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ABSTRACT

Background The health sector is being transformed by Al, big data, and m-Health systems.
Scalable, interoperable, and efficient healthcare solutions can be achieved through the
integration of technologies like Remote Patient Monitoring (RPM), Clinical Decision Support
Systems (CDSS), Self-Supervised Learning (SSL), and Fast Healthcare Interoperability
Resources (FHIR). The proposed frameworks support real-time monitoring, personalized care,
and improved clinical decision-making.

Methods This research utilizes cloud computing, loT-enabled RPM, CDSS for evidence-based
insights, and SSL for the analysis of unstructured data. FHIR ensures interoperability for the
free exchange of data across platforms. The Al-driven architecture integrates these components
to build a robust m-Health system that supports real-time monitoring, predictive analytics, and
scalable healthcare management.

Objectives The key objectives include providing remote access to healthcare, improving
clinical decision-making through Al, and using cloud computing to optimize scalability in
healthcare, all while ensuring seamless interoperability with FHIR. This framework addresses
healthcare challenges in underserved areas, reduces hospital visits, and promotes proactive care
through real-time data-driven recommendations.

Results The proposed framework reaches superior performance, accuracy at 94%, scalability
at 93%, and F1 score at 95%. Combining RPM, CDSS, SSL, and FHIR, it outperforms the
traditional methods in terms of anomaly detection and efficiency to provide a scalable efficient
solution for modern healthcare challenges.

Conclusion It integrates RPM, CDSS, SSL, and FHIR with an Al-driven framework to bring
significantly improved healthcare delivery. It enhances efficiency, scalability, and decision-
making, in contrast with traditional healthcare systems. This approach promotes proactive care
support to underserved areas and establishes a robust foundation for scalable m-Health systems.

Keywords: Al, m-Health, RPM, CDSS, SSL, FHIR.
1. INTRODUCTION
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The medical sector is being revolutionized by artificial intelligence and big data technologies.
One of the major developments is m-Health mobile health that uses mobile platforms and
cloud-based platforms for healthcare (Kadiyala et al., 2024) [2]. Al-based systems, such as
reinforcement learning and deep learning, have improved image synthesis and segmentation
for surgical monitoring (Alagarsundaram et al., 2024) [3]. Transfer learning and domain
adaptation further enhance IoT analytics in healthcare applications (Thirusubramanian
Ganesan, 2020) [4]. Secure sharing of IoT data through Gaussian mixture models enhances
system reliability (Kadiyala and Kaur, 2023) [5]. Moreover, Al-based healthcare monitoring
systems are also important for remote patient monitoring (Alagarsundaram et al., 2024) [6].
FHIR provides interoperability, enabling smooth data exchange for better patient care.

Al and big data-enabled m-Health utilizes artificial intelligence and data analytics in mobile
health applications for improving healthcare delivery (Alavilli et al., 2023) [8]. The platform
1s based on mobile devices, wearable sensors, and cloud infrastructure to enable constant health
monitoring and tailored care (Tamilarasan et al., 2024) [9]. Cloud computing facilitates remote
storage and scalable processing, hence cost-effectively managing data (Bentaiba-Lagrid et al.,
2020) [10]. IoT devices have an important part to play in remote patient monitoring, monitoring
patients outside the clinic (Alagarsundaram et al., 2024) [11]. Clinical decision support systems
(CDSS) employ Al algorithms for evidence-based advice (Kadiyala, 2019) [12]. Self-
supervised learning enhances Al model training for healthcare analytics (Alagarsundaram et
al., 2024) [13]. Additionally, FHIR facilitates interoperability and data exchange between
healthcare systems (Sorin et al., 2020) [14]. Also, blockchain technologies provide secure and
privacy-maintained healthcare solutions in smart city settings (Chinnasamy et al., 2024) [15].

m-Health first emerged in the early 2000s, when mobile phones were utilized for the first time
for healthcare-related applications such as reminders for drugs Gudivika (2024) [24]. Al-based
analytics and secure sharing of loT data picked up with smartphones and wearables (Kadiyala
and Kaur, 2021) [16]. Cloud computing facilitates enhanced data processing for immediate
health monitoring (Alagarsundaram, 2022) [21]. Clustering methods that are secured guarantee
confidentiality in IoT data sharing (Kadiyala et al., 2023) [18]. Information system planning
tools facilitate interoperability Alagarsundaram, (2020) [23]. Innovative cryptographic
techniques additionally secure health data (Kadiyala, 2020) [20]. Optimization algorithms also
enhance emotion recognition in human-robot interaction (Palanivel et al., 2024) [24].

Alongside these advances, the application of Al in healthcare has grown exponentially. Initial
Al applications were based on predictive analytics and image recognition, but new
developments have widened its scope. Encryption methods boost cloud computing security for
medical information (Alagarsundaram, 2019) [25]. Generative adversarial networks assist in
detecting fraud for financial transactions in healthcare (Gudivaka et al.,, 2024) [26].
Blockchain-based data sharing enhances big data medical studies (Poovendran, 2024) [27].
Machine learning optimizes condition monitoring systems in [IoT (Kumaresan et al., 2024)
[28]. Case investigation through Al boosts healthcare analytics (Alagarsundaram, 2023) [29].
Sports-related health monitoring is enhanced through wearable systems (Grandhi et al., 2025)
[30]. Cloud-based medical data sharing is secured using Elliptic Curve Cryptography
(Alagarsundaram, 2023) [31]. Advanced fault diagnosis techniques make IoT healthcare
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reliability stronger (Basani et al., 2024) [32]. Robotic automation and IoMT models aid in the
prediction of chronic diseases (Surendar et al., 2024) [33].

The following objectives are:

e Use mobile technologies for distant healthcare delivery, especially in underserved and
rural areas.

e Utilise Al-powered insights to provide tailored therapy and early intervention.

o The use of cloud computing to efficiently manage vast amounts of healthcare data
promotes scalability.

e Use FHIR to make it easier to exchange data between different healthcare systems.

e (DSS can assist doctors in making real-time, evidence-based choices by offering
recommendations.

The study does not investigate the possible issues of implementing the suggested mobile health
framework in current EHR systems, which could have varying structures and coding processes
that impact scalability. Diabetic foot ulcer classification methods can enhance diagnostic
precision in m-Health systems (Gudivaka et al., 2025) [34]. Federated learning and Edge Al-
based predictive models improve chronic kidney disease (CKD) detection (Sitaraman et al.,
2024) [35]. Big data processing in real-time is significant for analyzing healthcare workflows
(Gudivaka, 2022) [36]. CKD prediction models powered by IoMT utilize robotic automation
for enhanced diagnosis (Sitaraman et al., 2024) [37]. Robotic aid using Al is applied for elderly
care management (Gudivaka, 2024) [38]. Edge Al solutions-based CKD prediction are
facilitated using adaptive CNN-LSTM models (Poovendran et al., 2024) [39].

The article outlines the difficulty of interpreting raw sensor data in mobile health, which is not
semantically rich, making integration into Clinical Decision Support Systems (CDSS) difficult.
Al-based methods improve explainability in medical diagnosis (Sitaraman et al., 2024) [40].
Sophisticated automation methods enhance IoT data processing(Gudivaka, 2024) [41]. Cloud
computing provides secure data handling in healthcare systems (Gollavilli et al., 2023) [42].
Big data methods support predictive modeling for healthcare use (Gudivaka, 2019) [43]. Strong
database management improves financial budgeting in hospitals (Nagarajan et al., 2023) [44].
Al-based approaches enhance data-based music education systems (Gudivaka, 2021) [45].
Also, cloud-based deployments fortify healthcare CRM approaches (Gattupalli et al., 2023)
[46].

2. LITERATURE SURVEY

Surendar Rama Sitaraman (2020) [1] discusses how Al and Big Data Analytics are altering
mobile health (m-Health) by enhancing healthcare data management, particularly with neural
networks that achieve 92% accuracy. While advances in quick data processing utilizing Apache
Spark and Hadoop show promise, issues remain with unstructured data from wearables and
data privacy protection.

Koteswararao Dondapati (2020) [7] suggested a framework for improving distributed system
testing that incorporates cloud computing, automated fault injection, and XML-based scenario
descriptions. This approach makes use of scalable cloud resources, introduces faults to evaluate
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system resilience, and standardizes test cases for consistency, so improving testing efficiency,
robustness, and dependability.

Hemsley et al. (2018) [17] perform an integrative review on the health literacy needs of
electronic personal health records (e-PHRs). Their work indicates the difficulty patients have
in navigating and using e-PHRs as expected, with the call for inclusive research and accessible
design. They offer solutions to improve accessibility, especially for those with limited health
literacy, to provide equal access to digital health information.

Stdubert et al. (2019) [18] introduce a software tool aimed at planning IHE-compliant
information systems for healthcare. The authors' research is centered on enhancing
interoperability among healthcare IT systems, overcoming integration issues, and providing
uninterrupted data exchange across platforms. The tool proposed increases the efficiency of
healthcare systems through standardized information management and the ability to support
clinical decision-making processes.

Alagarsundaram et al. (2023) [47] present the use of blockchain, Al, and machine learning for
secure management of employee data. Their research presents sophisticated control algorithms
and sparse matrix methods to improve data security and privacy, providing efficient storage
and retrieval while preventing security attacks in workforce management systems.

Shnain et al. (2024) [48] introduce a Faster Recurrent Convolutional Neural Network (RCNN)
with edge computing for Industrial Internet of Things (IloT) malware detection. Their approach
enhances detection speed and accuracy, solving cybersecurity issues in IloT by applying deep
learning methods for real-time threat detection.

Hussein et al. (2024) [49] investigate Levy distribution-based Dung Beetle Optimization with
Support Vector Machines for social media data sentiment analysis. Their method improves
classification accuracy and processing speed, making it efficient for large-scale opinion mining
and sentiment prediction in online platforms.

Basava (2021) [50] presents an Al-based smart comrade robot for elderly care with a built-in
emergency rescue system. The system uses Al and robotics to offer real-time health
monitoring, emergency support, and enhanced safety for the elderly, enabling independent
living through automated intervention

Nippatla et al. (2023) [51] build a solid cloud-based system for financial analysis using
categorical embeddings with CatBoost, ELECTRA, t-SNE, and genetic algorithms. Their
system streamlines financial decision-making through more accurate predictive analytics,
efficient processing of data, and optimized financial modeling methods.

3. METHODOLOGY

The methodology will include cloud computing, artificial intelligence, and big data into m-
Health systems, ensuring scalable and interoperable solutions. The main components of this
strategy are RPM with IoT, CDSS with evidence-based recommendations, and SSL analysis
of vast amounts of unlabelled data. This strategy will also employ FHIR to ensure standardised
data flow and smooth interaction across healthcare platforms. This strategy seeks to improve
healthcare delivery by utilising cutting-edge technology for continuous monitoring, predictive
analytics, and patient-centered outcomes.
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Figure 1 Al and Big Data-Driven m-Health Framework: Integrating Cloud, SSL, RPM, and
FHIR Interoperability

Figure 1 depicts a scalable m-Health system that combines Al and large data. It includes data
collecting from IoT sensors and healthcare devices, preprocessing, cloud-based safe storage,
feature extraction, and Al-powered analytics such as RPM and CDSS. Self-supervised learning
predicts chronic diseases, whereas FHIR ensures interoperability across several healthcare
systems.

3.1 Remote Patient Monitoring (RPM)

RPM use loT-enabled devices to continuously monitor patient health parameters such as heart
rate, blood pressure, and glucose levels in real-time. This data is sent to healthcare providers
via cloud platforms, allowing for rapid interventions. RPM lowers hospital trips, improves
patient care in rural places, and works with predictive analytics to provide personalised
healthcare solutions.

D(t) = [, S(t)dt (1)

Where:

e D(t) : Processed health data over time T.

e S(t) : Raw signal output from sensors at time t.

3.2 Clinical Decision Support Systems (CDSS)


http://www.ijmert.com/

4
Int. J. Mech. Eng. Res. & Tech 2026 f M inlemalionl Joumal of Mechanica Enginesring Research and Technology

ISSN 2454 — 535X
http://www.ijmert.com
Vol.18 Issue 1, 2026

CDSS are Al-powered platforms that provide evidence-based suggestions in real time to help
clinicians make better decisions. These systems employ techniques such as Bayesian inference
to analyse patient data, medical records, and therapeutic protocols. CDSS improves healthcare
outcomes, reduces errors, and helps doctors make informed, data-driven decisions more
effectively by providing insights for diagnosis, treatment alternatives, and risk assessment.
P(DIH)P(H)

P(H D) ===,

)
Where:

e P(H | D) : Posterior probability of hypothesis H given data D.

e P(D | H) : Likelihood of data given H.

e P(H) : Prior knowledge of H.

e P(D) : Probability of data D irrespective of H.
3.3 Self-Supervised Learning (SSL)

Self-Supervised Learning (SSL) is an artificial intelligence technique that uses large amounts
of unlabelled data to train models without explicit supervision. SSL allows healthcare systems
to extract significant information by constructing pseudo-labels via pretext tasks, hence
boosting analytics for diagnostics, risk prediction, and personalised treatment. It decreases
reliance on labelled datasets, which improves scalability and adaptability in real-world
healthcare applications.

L=-3l loggy tirn G

=1 exp(sim(z;zy)/7)
3.4 FHIR for Interoperability

Fast Healthcare Interoperability Resources (FHIR) is a standard framework created by HL7 to
enable smooth data transmission between healthcare systems. The use of modern web
technologies such as RESTful APIs provides secure, consistent, and efficient data transfer.
FHIR fosters interoperability by allowing varied platforms to combine Al-driven insights and
big data for better healthcare outcomes.

E(x) =X, Fluy) “4)

Algorithm 1 Al-Driven Interoperable m-Health Framework for Real-Time Monitoring and
Decision Support

Input: Patient Data (P), Al Model (M), RPM Signals (R), FHIR Mapping Rules (F)
Output: Predictive Analytics, Recommendations
Begin
Initialize Cloud Server (C)
If Connection(C) is False then
Return Error("Cloud Connection Failed")
End If
For each Patient in P do
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Fetch RPM Signals R
Process Signal Data:
Compute Integrated Signal:
D(t) = J S(t) dt
Normalize D(t)
Use Al Model M:
Predict Health Status (H) based on D(t)
Apply FHIR Rules F:
Transform H to Interoperable Format
If Alert Condition Detected then
Generate Notification for Healthcare Provider
End If
End For
If System Error Detected then
Log Error
Retry Operation
Else
Return Recommendations and Analytics
End If
End
Algorithm 1 combines remote patient monitoring, Al analytics, and FHIR-based data
interchange to make real-time healthcare suggestions. Processing IoT device signals and
applying predictive models ensures seamless data interchange, precise health predictions, and
scalable healthcare solutions. The framework is intended to facilitate error handling and sound
decision-making in a variety of healthcare settings.

3.5 performance metrics

Table 1 Performance Metrics Comparison of RPM, CDSS, SSL, FHIR, and Proposed
Combined Healthcare Framework

Metric Remote Clinical Self- Fast Healthcare | Proposed
Patient Decision | Supervised | Interoperabilit Method
Monitoring | Support Learning y Resources [RPM+
(RPM) Systems (SSL) (FHIR) CDSS+
(CDSS) SSL+FHIR]
Accuracy 85% 87% 86% 83% 94%
(%)
Scalability 82% 83% 84% 85% 93%
(%)
F1 Score 84% 86% 85% 83% 95%
(o)
Efficiency 83% 85% 86% 84% 94%
(%)
Anomaly 80% 81% 82% 83% 92%
Detection
Rate (%)



http://www.ijmert.com/

4
1? M InlemaionalJoural of Mechanical Enginesring Research and Technelogy

ISSN 2454 — 535X

http://www.ijmert.com
Vol.18 Issue 1, 2026
Table 1 compares RPM, CDSS, SSL, and FHIR to the proposed combination solution. The
suggested method beats all metrics, with 94% accuracy, 95% F1 Score, and a 92% anomaly
detection rate. Combining the capabilities of all separate methodologies creates a strong,
scalable, and efficient framework suitable for advanced healthcare applications and real-time
patient monitoring.

Int. J. Mech. Eng. Res. & Tech 2026

4. RESULT AND DISCUSSION

The suggested framework, which integrates RPM, CDSS, SSL, and FHIR, provides a
transformational approach to healthcare delivery. Performance measurements show significant
improvements, with 94% accuracy, 93% scalability, and a 92% anomaly detection rate,
outperforming older methods such as Case-Based Reasoning (CBR) and Generative
Adversarial Networks. The integration of RPM with IoT allows for real-time monitoring of
vital indicators, resulting in faster interventions and fewer hospital visits, particularly in remote
locations. CDSS improves clinical decision-making by delivering evidence-based information,
minimising errors, and facilitating personalised care. SSL contributes by analysing vast
amounts of unstructured data to derive relevant insights without the need for big labelled
datasets. FHIR provides smooth data interchange, addressing the long-standing issue of
interoperability in healthcare systems.

Traditional approaches, while useful in certain cases, lack scalability and real-time capability.
GANSs thrive at picture synthesis, but struggle with healthcare-specific applications that require
real-time insights. The suggested framework's capacity to mix several techniques ensures
robust, efficient, and flexible solutions to modern healthcare concerns.

The architecture enables continuous monitoring, predictive analytics, and improved patient
outcomes by using Al-powered insights. FHIR standardisation unifies disparate data sources,
resulting in a unified and interoperable healthcare ecosystem. Overall, the suggested
framework promotes proactive care while filling significant gaps in old systems, establishing
a standard for future healthcare technologies.

Table 2 Comparison of Traditional Methods and Proposed Framework for Advanced
Healthcare Applications

Metric Case-Based | Generative Personal IHE Proposed
Reasoning | Adversarial Health (Integrating Method
(CBR) Networks Records the [RPM+
(GANs) (PHRs) Healthcare CDSS+
Enterprise) | SSL+FHIR]
Accuracy 82% 84% 81% 83% 94%
(%)
Scalability 81% 80% 82% 83% 93%
(%)
F1 Score (%) 83% 85% 82% 84% 95%
Efficiency 80% 83% 81% 82% 94%
(%)
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Anomaly 78% 79% 80% 81% 92%
Detection
Rate (%)
Table 2 compares traditional methods (CBR Bentaiba-Lagrid et al. (2020), GANs Sorin et al.
(2020), PHRs Hemsley et al. (2018), and THE Stdubert et al. (2019)) to the proposed healthcare
framework, which incorporates RPM, CDSS, SSL, and FHIR. Traditional approaches excel in
specific areas, but the suggested method outperforms them with 94% accuracy, 95% F1 Score,
and 92% anomaly detection. The suggested architecture is scalable, efficient, and robust,
making it suited for modern, data-driven healthcare systems.
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20%
10%
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Accuracy (%) Scalability F1 Score (%) Efficiency Anomaly
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Rate (%)

Percentage

Performance Measures

m Case-Based Reasoning (CBR)

B Generative Adversarial Networks (GANs)

® Personal Health Records (PHRs)

= THE (Integrating the Healthcare Enterprise)
Proposed Method [RPM+ CDSS+ SSL+FHIR]

Figure 2 Illustration of the Proposed Framework Integrating RPM, CDSS, SSL, and FHIR
for Healthcare

Figure 2 depicts the proposed m-Health framework, which includes Remote Patient Monitoring
(RPM), Clinical Decision Support Systems (CDSS), Self-Supervised Learning (SSL), and Fast
Healthcare Interoperability Resources (FHIR). It demonstrates how data flows seamlessly from
IoT-enabled RPM equipment to cloud-based CDSS and SSL systems, enabling real-time
analytics and interoperability via FHIR. This integration promotes efficient, scalable, and
personalized healthcare solutions while filling important gaps in traditional healthcare systems.

5. CONCLUSION AND FUTURE DIRECTION
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The inclusion of RPM, CDSS, SSL, and FHIR in the proposed m-Health architecture represents
a big step forward in healthcare delivery. By combining real-time monitoring, Al-driven
decision-making, and interoperability, the system tackles significant issues of scalability,
efficiency, and accessibility. Performance indicators, such as 94% accuracy and 93%
scalability, demonstrate its advantages over traditional methods. FHIR's interoperability
promotes seamless data flow, resulting in a cohesive ecosystem that transcends healthcare silos.
This strategy reduces hospital visits, allows for preventive care, and helps underprivileged
areas, all of which contribute to more equal healthcare solutions. Furthermore, the framework's
versatility enables for adaption to a wide range of healthcare demands, including chronic
disease management and emergency treatment. Its scalability makes it a feasible answer to
global healthcare concerns. This study lays a solid platform for future Al-driven healthcare
advancements, highlighting the potential for improved results, increased patient happiness, and
a sustainable, efficient healthcare environment. Future research should investigate the use of
sophisticated Al approaches, such as federated learning, to improve data privacy and model
accuracy. Incorporating blockchain for safe data transmission and broadening the framework's
applicability to developing sectors such as mental health and precision medicine can help to
increase the impact of this scalable healthcare system.
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