Warm heart surgery. The Journal
of thoracic and cardiovascular surgery. 1991 Feb 1;
101(2):269-74.
doi.org/10.1016/S0022-5223(19)36762-5

Kiseleva A, Kotzinos D, De Hert P. Transparency of Al
in healthcare as a multilayered system of
accountabilities: between legal requirements and
technical limitations. Frontiers in artificial
intelligence. 2022 May 30;5:879603.
doi.org/10.3389/frai.2022.879603

Ilan Y. Improving global healthcare and reducing
costs using second-generation artificial intelligence-
based digital pills: a market disruptor. International
Journal of Environmental Research and Public
Health. 2021 Jan;18(2):811.
doi.org/10.3390/ijerph18020811

AlGhamdi R, Alassafi MO, Alshdadi AA, Dessouky
MM, Ramdan RA, Aboshosha BW. Developing trusted
[oT healthcare information-based Al and blockchain.
Processes. 2022 Dec 23;11(1):34.
doi.org/10.3390/pr11010034

Ciecierski-Holmes T, Singh R, Axt M, Brenner S,
Barteit S. Artificial intelligence for strengthening
healthcare systems in low-and middle-income
countries: a systematic scoping review. NP] digital
medicine. 2022 Oct 28;5(1):162.
doi.org/10.1038/s41746-022-00700-y

Cohn LH. Fifty years of open-heart surgery.
Circulation. 2003 May 6;107(17):2168-70.
doi.org/10.1161/01.CIR.0000071746.50876.E2
Manickam P, Mariappan SA, Murugesan SM, Hansda
S, Kaushik A, Shinde R, Thipperudraswamy SP.
Artificial intelligence (Al) and internet of medical
things (IoMT) assisted biomedical systems for
intelligent healthcare. Biosensors. 2022 Jul 25;12(8):
562.

doi.org/10.3390/bios12080562

Van der Schaar M, Alaa AM, Floto A, Gimson A,
Scholtes S, Wood A, McKinney E, Jarrett D, Lio P,
Ercole A. How artificial intelligence and machine
learning can help healthcare systems respond to
COVID-19. Machine Learning. 2021 Jan;110(1):1-4.
doi.org/10.1177/0141076818815510

Lokesh S, Chakraborty S, Pulugu R, Mittal S, Pulugu
D, Muruganantham R. Al-based big data analytics
model for medical applications. Measurement:
Sensors. 2022 Dec 1;24:100534.
doi.org/10.1016/j.measen.2022.100534

Topol EJ. High-performance medicine: the
convergence of human and artificial intelligence.
Nature medicine. 2019 Jan;25(1):44-56.
Doi.org/10.1038/s41591-018-0300-7

He S, Cistulli PA, de Chazal P. Comparison of oxygen
desaturation area-based methods in predicting
cardiovascular disease-related mortality outcomes.
Frontiers in Network Physiology. 2026 Apr 20;6:
1805587.

777

42.

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

Vol 7 | Issue 3

doi:10.1183/09031936.00111208

Park CW, Seo SW, Kang N, Ko B, Choi BW, Park CM,
Chang DK, Kim H, Kim H, Lee H, Jang ]. Artificial
intelligence in health care: current applications and
issues. Journal of Korean medical science. 2020 Nov
2;35(42).

doi.org/10.3346/jkms.2020.35.e379

Mittermaier M, Raza MM, Kvedar JC. Bias in Al-based
models for medical applications: challenges and
mitigation strategies. NP] Digital Medicine. 2023 Jun
14;6(1):113.
doi.org/10.1038/s41746-023-00858-z

Esteva A, Robicquet A, Ramsundar B, Kuleshov V,
DePristo M, Chou K, Cui C, Corrado G, Thrun S, Dean
]J. A guide to deep learning in healthcare. Nature
medicine. 2019 Jan;25(1):24-9.

doi.org/ 10.1038/s41591-018-0316-z

Yang Y, Siau K, Xie W, Sun Y. Smart health: Intelligent
healthcare systems in the metaverse, artificial
intelligence, and data science era. Journal of
Organizational and End User Computing (JOEUC).
2022 Jan 1;34(1):1-4.
doi.org/10.4018/JOEUC.308814

Gopalan SS, Raza A, Almobaideen W. 10T security in
healthcare using Al: A survey. In2020 International
Conference on Communications, Signal Processing,
and their Applications (ICCSPA) 2021 Mar 16 (pp. 1-
6). IEEE.
doi.org/10.1109/1CCSPA49915.2021.9385711
Bajwa ], Munir U, Nori A, Williams B. Artificial
intelligence in healthcare: transforming the practice
of medicine. Future healthcare journal. 2021 Jul 1;8
(2):e188-94.

doi.org/10.7861/fhj.2021-0095

Khan B, Fatima H, Qureshi A, Kumar S, Hanan A,
Hussain |, Abdullah S. Drawbacks of artificial
intelligence and their potential solutions in the
healthcare sector. Biomedical Materials & Devices.
2023 Sep;1(2):731-8.

doi.org/10.1007 /s44174023-00063-2

Antes AL, Burrous S, Sisk BA, Schuelke M], Keune ]D,
DuBois JM. Exploring perceptions of healthcare
technologies enabled by artificial intelligence: an
online, scenario-based survey. BMC medical
informatics and decision making. 2021 Jul 20;21(1):
221.

doi.org/10.1186/s12911-021-01586-8

Mohanta B, Das P, Patnaik S. Healthcare 5.0: A
paradigm shift in digital healthcare system using
artificial intelligence, IOT and 5G communication.
In2019 International conference on applied machine
learning (ICAML) 2019 May 25 (pp. 191-196). IEEE.
doi.org/10.1109/ICAML48257.2019.00044

Kshetri N, Hutson ], Revathy G. healthAlIChain:
Improving security and safety using Blockchain
Technology applications in Al-based healthcare
systems. In2023 3rd International Conference on
Innovative Mechanisms for Industry Applications
(ICIMIA) 2023 Dec 21 (pp. 159-164). IEEE.
doi.org/10.1109/1CIMIA60377.2023.10426362
Taimoor N, Rehman S. Reliable and resilient Al and
IoT-based personalised healthcare services: A
survey. IEEE Access. 2021 Dec 22;10:535-63.
doi.org/10.1109/ACCESS.2021.3137364

Nasr M, Islam MM, Shehata S, Karray F, Quintana Y.
Smart healthcare in the age of Al: recent advances,



Priyadarshini and Vijayan,

54.

55.

56.

57.

58.

59.

challenges, and future prospects. IEEE access. 2021
Oct 8;9:145248-70.
doi.org/10.1109/ACCESS.2021.3118960

Haddad A, Habaebi MH, Islam MR, Hasbullah NE
Zabidi SA. Systematic review on ai-blockchain based
e-healthcare records management systems. IEEE
access. 2022 Aug 26;10:94583-615.
doi.org/10.1109/ACCESS.2022.3201878

Golec M, Gill SS, Parlikad AK, Uhlig S. HealthFaaS: Al-
based smart healthcare system for heart patients
using serverless computing. IEEE Internet of Things
Journal. 2023 May 18;10(21):18469-76.
doi.org/10.1109/J10T.2023.3277500

Saraswat D, Bhattacharya P, Verma A, Prasad VK,
Tanwar S, Sharma G, Bokoro PN, Sharma R.
Explainable Al for healthcare 5.0: opportunities and
challenges. IEEe Access. 2022 Aug 8;10:84486-517.
doi.org/10.1109/ACCESS.2022.3197671

Pradhan B, Das S, Roy DS, Routray S, Benedetto F,
Jhaveri RH. An Al-assisted smart healthcare system
using 5G communication. IEEE Access. 2023 Sep
19;11:108339-55.
doi.org/10.1109/ACCESS.2023.3317174

Sankaran KS, Kim TH, Renjith PN. An improved ai-
based secure m-trust privacy protocol for medical
internet of things in smart healthcare system. IEEE
Internet of Things Journal. 2023 May 29;10(21):
18477-85.

doi.org/10.1109/J10T.2023.3280592

Burri SR, Kumar A, Baliyan A, Kumar TA. Predictive
intelligence for healthcare outcomes: An ai
architecture overview. In2023 2nd International
Conference on Smart Technologies and Systems for
Next Generation Computing (ICSTSN) 2023 Apr 21
(pp- 1-6). IEEE.

60.

61.

62.

63.

64.

65.

Vol 7 | Issue 3

doi.org/10.1109/ICSTSN57873.2023.10151477
Agarwal R. Predictive analysis in health care system
using Al InArtificial Intelligence in Healthcare 2021
Oct 30 (pp- 117-131). Singapore: Springer Singapore.
doi.org/10.1007/978-981-16-6265-2_8

Wazid M, Das AK, Shetty S, Rodrigues J], Guizani M.
AISCM-FH: Al-enabled secure communication
mechanism in fog computing-based healthcare. IEEE
Transactions on Information Forensics and Security.
2022 Nov 9;18:319-34.
doi.org/10.1109/TIFS.2022.3220959

Wang B, Asan O, Mansouri M. Patients’ perceptions of
integrating ai into healthcare: Systems thinking
approach. In2022 IEEE International Symposium on
Systems Engineering (ISSE) 2022 Oct 24 (pp. 1-6).
IEEE.

doi.org/10.1109/ISSE54508.2022.10005383
Pokharel B, Ganesh K, Timilsina B, Pokharel Y,
Makam M, Kaur V. An Interactive Al-Powered Web
Healthcare System. In2022 Second International
Conference on Computer Science, Engineering and
Applications (ICCSEA) 2022 Sep 8 (pp. 1-5). IEEE.
doi.org/10.1109/ICCSEA54677.2022.9936169
Kamruzzaman MM. New opportunities, challenges,
and applications of edge-Al for connected healthcare
in smart cities. In2021 IEEE Globecom Workshops
(GC Wkshps) 2021 Dec 7 (pp. 1-6). IEEE.
doi.org/10.1109/GCWkshps52748.2021.9682055
Kaur A, Garg R, Gupta P. Challenges facing Al and Big
data for Resource-poor Healthcare System. [n2021
Second International Conference on Electronics and
Sustainable Communication Systems (ICESC) 2021
Aug 4 (pp. 1426-1433). IEEE.
doi.org/10.1109/ICESC51422.2021.9532955

How to Cite: Priyadharshini U, Vijayan R. Exploring Artificial Intelligence in Healthcare: A Review. Int Res ]
Multidiscip Scope. 2026;7(3):765-778. DOI: 10.47857 /irjms.2026.v07103.09522

778



