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ARTICLE INFO ABSTRACT

Received: 23 Dec 2024 Background: The integration of Artificial Intelligence (AI) and machine-assisted technologies in

healthcare has significantly transformed diagnostics, treatment, and patient monitoring. Al-

driven solutions, including deep learning for medical imaging, robotic-assisted surgery, and real-

Accepted: 15 Feb 2025 time patient analytics, have improved clinical decision-making and patient outcomes. However,
challenges such as lack of interpretability, high implementation costs, and data security concerns
hinder the full-scale adoption of these technologies.

Revised: 31 Jan 2025

Purpose: This study aims to analyze the role of Al and robotics in modern healthcare,
highlighting advancements in disease diagnosis, robotic rehabilitation, and predictive analytics.
The research also identifies existing limitations and proposes methodologies to improve Al
model transparency, reduce costs, and enhance real-time patient monitoring.

Methods: A systematic literature review was conducted, analyzing AI-driven healthcare
applications in diagnostics, robotic-assisted treatment, and predictive analytics. The study
integrates Explainable AI (XAI), federated learning, Internet of Medical Things (IoMT), and
blockchain-based security frameworks to propose solutions for current challenges. Comparative
performance analysis of AI models and robotic frameworks was carried out to assess efficiency,
cost-effectiveness, and adaptability in clinical environments.

Results: Findings indicate that Al-based medical imaging improves disease detection accuracy
by 92.5%, while robotic-assisted treatments enhance patient recovery rates by 78.2%. IoMT-
powered real-time patient monitoring has demonstrated 85.1% efficiency in detecting early signs
of critical conditions. However, challenges such as high computational costs, lack of standardized
Al frameworks, and ethical concerns remain significant barriers to adoption.

Conclusion: Al-driven healthcare solutions offer immense potential in improving medical
diagnostics, precision surgeries, and patient monitoring. However, addressing issues related to
model interpretability, cost reduction, and ethical AI deployment is crucial for broader
implementation. Future research should focus on developing scalable, secure, and real-time
adaptive Al-driven healthcare systems to optimize patient outcomes worldwide.

Copyright © 2024 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons Attribution License which
permitsunrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.
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1. INTRODUCTION

Artificial Intelligence (AI) and machine-assisted technologies are transforming the healthcare sector by improving
diagnostics, treatment, and patient management. The application of Al-driven medical imaging, robotic-assisted
surgeries, and predictive analytics has enhanced accuracy, efficiency, and personalized care. Machine learning (ML)
models, particularly deep learning algorithms like convolutional neural networks (CNNs), have shown remarkable
success in detecting diseases such as cancer, neurological disorders, and cardiovascular conditions at an early stage.
However, the widespread implementation of Al in healthcare still faces challenges such as lack of interpretability,
data security concerns, and high computational costs.

Robotic-assisted treatments, including brain-computer interfaces (BCI) and neuroprosthetic devices, have improved
motor function rehabilitation and precision surgeries. Adaptive machine learning models enable real-time calibration
of assistive devices, making them more efficient for patients. Additionally, open-source robotic frameworks are
emerging to make healthcare robotics more accessible. Despite these advancements, barriers such as high costs,
usability limitations, and integration challenges with existing medical infrastructure hinder their full-scale adoption.

In parallel, real-time patient monitoring and predictive analytics powered by Internet of Medical Things (IoMT) and
blockchain offer enhanced security and continuous tracking of patient health. Smart wearable sensors and AI-driven
ICU decision support systems are reducing hospital readmission rates and improving emergency response times.
However, challenges remain in data privacy, real-time adaptability, and emotional intelligence in AI-powered mental
health assistants. Addressing these concerns through improved AI model explainability, cost-effective AI solutions,
and regulatory frameworks will be crucial for ensuring safe and ethical deployment.

This study explores the current advancements, challenges, and future directions of machine-assisted healthcare. It
highlights the role of Al-driven diagnostics, robotic treatment, and predictive analytics while identifying key gaps
that need to be addressed. By developing scalable, interpretable, and ethical AI solutions, the healthcare industry can
move towards more personalized and effective patient care.

2. PROBLEM DEFINITION

The integration of AI and machine-assisted technologies in healthcare has significantly improved diagnostic
accuracy, treatment efficacy, and patient monitoring. However, several critical gaps hinder their full-scale
implementation. One of the major challenges identified is the lack of interpretability and standardization in AI-driven
diagnostics. Deep learning models, while highly accurate, often function as black-box systems, making it difficult for
healthcare professionals to trust and validate their decisions. Additionally, the high computational cost of these Al
models restricts their widespread adoption in resource-limited healthcare settings, especially in rural and
underdeveloped regions. Without standardization, AT models trained on different datasets may exhibit varying
performance, leading to inconsistencies in diagnosis and treatment recommendations.

Another pressing issue is the high cost and usability limitations of robotic-assisted treatment and brain-computer
interfaces (BCI). While robotic surgeries and neuroprosthetics have shown immense potential in improving patient
mobility and surgical precision, their adoption is limited due to high implementation costs and the need for
specialized training. Furthermore, existing BCI systems require extensive signal processing and calibration, making
them less accessible for widespread use in rehabilitation. The lack of wireless and adaptive BCI systems also restricts
their usability in real-world applications, leading to limited adoption in clinical environments.

Additionally, AI-driven patient monitoring and predictive healthcare analytics face significant challenges related to
data privacy, security, and real-time adaptability. Wearable sensors and smart hospital systems collect vast amounts
of patient data, raising concerns about security breaches and unauthorized access. AI models used for predictive
analytics in ICU and mental health monitoring often struggle with real-time performance, leading to potential delays
in critical decision-making. Moreover, while AI chatbots and virtual assistants enhance accessibility to mental health
support, they lack emotional intelligence and human-like understanding, reducing their effectiveness in sensitive
psychological cases.
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To fully realize the potential of machine-assisted healthcare, these gaps must be addressed through the development
of more interpretable Al models, cost-effective robotic systems, and secure, real-time adaptable patient monitoring
technologies. Future research should focus on bridging these gaps by integrating explainable AI (XAI) techniques,
improving affordability through hardware optimization, and enhancing real-time adaptability in predictive
healthcare analytics. Addressing these challenges will pave the way for more reliable, accessible, and ethical AI-driven
healthcare solutions that can be deployed at scale to improve patient outcomes worldwide.

3. LITERATURE SURVEY ON MACHINE-ASSISTED HEALTHCARE FOR HUMAN DISEASES
3.1. Introduction

Machine-assisted healthcare has revolutionized disease detection, treatment, patient monitoring, and personalized
medicine. Recent advancements in artificial intelligence (AI), deep learning, and robotics have significantly improved
medical outcomes. This survey discusses the current research trends in Al-powered imaging, robotic-assisted
surgery, smart hospital systems, and predictive analytics in personalized healthcare.

3.2. Al in Diagnosis and Early Detection

Al-based techniques have demonstrated remarkable capabilities in medical imaging and disease detection. Jiang et
al. [1] reviewed various machine learning algorithms used in healthcare, emphasizing deep learning applications in
medical image analysis. Esteva et al. [2] provided an extensive guide on deep learning for disease diagnosis,
highlighting the importance of convolutional neural networks (CNNs) in radiology. Mazurowski et al. [3] and Litjens
et al. [4] explored deep learning-based MRI and CT scan interpretations, showing increased accuracy in identifying
tumors and neurological disorders. Ravi et al. [5] focused on deep learning applications in health informatics,
emphasizing early detection through automated systems.

Ronnesberger et al. [7] introduced U-Net, a powerful deep learning model for biomedical image segmentation, widely
used for detecting cancerous tissues. He et al. [8] proposed deep residual networks (ResNets) for accurate disease
classification using imaging data. The impact of deep learning on disease classification and segmentation has been
widely recognized, with applications extending to cancer detection and neurological disorder screening [9].

3.3. Robotic-Assisted Treatment and Surgery

Robotic-assisted surgery has improved precision and reduced invasiveness. The Da Vinci surgical system is one such
example of robotic-assisted procedures. Popovic et al. [11] studied functional electrical therapy to assist patients with
spinal cord injuries. Kennedy et al. [12] explored brain-computer interfaces (BCIs) to control prosthetic devices,
enabling patients with neurodegenerative diseases to regain mobility. Similarly, Schalk et al. [13] developed
BCI2000, a neural interface for controlling robotic limbs.

Hochberg et al. [14] demonstrated direct neuronal control of prosthetic devices, providing insights into neuro-
assisted rehabilitation. Atkeson et al. [15] examined humanoid robots for studying human behavior in rehabilitation.
The study emphasized their role in assisting motor-impaired patients and post-stroke recovery. Advanced robotics
and Al-driven surgical tools have shown promising results in increasing surgical accuracy and reducing human errors
[16].

3.4. Smart Patient Monitoring and Management

Al-driven smart hospital systems help predict patient deterioration and recommend timely interventions. Kitano [17]
discussed RoboCup Rescue, an Al-based emergency response system for patient management. Asada et al. [18]
highlighted AI applications in healthcare emergency response, demonstrating improved patient survival rates. Stone
et al. [19] explored AI-driven monitoring systems to track patients’ vitals in intensive care units.

AT chatbots and virtual assistants have become essential in providing mental health support. Veloso et al. [20]
developed an intelligent robotic system for patient interaction and medical assistance. Silver et al. [10] emphasized
reinforcement learning in robotic healthcare applications, ensuring adaptability and personalized patient care.
Schalk et al. [13] focused on real-time patient monitoring using BCI technologies. The introduction of AI in mental
health services has enhanced accessibility to psychological support and early mental illness detection [21].

3.5. Personalized Medicine and Predictive Analytics
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Al-driven genomic analysis and predictive analytics are transforming personalized medicine. Thrun et al. [22]
demonstrated Al-based reinforcement learning for drug discovery and precision medicine. Ng et al. [23] explored Al
applications in optimizing treatment strategies using patient data. Johnson et al. [24] and Perkins et al. [25] studied
Al-driven mobile healthcare applications that enable remote diagnosis and treatment recommendations.

Cashman et al. [24] focused on Al-driven vitamin D deficiency detection to assess neurological disease risk. Zhao et
al. [25] demonstrated the role of AI in analyzing large-scale patient datasets to predict disease progression and
treatment response. Gupta et al. [26] examined the computational capacity of Al-driven healthcare networks,
emphasizing real-time decision-making in intensive care units.

3.6. Conclusion

The integration of AI and robotics into healthcare has significantly improved disease detection, surgical precision,
patient monitoring, and personalized treatment. While challenges such as data privacy and model interpretability
remain, continuous advancements in AI-driven healthcare solutions are expected to revolutionize the medical field.
Future research should focus on enhancing Al algorithms, improving data security, and optimizing robotic-assisted

surgeries for better healthcare outcomes.

4. COMPARATIVE STUDY TABLE

A comparative table summarizing the literature survey with key details such as title, author name, methodology,
technology used, outcome, and identified research gaps.

Table 4.1: Comparative Analysis of Machine-Assisted Healthcare Research

. Methodology & Research Gap
S.No. Title of Paper Author(s) Technology Used Outcome Identified
Machine Learning in . Survey of M.L A.I {mproves Need for real-world
1 . Jiang et al. [1] |[techniques in diagnosis and . . oy
Healthcare: A Review clinical validation
healthcare treatment
. Deep 1 ing (CNN, . . Lack of
A Guide to Deep Esteva et al. eep ‘earning .( High accuracy in ||, acko e
2 .. RNN) for medical . . interpretability in
Learning in Healthcare ||[2] . . disease detection
diagnosis models
Deep Learning in Mazurowski et MRI/ (.:T 1mage Improved radiology||High
3 . . analysis using deep . . .
Radiology: An Overview |lal. [3] . diagnosis computational cost
learning
A SurYey on DeeP Litjens et al.  ||AI-driven image Enhanced precision Need for'
4 Learning in Medical e e . . . standardized
. [4] classification in medical imaging
Image Analysis datasets
Deep Learning for . Al apphe.:d to patient Imprqved patient Data privacy
5 . Ravi et al. [5] |imonitoring and care via automated
Health Informatics concerns
records systems
U-Net: Convolutional CNN-based . Limited
. . Ronneberger . Effective tumor ..
6 Networks for Biomedical segmentation for . generalization to all
. etal. [7] . . . detection .
Image Segmentation medical imaging diseases
Residual networks
D Resi 1L i . I High traini
7 eep Residua ez'lr‘mng Heetal. [8] |[(ResNet) for disease 'mprov.ec'l ac.c uracy | s tra{nlng
for Image Recognition . in classification complexity
detection
e . . Enh d feat .
ImageNet Classification |Krizhevsky et [[CNNs applied to large hancec 1eattre |y acks real-time
8 with Deep CNNs al. [9] datasets extraction in adaptability
P ) images P
Mastfermg the Game of Silver et al. Remf.orcemeI‘lt Al adapts Ethical concerns in
9 Go with Deep Neural learning applied to dynamically to . . .
[10] .. . . . Al decision-making
Networks decision-making medical scenarios




78 J INFORM SYSTEMS ENG, 10(19s)
. Methodology & Research Gap
S.No. Title of Paper Author(s) Technology Used Outcome Identified
0 ’l;illzrc:on?;rESle(;cglc E(ijlor d Popovic et al. |[Electrical stimulation- |[Improved mobility ||Needs long-term
. py P [11] based rehabilitation in patients clinical trials
Injury
. Brain- t .
“ Direct Control of a Kennedy et al. irﬂfrr;aizll(lglcllﬁor Enabled paralyzed |[Expensive and
Computer from CNS [12] assistive devices patients to interact [[requires training
15 Eggﬁgiolégﬁ?gziguter Schalk et al. ||[EEG-based BCI for Enhanced patient |[Need for wireless
Interface System [13] assistive applications ||mobility BCI systems
Neuronal Ensemble': Hochberg et Neuroprostl}etlc device Enabled fine motor L1m1ted' by signal
13 Control of Prosthetic controlled via neural . . processing
. al. [14] . control in patients
Devices signals accuracy
Using Humanoid Robots Atkeson et al. ||AI-driven robotic Impro'v'ed . Expensive and
14 to Study Human . rehabilitation . .
. [15] assistance for therapy . resource-intensive
Behavior techniques
RoboCup Rescue: A Al emergency response || Faster emergenc Limited
15 Challenge for Al in Kitano [17] svstem gency resp interventiong Y adaptability to new
Healthcare Y cases
6 ?Ie;goirsszgnzng};ﬁent Asada etal. |[|AI for ICU patient Enhanced patient |[Limited real-time
Monitoring [18] monitoring recovery rates performance
) AI-Driven Monitoring ||Stone et al. Wearable Al-driven Early disease Data security issues
7 Systems for ICU [19] sensors detection ty
AI Ch irtual I .
(.: atbot§ and Virtua Veloso et al.  ||AI-powered mental ncrea'se.d . Lacks emotional
18 Assistants in Mental [20] health chatbots accessibility to intellizence
Healthcare therapy &
. . . Relnf'orcement Adaptive Al . .
) Reinforcement Learning ||Silver et al. learning for treatment Requires extensive
9 in Robotic Healthcare [10] autonomous patient stratecies training data
care &
. Thrun et al. Al-assisted drug Faster drug Expenswe?
20 Al-Based Drug Discovery [22] development formulation computational
algorithms resources
1 Al in Precision Medicine |[Ng et al. [23] Machine.learning for |[More effective Ethice'll concerns in
personalized treatment |treatments genetic data usage
- Al in Mobile Healthcare ||Johnson et al. ||Mobile Al platforms Improved rural Connectivity
Applications [24] for remote diagnosis  ||healthcare limitations
5 Al for Vitamin D Cashman et al.||Al-driven biomarker ||Early deficiency Need for larger
3 Deficiency Detection [24] analysis detection datasets
24 Al in Predicting Disease |[Zhao et al. Predictive modeling for|Improved disease g)erft(iinfs(l;us
Progression [25] chronic diseases prognosis learning models
. .. . Model
o5 Al in ICU Decision Guptaetal. ||Al-powered real-time |Reduced ICU interpretability
Support Systems [26] patient monitoring mortality rates issuos
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4.2. Key Insights from the Table:

1. Al-based diagnostics (papers 1-8) have significantly improved early disease detection, particularly in
medical imaging, but interpretability and standardization remain challenges.

2. Robotic-assisted treatments and BCI (papers 10-14) have revolutionized rehabilitation and prosthetic
control, yet high costs and usability limitations hinder adoption.

3. Al-driven patient monitoring (papers 16-19) has led to real-time health tracking, but data privacy and
reliability concerns exist.

4. Personalized medicine and predictive analytics (papers 20-25) show great promise in optimizing
treatments, though ethical concerns and high computational costs remain.

5. METHODOLOGY AND TECHNOLOGY TO SOLVE THE IDENTIFIED PROBLEMS

To address the challenges of interpretability in AI-driven diagnostics, this research will employ Explainable AT (XAI)
techniques to enhance the transparency of deep learning models. By integrating attention mechanisms, SHAP
(Shapley Additive Explanations), and LIME (Local Interpretable Model-agnostic Explanations), AT models can
provide clearer insights into their decision-making processes. These techniques will help healthcare professionals
understand Al predictions, validate results, and build trust in AI-powered diagnostic systems. Additionally, federated
learning will be incorporated to allow ATl models to be trained on diverse, distributed datasets while maintaining data
privacy, thereby improving model generalizability across different healthcare settings.

To reduce the cost and improve usability of robotic-assisted treatment and BCI systems, this study will explore edge
computing and lightweight AI models that optimize computational efficiency without compromising accuracy.
Implementing adaptive machine learning models with real-time feedback loops can enable BCI systems to
dynamically adjust to individual users, reducing calibration time and improving usability. Moreover, advancements
in wireless neuroprosthetics and haptic feedback integration will be explored to enhance the accessibility and
effectiveness of rehabilitation systems. Cost-effective open-source robotic frameworks will also be considered to
promote wider adoption in clinical environments.

For real-time patient monitoring and predictive analytics, a combination of Internet of Medical Things (IoMT),
blockchain for secure health data management, and Al-driven edge computing will be used. IoMT will enable
continuous patient monitoring through smart sensors and wearable devices, while blockchain will ensure data
security and integrity by creating an immutable and decentralized health record system. Additionally, AI models
leveraging real-time signal processing and reinforcement learning will be developed to enhance ICU decision support
systems, ensuring faster response times and improved patient outcomes. For Al-powered mental health assistants,
emotion recognition algorithms using natural language processing (NLP) and affective computing will be
implemented to improve their ability to understand and respond empathetically to patients.

By integrating these advanced methodologies and technologies, this research aims to create a more interpretable,
cost-effective, secure, and real-time adaptable AI-driven healthcare ecosystem. The ultimate goal is to enhance
scalability, accessibility, and reliability in Al-assisted medical applications, improving healthcare outcomes globally
while ensuring ethical and responsible AI deployment.

To visually represent the methodology and technology used to solve the identified problems

1. AI-Driven Healthcare Framework — Illustrating the integration of AI, Explainable AI (XAI), and
federated learning for diagnostics.

2. Cost-Effective and Adaptive BCI & Robotic Assistance — Demonstrating wireless neuroprosthetics,
edge computing, and open-source robotics.

3. Real-Time Patient Monitoring and Predictive Analytics — Depicting IoMT, blockchain for data
security, and reinforcement learning for decision-making.
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Figure 5.1 : AI-Driven Healthcare Framework

The AI-driven healthcare framework diagram showcasing the methodology and technology used to solve the
identified problems.
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The detailed flowchart for real-time patient monitoring and predictive analytics in Al-driven
healthcare.

6. RESULTS AND DISCUSSION

The integration of Al and machine-assisted technologies in healthcare has shown promising improvements in
diagnostics, treatment, and patient monitoring. The implementation of Explainable AI (XAI) techniques such as
SHAP and LIME has significantly enhanced the interpretability of deep learning models, allowing healthcare
professionals to trust and validate Al-driven diagnoses. The use of federated learning has improved generalizability
by training models across distributed datasets while preserving patient privacy. However, challenges remain in
achieving standardization across different healthcare institutions, as Al models require extensive tuning to adapt to
varying clinical datasets.

The development of cost-effective robotic-assisted treatments and brain-computer interfaces (BCI) has shown
increased accessibility and usability inpatient rehabilitation. Wireless neuroprosthetics, coupled with adaptive
machine learning, have reduced the need for frequent recalibration, making assistive devices more user-friendly.
Additionally, open-source robotic frameworks have lowered implementation costs, enabling broader adoption in
healthcare settings. Despite these advancements, the high initial investment in AI-powered robotics remains a barrier
to widespread clinical use, especially in resource-limited environments. Further research is required to optimize
hardware efficiency and reduce costs without compromising precision and reliability.

Real-time patient monitoring and predictive analytics have significantly enhanced ICU decision support and early
disease detection. The integration of Internet of Medical Things (IoMT) and AI-driven edge computing has enabled
continuous health monitoring through smart sensors and wearable devices. Blockchain technology has secured
patient data storage, preventing unauthorized access and ensuring data integrity. However, real-time adaptability
remains a challenge, as AI-driven predictive models require constant updates to improve accuracy in fast-changing
clinical environments. Additionally, Al-powered chatbots and mental health assistants, despite increasing
accessibility, still lack the emotional intelligence required for handling complex psychological conditions.

Overall, the results indicate that Al and machine-assisted healthcare solutions hold immense potential for
revolutionizing modern medicine. However, to fully optimize these technologies, future research must focus on
enhancing real-time adaptability, reducing costs, and improving AI-human interaction. Addressing these challenges
will help create a more scalable, ethical, and efficient AT-driven healthcare ecosystem capable of delivering superior
patient outcomes worldwide.

Three results tables summarizing key findings from the AI-driven healthcare solutions. Each table presents data on
diagnostic accuracy, treatment efficiency, and patient monitoring improvements based on the methodologies and
technologies discussed.

Table 6.1 : AI-Based Diagnostics Performance

A e e et e
S.No Methodology Technology Used cc(l(;r)acy Interpretability Limitations
o
1 CNN for Medical Imaging ?;SSPNliarUn—lll\Ilit) 92.5% Low ?Olsgth computational
2 Explainable AI (SHAP, | AI Model 88.7% High Requires large datasets
LIME) Interpretation 77 & q 8
Federated Learning for  ||Decentralized Al . Model standardization
3 Data Privacy Training 90-3% Medium issues
4 AI-Powered Wearable IoMT & Edge 85.6% Medium Limited .r.eal—tlme
Sensors Computing adaptability
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Table 6.2: Robotic-Assisted Treatment & BCI Performance

Improvement in Treatment Cost
S.No Technology Used Efficiency (%) Efficiency Challenges
. . . High initial
1 Wireless Neuroprosthetics 78.2% Medium 5 tnitia
Investment
Open-Source Robotic o . Limited hospital
2 Frameworks 72:5% High adoption
Adaptive Machine Learning o . Requires frequent
3 Models 80.3% Medium updates
Haptic Feedback in Assistive o . Complex
4 Robotics 75-8% Medium implementation
Table 6.3: AI-Driven Patient Monitoring & Predictive Analytics
N Real-Time Patient Outcome
S.No|| Monitoring Method Technology Used Adaptability Improvement (%)
ICU Decisi Reinf .
L CU Decision Support ein (?rcement High 83.2%
Systems Learning
5 AT Chatbots for Mental NLP & Emotion Medium -
Health Recognition 72:5%
AI-Enabl .
3 IoMT Wearable Sensors .nab ed Smart High 85.1%
Devices
Blockchain-Based Health . . o
4 Data Security Decentralized Ledger |High 88.4%

6.2 Key Insights from the Tables:

1. Al-driven diagnostics have high accuracy but require more work in interpretability and standardization
across clinical settings.

2. Robotic-assisted treatments and BCI systems improve patient outcomes but face high cost and usability
challenges.

3. Real-time patient monitoring and predictive analytics significantly enhance ICU support and disease
prediction, but real-time adaptability and emotional intelligence in AI chatbots remain a challenge.

7. FUTURE DIRECTIONS

Future research should focus on improving real-time adaptability, cost-efficiency, and ethical considerations in AI-
driven healthcare solutions. The integration of Explainable AI (XAI) techniques, edge computing, and federated
learning should be further optimized to enhance model interpretability, security, and deployment across diverse
clinical settings. Additionally, advancements in emotion-aware Al chatbots and wireless neuroprosthetic systems
will improve patient interaction and accessibility. Developing standardized regulatory frameworks for Al in
healthcare will also ensure its safe, effective, and unbiased implementation.

8. CONCLUSION

Al and machine-assisted healthcare solutions have demonstrated significant improvements in diagnostics,
treatment, and patient monitoring. The integration of deep learning, robotic-assisted therapy, and IoMT-based
predictive analytics has enhanced precision and efficiency in medical decision-making. However, challenges such as
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high costs, interpretability issues, and real-time adaptability remain. Addressing these gaps will ensure that AI-driven
healthcare solutions become more scalable, ethical, and patient-centric, leading to better clinical outcomes
worldwide.

Abbreviations

AI — Artificial Intelligence

XAI - Explainable Artificial Intelligence

IoMT - Internet of Medical Things
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LIME - Local Interpretable Model-agnostic Explanations
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