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Abstract: Amidst the growing trend of chronic disease and the need for continuous, longitudinal care
focused on the patient, Remote Patient Monitoring (RPM) systems have been on the rise. This research
aims to assess the effectiveness of Artificial Intelligence (A1) and the Internet of Things (IoT) in addressing
the efficiency, sensitivity, and generalizability of RPM systems. This research is qualitative and quantitative
in nature, utilizing biological real-time signals from publicly available datasets (MIT-BIH, MIMIC-III,
Fitbit), employing Al methodologies (Random Forest and Convolutional Neural Network (CNN)) for
classifying and predicting anomalies. The proposed edge-enabled Internet of Things architecture lowers
latency by 35%, CNNs achieve 93.2% accuracy in electrocardiograms (ECG) classification. Qualitative
subject-matter expert responsiveness from healthcare professionals noted a 40% increase in timely
intervention for detected anomalies—with confidence in the usability of the systems. Findings advocate Al
and IoT enhancements for smart real-time monitoring of health-related information.
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Convolutional Neural Networks (CNN), Edge Computing, Healthcare Informatics, Smart Wearables,
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INTRODUCTION

Motivated by the rising trend of chronic diseases and the requirement to monitor patients without breaking
the continuity of care in a patient-centered manner, Remote Patient Monitoring (RPM) systems are on the
rise. This research discusses how Artificial Intelligence (Al) and the Internet of Things (IoT) can increase
the efficiency, responsiveness, and scalability of RPM systems. By using a holistic approach, this research
combines real-time physiological signals with three publicly available databases (MIT-BIH, MIMIC-III,
and Fitbit) and Al-driven experiments employing Random Forest and Convolutional Neural Networks
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(CNNs) for classification and prediction of health issues. The edge-enabled IoT framework performed
better with a 35% latency decrease, whereas CNN experiments provide 93.2% ECG classification accuracy.
Qualitative results from medical professionals showed a 40% improvement regarding timely
recommendations and satisfaction with usability. Therefore, the results from both quantitative and
qualitative findings imply that Al-IoT integration is a viable solution for unprecedented real-time health
care RPM. The study contains discoveries of the technology's limitations in terms of [oT RPM such as non-
standardization, inadequate data governance, and distrust in Al recommendations while suggesting future
areas of research such as longitudinal studies in real-world clinical practice, implementations of explainable
Al features, and integration with Electronic Health Records for sustainable and ethical application in real-
world clinical applications.[1] [2]

TECHNOLOGY
CONVERGENCE

IOT, Al, 5G maturing roughly
at the same time

Tremendous benefits of a
distributed inteligence model

AloT

NEW DESIGN
MINDSET

Al transforms data to
actionable insights

Endpoint data creation to grow
at 85% CAGR (2017-2025)

Figure 1. Al-IoT RPM System
LITERATURE/THEORETICAL UNDERPINNING

The growth of RPM systems: Al and the Internet of Things; Internet of Medical Things (IoMT) and
Artificial Intelligence (Al) integration spur the growth of RPM like never before, turning previously passive
systems into active interventionists. [3] For example, RPM systems consist of [oMT-enabled devices that
obtain physiological information—a blood pressure cuff, a scale, or a glucose monitor—effectively outside
of clinical settings. Yet, these RPM systems do not offer intervention until humans achieve a clinical end.
However, new systems with Al and IoT can allow for two-way communication between the patient and the
provider through alert systems triggered by either uploaded readings (IoT) or predictive algorithms (AI).
Therefore, detecting physiological irregularities or deviations that could lead to complications does not
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require a patient arriving at an appointment for a medication refill. Still, it can occur at the request of an Al
algorithm suggesting.

Remote Patient Monitoring (RPM) is facilitated using smart wearable and implant devices and sensors—
made possible through the Internet of Things (IoT) and Al. The [oT ensures that heart rates, blood pressure,
glucose, and blood oxygen readings are taken and transmitted in real time on a constant basis. At the same
time, AI—ML and DL—helps to find patterns within extensive health-related databases; convolutional
neural networks (CNN) can assist with ECG signal classification, and recurrent neural networks (RNN)
support time-series analysis in the case of an RPM.[4]

Technology Acceptance Model & Systems Engineering Initiative for Patient Safety evaluates the theoretical
frameworks assessed from the human user adoption perspective and systems engineered design. Yet
applications are limited due to non-interoperability, patient privacy/non-compliance, and clinical
irrelevance which require the development of diverse Al-loT RPM solutions.[5][6]

METHODOLOGY

The methodology is mixed-method quantitative with physiological data and qualitative practitioner survey.
For the quantitative component, commercially available RPM services were utilized to acquire heart rate,
blood oxygen levels, respiration, and dermal temperature real-time streams with Fitbit Health Solutions and
Philips care Companion. Data findings were accumulated from 10,000+ deidentified entries.

Resources Used

e MIT-BIH Arrhythmia Database: ECG signals of 47 subjects with annotations sampled at
360Hz.[7]

e  MIMIC-III Waveform Database: ECG, SpO2, blood pressure, respiration of ICU patients.[8]
¢ Fitbit Data Set (Kaggle): Daily step count, sleep, heart rate, calories burned.[9]

Models & Implementation: Python with TensorFlow trained the models. Random Forest (RF) and
Convolutional Neural Networks (CNN) were utilized; CNNs yielded 93.2% accuracy and 91.8% precision
rates for ECG  classification. RF  was  determined via  hyperparameter  tuning.
The technology architecture used for edge computing: Edge computing architecture was utilized for on-
device preprocessing to limit bandwidth and latency. MQTT was the message passing communication
protocol for inter-device and cloud server messaging.[10]

The measures are put in place for data preparation:

Before training the Al models, comprehensive data preparation took place to ensure proper quality,
uniformity, and reliability of the input data. They included:
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Data Cleaning: Noisy and corrupted data entries were eliminated. For the missing values, interpolation and
forward fill methods were used.

Normalization: Physiological parameters were Min-Max normalized to a similar scale for better model
convergence.

Resampling: Time-series signals were resampled at a common frequencys; this includes ECG and heart rate
signals, as this information will be acquired across devices.

Label Encoding: Clinical conditions and event types were converted to numeric values where appropriate,
a requirement, for example, for classification algorithms.

Segmentation: The streams of continuous bio signals were segmented into fixed-length windows (i.e., 5
seconds) to serve as input for the models performing time-series classification.
Data Augmentation Techniques:

e Time warping and cropping
e Addition of Gaussian noise

e SMOTE

e Rotation and rescaling

e GANSs create synthetic ECGs

Qualitative User Feedback: 15 medical professionals with thematic analysis of themes for usability, alarm
fatigue, and integration complications.

Success Evaluation:
e Accuracy
e Precision
e Recall
e F1 Score
e Latency

e System Usability Scale

RESULTS/FINDINGS
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4.1. These results assess the performance and effectiveness of the AI-IoT RPM platform.

e Model Accuracy: The CNN Model with 93.2% accuracy and 91.8% precision shows the model
can classify ECG waveforms and recognize changes in patients' vital signs. The Random Forest
Model reached 91.5% accuracy as well.

¢ Latency Reduction: The edge computing reduces latency by 35% in the system.

e Clinical Impact: 40% increase in time to treatment based on critical alerts, justifying enhanced
therapeutic activities for better patient outcomes. Ease of Use: System Usability Scale (SUS) rated
an 83.5/100, indicating clinician satisfaction with the interfacing and integration of systems.

Data Volume: Over 10,000 anonymized data entries processed, demonstrating scalability and
trustworthiness.

Al-loT RPM System Performance Metrics

SUS Score

Clinical Intervention Improvement

Latency Reduction

CNN Precision 91.8%

CNN Accuracy 93.2%

Random Forest Accuracy 91.5%

0 20 40 60 80 100
Percentage (%)

Figure 2. Al-loT RPM System Performance Metrics

Component Measurement/Result/|Implication
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Challenges such as sensor calibration inconsistencies and network reliability were noted.

DISCUSSION

Contribution to the state of Al and [oT in RPM investment returns comparable systems still rely on doctors'
own interpretation and learning from the cut and dried past. This system offered real-time, autonomous
feedback with very little clinician-driven manipulation required. Where prior research yielded similar
results, this one went a step beyond and found a system that worked in the real world with the Al-IoT
infrastructure for true applicability of RPM in the field [11].

The only additional requirement for transferability of this system would be the ability to standardize
interpretation platforms for IoT data and Al modeling in addition to battery life longevity of said devices.

Implication to Research and Practice

Research:

Validates successful combination of Al and IoT for RPM

Establishes pattern for other studies to replicate
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Practice:
e System can be applied at scale for hospitals, clinics, home RPMs

e Legislation and policymakers can use it to justify infrastructure and regulatory support of Al
systems in RPM endeavors unsupported by another research

CONCLUSION

The combination of Artificial Intelligence and the Internet of Things will drastically change how Remote
Patient Monitoring is performed as it creates a preventative, proactive, and patient-centric healthcare
delivery system. This research determined that AI models, such as Random Forest and Convolutional
Neural Networks, could evaluate population-level physiological data to identify irregularities with high F1-
score and precision. In addition, edge computing and an MQTT-based IoT architecture reduced latency and
enhanced system feedback for near real-time clinical intervention.

Additionally, the system was validated for feasibility through end-user qualitative satisfaction—healthcare
professionals confirmed the system worked as intended across multiple application scenarios. Therefore,
these findings indicate that AI-IoT RPM systems are technically positioned to translate from research to
real-world implementation. However, sensing deviations, data management, and integration regulations still
pose challenges that require continuous interdisciplinary collaboration between data scientists, engineers,
healthcare practitioners, and regulatory policy decision-makers.
As the health care landscape rapidly digitizes, Al-loT-enabled RPM is essential for continuous in-house
monitoring, lower readmission rates, and population-level monitoring initiatives. This work lays the
foundation for a scalable, smart, and fair remote health care solution that could be adjusted to various
clinical and non-clinical environments.

8. Future Work

To explore the potential of such Al-IoT-based RPM systems and to guarantee safe, scalable, and ethical
applications of this work, future endeavors must include:

e Longer-Term Clinical Trials: The applicability and reliability of AI-IoT RPM systems can only
be assessed with large-scale multicentric clinical trials with various demographic populations, as
such efforts will validate longer-term impacts within various health care settings and opportunities.

e Explainable Al (XAI): Black-box Al systems foster distrust among health care providers and
regulatory agencies; accordingly, integrating explainability methods (i.e., SHAP, LIME, attention-
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based methods) will render actionable understanding, clarity, and regulatory trust in Al-based
diagnoses.

Interoperability with EHR: Expected integration with EHRs and health information exchanges
(HIEs) will allow RPM to provide better insights in context, real-time charting, and longitudinal
assessment of comprehensive treatment endeavors.

Multimodal Sensor Fusion: Data from various sources provides more accurate predictions and
customized treatment plans. Multimodal machine learning should be explored to enhance
diagnostic accuracy.

Cybersecurity and Privacy-Preserving Analytics: Further research should be done in federated
learning, homomorphic encryption, and blockchain for privacy, integrity, and global regulations
(HIPAA, GDPR) as well; this is critical due to data traveling from one network to another and
across heterogeneous devices.

Sustainability and Accessibility: There also needs to be research into energy-efficient edge
devices, cost of implementation in low-resource settings, and universal design to minimize digital
health inequities. All of these are meaningful developments. In the end, these efforts will position
RPM as a needed part of the modern healthcare system instead of just a value-added option.
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