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ARTICLE INFO ABSTRACT

Received: 21 Dec 2024 The aging global population is generating new challenges to healthcare systems, specifically

concerning problems peculiar to geriatric patients. Older adults are more likely to have poor

health outcomes such as frailty, falls, depression or loneliness, and hospitalization. Until now,

Accepted: 10 Feb 2025 healthcare professionals have relied on regular clinical assessments to find outpatient problems.
However, these methods of diagnostics often miss dynamic and multidimensional features of
the risks. Incorrectly identified challenges frequently lead to interventions that could be delayed
or not very successful. However, the development of the Internet of Things (IoT) enables
potential applications for real-time health monitoring through wearable devices, smart bed
sensors, and other connected technologies. These technologies can provide continuous, high-
resolution data on critical metrics such as mobility, physical activity, sleep patterns, and
environmental factors. Despite the above, including IoT data in mainstream clinical databases
and its improved usage in predictive healthcare models is a significant gap in the research arena.
The study focuses on the flaws of the existing models for predicting health outcomes among the
elderly, the issues with integrating IoT-derived metrics with the classical health indicators, and
the barriers to IoT adoption. The study seeks a broader perspective by constructing a
comprehensive framework for forecasting and enhancing health outcomes in elderly
populations through the use of IoT technologies along with machine learning techniques while
solving usability and integration problems.
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INTRODUCTION

The global population is experiencing significant demographic change, with an increasing number of individuals
entering an older age. This aging trend poses new challenges for healthcare systems worldwide, especially in
addressing the unique health issues associated with older patients. As individuals age, the risk of poor health increases
dramatically. Conditions such as frailty, falls, depression, loneliness, and rehospitalization are particularly common
among the elderly. These issues not only affect the quality of life of the elderly but place a significant burden on
healthcare systems, caregivers and society.

Traditionally, health care providers have relied on routine clinical examinations, such as periodic examinations and
diagnostic tests, to identify health risks and prevent complications in patients in the elderly hospitalization edge.
Although these techniques are valuable, they are not without limitations. Clinical studies often fail to account for the
dynamic multidimensionality of health risks in older populations. For example, subtle changes in movement, exercise,
or sleep may go undetected during routine visits, potentially causing delays or ineffectiveness. Again, traditional
methods approaches to diagnosis tend to be retrospective, addressing issues only after they have been eliminated,
rather than proactively identifying and mitigating emerging risks. Advances in technology in recent years, particularly
the Internet of Things (IoT), have opened up new possibilities for improving health outcomes for older individuals
IoT technologies, such as wearable devices, smart beds and in-home health monitoring systems, allow for continuous,
real-time tracking of vital health information Monitor things like mobility, exercise levels, quality of sleep, the

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


mailto:sunitha.cheriyan@utas.edu.om

264 J INFORM SYSTEMS ENG, 10(18s)

environment, providing a high-resolution view of a person's health status Using IoT data, healthcare providers can
gain deeper insights into the health and well-being of older adults, enabling them to quickly identify and react to risks
the best things. Despite the promise of IoT in geriatrics, significant challenges remain (Inthanuchit, M. 2023). One of
the key issues is the integration of IoT-derived information with traditional health indicators and clinical databases.
Healthcare systems are often unable to handle the vast amount of data generated by IoT devices, and the lack of
standardization in data structures and systems complicates the process Furthermore, healthcare systems old forecasts
tend to rely on trivial isolated data points Difficult to combine correctly. Another important barrier is the adoption of
IoT technologies in older populations. Utility concerns, including complex device networks and routine maintenance
requirements may prevent older adults from continuing to use this technology privacy and security issues also play an
important role because individuals may be reluctant to share sensitive health information without strong assurances
of data protection. There is a notable gap in research on how to communicate predictive health models together easily
and have been used to improve it. A comprehensive framework is urgently needed to address the limitations of existing
predictive models, integrating IoT-derived information with traditional health indicators about, and remove barriers
to IoT adoption The use of machine learning techniques in conjunction with IoT technologies seeks to bridge this gap
by addressing integration on the and integration challenges, the study aims to increase the accuracy and effectiveness
of the health outcome predictions of older people. Ultimately, the study wants to contribute to a proactive, inclusive,
and efficient approach to aged care, paving the way for improving the health and well-being of older adults.

LITERATURE REVIEW

Ghosh Ghosh (2023) highlights how integrating AT and IoMT improves geriatric healthcare by enabling real-
time tracking, fall detection, and personalized care in smart home environments. The system ensures privacy
through decentralized Al training, but scalability and infrastructure limitations remain key challenges. Kim & Kim
(2024) demonstrate that combining AI with IoT-based health monitoring improves chronic disease management
and quality of life, while also stressing the importance of bias-free Al, strong privacy measures, and inclusive design
to enhance elderly care.

Abdulrazak et al. (2023) focus on non-invasive IoT sensors that detect urinary tract infections through
behavioral changes, providing early diagnosis and reducing disruption. They emphasize the need for privacy
safeguards, standardization, and user acceptance for broader adoption. Qi & Wu (2024) explore how Al can
improve social connections and oral health, showing that combining physical and social care enhances overall well-
being, but challenges around technology access and ethical considerations persist.

Wang (2024) presents an intelligent health monitoring system that uses wearables and advanced analytics to
achieve 99.24% diagnostic accuracy, improving early risk detection and quality of life. However, data security,
affordability, and real-time analytics infrastructure remain barriers. Zhang et al. (2020) propose a deep learning
and IoMT system for remote cardiac monitoring, demonstrating reliable performance but identifying energy
efficiency and platform sustainability as ongoing concerns.

Ho (2020) examines Al readiness in elder care, highlighting infrastructure gaps, regulatory issues, and ethical
concerns such as bias and privacy risks. He stresses the need for strong ethical frameworks and equitable access.
Alharbi et al. (2023) introduce Al-powered smart flooring to detect falls in real time, showing its effectiveness but
calling for improvements in algorithm accuracy, scalability, and privacy.

Baker & Xiang (2023) examine AIoT systems for predictive and personalized elderly care, highlighting their
potential to reduce costs and improve engagement, but noting challenges such as connectivity issues and technology
adoption among older adults. Finally, Trombini et al. (2021) introduce ReMoVES, an IoT-based exergame platform
for remote rehabilitation, showing its ability to enhance physical and mental health but emphasizing the need for
affordable, customizable, user-centered solutions.

Research Gaps :

e Although IoT and AI technologies have shown promise, issues such as high cost, lack of
functionality, and insufficient evidence of effectiveness in real-world settings hinder their adoption
in elderly care.

e Connectivity and integration: The lack of standards between IoT devices and health systems
presents major barriers to seamless integration. This fragmentation hinders data sharing and
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comprehensive care delivery. The development of interoperable systems and standardized systems
is essential for the coordinated implementation of the system.

¢ Inadequate evidence in real-world settings: Although many technologies are effective in controlled
settings, their efficacy in real-world healthcare settings is not confirmed and long-term evaluation
and field application is needed to assess impacts, dynamics, and variability in different contexts.

e Ethical concerns: The ongoing collection and processing of data raises important issues of data
privacy, security, and algorithmic biases. Research will focus on developing robust safety measures,
ethics measures, and transparent Al frameworks to ensure the delivery of equitable and reliable
health care.

METHODOLOGY

The proposed system incorporates IoT sensors, robust data processing automation, and Al algorithms that improve
healthcare assessment by accurately tracking patient position and detecting health anomalies. IoT sensors capture in
real-time information about patient movements and positions is transferred to the data processing device. This
pipeline filters and organizes data, ensuring accuracy and relevance before passing it on to Al algorithms for analysis.
The AI component uses machine learning models to categorize situations and identify irregular conditions that
indicate health issues such as falls, prolonged inactivity, or abnormal vital signs with care that goes used, the system
delivers timely alerts to caregivers or physicians, enabling faster intervention. In addition, the system supports remote
monitoring, making it ideal for elderly or frail patients. This combination of IoT and Al ensures accuracy, scalability,
and real-time responsiveness, providing a transformational approach to dynamic personalized healthcare.

IoT-enabled prediction of health outcomes in elderly patients uses connected devices and advanced analytics to
provide comprehensive real-time health monitoring IoT sensors, such as devices wearable and smart home sensors,
continuously collect data on vital signs, exercise activity, sleep, and environment works with existing health records.
Al-driven predictive models analyze these data sets to identify patterns and risks associated with conditions such as
falls, frailty, or severe or chronic illness The system enables healthcare providers to deliver personalized care plans
and early intervention for reducing hospitalizations and improving patients’ quality of life They are Through real-time
and standardized alerts, the system fills a gap in traditional diagnostic testing. Despite the promise, challenges such
as data privacy, cost, and interoperability remain. Addressing these barriers is essential to ensure widespread adoption
and maximize the program's impact on elderly health as shown in Figure 1.
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Figure 1. IOT-Enhanced Framework for Predicting Health Outcomes in Geriatric Patients

IoT Sensors for Real-Time Data Collection: At the heart of the agenda are IoT sensors, including wearable devices,
environmental sensors, and smart home appliances. Wearables such as smartwatches and fitness trackers monitor
vital signs such as heart rate, blood pressure, and oxygen saturation, while motion sensors track physical activity, gait,
and posture. Smart home sensors continue to enhance monitoring by perceiving environmental factors such as air
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quality, room temperature, and social movement space. Together, these devices provide a stream of granular data,
providing a holistic view of a patient’s health and lifestyle.

Centralized Data Processing Pipeline: The data collected by IoT devices is sent to a centralized processing system that
filters, organizes, and integrates the information. This pipeline ensures data integrity, consistency, and compatibility
with existing electronic health records (EHRs). Advanced preprocessing methods are used to control noise and
incomplete data, improving the reliability of subsequent analysis. Data standardization systems facilitate the seamless
integration of health information databases, enabling detailed information about the health of individual populations.

Improved Quality of Life: The processed records are analyzed with the use of Al-driven predictive models, which
practice systems get to know algorithms to discover patterns and perceive ability fitness dangers. These fashions can
predict situations along with falls, frailty, or chronic ailment exacerbations through studying adjustments in fitness
metrics through the years. For example, a decline in mobility combined with abnormal coronary heart rate patterns
would possibly indicate an accelerated threat of falls, prompting well-timed intervention. The AI models also allow
for dynamic adjustments to customized care plans primarily based on evolving health profiles, ensuring that sufferers
get hold of the maximum applicable and effective care.
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Figure 2. Time Series Forecast

The proposed machine offers a comprehensive solution to monitor and classify patient fitness by detecting anomalies
using IoT sensors, a complex data processing pipeline, and AT algorithms. These sensors, embedded in patients' beds
or wearable gadgets, clever home systems, or medical gadgets, offer efficient and consistent monitoring in healthcare
applications. Data processing pipelines play an important role in organizing and preparing information collected for
evaluation. This pipeline ensures statistics integrity with the aid of filtering noise, managing lacking values, and
correct formats. By leveraging existing healthcare infrastructure, the pipeline allows the collection of sensor statistics
and the advent of electronic health records (EHRs), which provide visibility into a patient’s health and the system’s
detection engine, AT algorithms. Advanced machines getting to know can be used to classify sufferers’ reputations and
perceive abnormalities indicative of health troubles, which include falls, prolonged state of being inactive, or critical
symptoms precise to the Al side, to allow the device to trouble real-time alerts, empower caregivers and physicians to
respond fast to capacity threats. Additionally, those programs are adapted to specific health issues, providing
personalized care and guiding with instruction.

This program addresses major gaps in traditional health care by providing emergency and remote patient care. This
increases early detection of health issues, improves patient outcomes, and reduces hospitalization. However, to
maximize its impact, challenges such as data privacy, affordability, and network infrastructure need to be addressed.
Combining IoT sensors, centralized data pipelines, and AI-powered analytics, the proposed system provides a scalable
and innovative approach to modern healthcare, especially for populations in need of access to care, such as patients
who advanced age or chronic conditions.
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Data collected from wearable devices and smart bed sensors provides a more comprehensive overview of patient
health by capturing vital indicators such as posture, vital signs, and movement patterns. Wearable devices can
monitor physiological parameters such as heart rate, blood pressure, oxygen saturation and temperature, and time
tracking of vital signs by Smart bed sensors These integrated data sources provide a comprehensive picture of patients'
health, allowing intensive monitoring, of anomalies this accelerated by position detection at rest, sleep quality and
movement, provide awareness of movement and recognition of potential issues such as bed sores or even falls allows.
Collected data is transferred to a centralized system, where it is filtered, organized, and integrated into existing health
records. This seamless integration ensures that healthcare professionals have insights they can use to make informed
decisions. Together, these technologies empower personalized care, enhance patient outcomes, and reduce the burden
of repeated individual assessments.

Machine learning models, such as convolutional neural networks (CNNs) and long-term short-term memory (LSTM)
networks, are central to analyzing sensor data for condition classification and health risk prediction, among others
indicative of potential health issues They can be designed for sequential deployment, the LSTM network requires
temporal scheduling of movement or position changes, enabling control of hazards such as falls or slippery trips due
to timing obstacles prophecy.

IoT protocols ensure efficient data transmission, enabling real-time analytics. Small protocols such as MQTT and
CoAP support seamless communication between IoT devices and the central operating system, ensuring fast data
transfer with minimal latency this infrastructure can continuously monitor and process sensor data, easily better
integrate machine learning models and IoT systems real-time alerts for caregivers and medical professionals Instant
healthcare intervention is on the rise to provide insight and. The system’s adaptive learning ensures individual
engagement by reducing predictions based on personal health data. This combination of advanced analytics and IoT
provides scalable and impactful solutions to continuously monitor and improve health outcomes in at-risk
populations.

System effectiveness is evaluated through key metrics: classification accuracy, response time, and patient
satisfaction.

e C(lassification accuracy measures the system’s ability to correctly identify patients’ status and detect health
abnormalities. High precision ensures that critical conditions, such as falls or abnormal vital signs, are
detected early, and reduces false alarms and missed signs Machine learning models such as CNN and
LSTM, play a key role in achieving this accomplished by accurate and reliable analysis of sensor data.
Training and ongoing refinement of these programs help maintain accuracy over time.

e The response time analyzes how quickly the system strategies sensor facts and signals caregivers or
physicians in essential situations. Efficient IoT protocols, along with MQTT and CoAP, support seamless
information communique, and ensure minimum latency among anomaly detection and alert era. Real-time
analytics in addition enhance response efficiency, permitting timely interventions that could prevent
headaches or emergencies.

e Patient satisfaction focuses on the person's enjoyment and the perceived usefulness of the system. Features
together with ease of use, lack of intrusion, and dependable indicators contribute to delight. Regular
feedback from patients and caregivers facilitates enhanced application design and operation, ensuring it
meets the specific care wishes of the aged. Collectively, those assessment metrics underscore the gadget’s
capability to deliver safe, powerful, and patient-centered fitness care.

The implementation prototype is designed as a scalable and modular system combining IoT sensors, a centralized
data processing pipeline, and Al algorithms to monitor patient health and predict potential risks. The prototype
consists of the following components:

e IoT sensors: Ideal applications include wearable devices (e.g., smart watches) and smart bed sensors for
collecting real-time information on vital signs, posture, and mobility. These sensors provide a stream of data
top of such factors as heart rate, blood pressure, sleep quality, and increased activities. Smart bed sensors are
integrated to monitor movement during the night to identify potential problems such as prolonged or
abnormal positioning.

e Data transmission and processing: The collected data is transmitted using lightweight IoT protocols such as
MQTT or CoAP that provide low latency and reliable communication. The data is processed through a
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centralized system, which extracts, organizes, and integrates with existing electronic health records (EHRs).
Noise reduction techniques and data preprocessing have been used to ensure accuracy.

e Al systems: Machine learning models with convolutional neural networks (CNNs) for spatial analysis and
long-term and short-term memory networks (LSTM) for temporal data explore processed information These
models classify patient positions and predict the health of potential hazards, such as falls or abnormal vital
signs, in real time, anomaly detection is enabled.

e User Interface: An easy-to-use dashboard has been developed for caregivers and physicians to view alerts,
trends, and patient health information in real-time. Mobile app integration ensures remote access, providing
caregivers with timely information and actionable insights.

Table 1: Results Comparison

Accuracy . ROC-
Model %) Precision Recall F1-Score AUC
CNN 95.2 0.93 0.91 0.92 0.96
LSTM 97.1 0.95 0.94 0.95 0.97
CNN-LSTM
Hybrid 98.2 0.97 0.96 0.96 0.98

The hybrid CNN-LSTM model achieved the best performance (98.2% accuracy), making it the preferred approach for
geriatric health monitoring.

This version is designed to fulfill practical healthcare needs that emphasize actual-time analytics, scalability, and
customizability in healthcare settings. It integrates IoT sensors and Al algorithms to gather, examine, and interpret
the affected individual’s information. Observe understanding constantly and examine critical symptoms, positions,
and movement patterns. Its modular design permits seamless integration into existing healthcare structures, making
it greater reachable and green. By prioritizing care responses, this version maximizes the impact on affected
individuals, reduces hospitalizations, and provides adequate housing for vulnerable populations.

Machine studying algorithms play an important role in fitness facts evaluation, geographic segmentation, and
abnormality detection. These algorithms, including convolutional neural networks (CNNs) as well as long short-term
memory (LSTM) networks, have been trained on extensive datasets representing various developmental stages. CNNs
in health systems excel at identifying spatial objects from sensor data, which can be accurate based on factors such as
time, location, and position. Of spatial distribution. LSTMs contribute to this by studying time collection for changes
or tendencies through the years, making them effective in detecting dynamic anomalies such as water droplets or
important signs that disappear day by day. Specific patterns are recognized as fashion enhancement through iterative
mastering, mainly to enhance accuracy in real-world applications. This functionality ensures that essential facts are
discovered in actual times, allowing timely signals for caregivers or health care providers. By combining accuracy and
flexibility, this system gaining knowledge of the model dramatically improves the speed and high-quality of care for
seniors.

IoT systems are designed for efficient, real-time healthcare monitoring using systems such as MQTT for data
transmission and edge counting for local analytics MQTT (Message Queuing Telemetry Transport) An ideal system
for healthcare applications is lightweight and provides reliable, cost-effective connectivity between IoT devices and
centralized systems including wearable room sensors, smart bed systems and uninterrupted environmental
monitoring of processing units. Edge computing supports this by performing localized data analytics at or near the
data source, reducing reliance on cloud-based systems. By processing critical health information such as posture, gait,
and vital signs in the river, the system reduces downtime, enabling real-time detection of anomalies and make
decisions This is particularly important for care of the elderly and aged, where there is a timely response to
abnormalities in health, such as falls or an unstable lifestyle pintinn, important. By combining complex protocols with
advanced computing techniques, IoT systems increase scalability, responsiveness and reliability, making them ideal
for healthcare facilities.
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RESULTS

The overall performance of IoT-based totally healthcare systems is evaluated the use of standards which include
accuracy, reaction time, scalability, and person satisfaction. Accurately measures the system’s ability to successfully
classify patient repute and detect health abnormalities, together with falls or vital sign abnormalities the usage of
gadget learning models inclusive of CNN and LSTMs High type guarantees spuriousness which might be much less
superb and missing cases, increasing reliability.

Table 2: System Performance Comparison

Classific | Respo . .
System/Mod ation nse Scalabilit Data. Adoption Prlvacy &
. Integration | Challenge Security
el Accuracy | Time y Capabili S Concerns
%) | (ms) pability
Seamless Moderate Moderate
Proposed IoT- 98.20% | 150 ms High with EHR (Ted.l. . (Date.l
Al System Familiarity | Sharing
and IoT Data .
) Risks)
Traditional High
Clinical 85.40% | 500ms | Low Fragmented (Limited Low
Assessments Tech Use)
Moderate
X;K;:ﬁ;gﬂy 92.10% | 300 ms | Moderate | (Wearable Moderate High
& Data Only)
AI_O.H 1}., . High (Bias &
Predictive 60% | 200m Moderat Limited to Hich Exolaina-
Models (No 95.00% S oderate Existing Data & xpraia
IoT) bility)
ISTI};E:S?I_IOT Improved but
(greWous 96.30% | 180 ms | High Not Fully Moderate Moderate
Studies) Integrated

The response time monitors the performance of statistics transmission and processing. Using lightweight protocols
including MQTT and facet computing for local analysis makes the machine smaller and enables actual time alerting
and intervention competencies to ensure consistent operation of gadgets and over more than one user, take a look at
scalability by way of tracking its overall performance below extraordinary data hundreds. User delight is measured
via remarks from caregivers and patients, that specialize in usability, confidence in alerts, and the capability of the
machine to offer health effects enhance correctly.

Table 3: Correlation Matrix for the numeric variables

Classification Accuracy (%) Response Time (ms)

Classification Accuracy (%) 1 -0.997

Response Time (ms) -0.997 1

There is a very strong negative correlation (-0.997) between Classification Accuracy and Response Time. This suggests
that as response time decreases (faster systems), classification accuracy tends to increase, and vice versa.

¢ Low Fall Risk (Green) tends to cluster at higher mobility scores, meaning better mobility is generally
associated with lower risk.
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¢ High Fall Risk (Red) appears more often at lower mobility scores, indicating poorer mobility may
increase fall risk.

¢ Moderate Fall Risk (Orange) is scattered in between, representing intermediate mobility levels.
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Figure 3: Correlation Matrix - IoT Enhanced Health Outcomes (50 Patients)
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The correlation matrix analysis of the IoT-Enhanced Health Outcomes dataset for 50 geriatric patients highlights key
relationships between health, environment, and quality of life. The Smart Home Environmental Score showed a strong
positive correlation of +0.704 with the Combined Health Metrics, indicating that patients living in healthier home
environments tend to have significantly better overall health as monitored by IoT sensors. Similarly, Wearable Activity
Scores had a +0.531 correlation with Combined Health Metrics, emphasizing that patients who maintain higher
physical activity levels also show improved health outcomes. Interestingly, Age had a weak negative correlation of -
0.233 with Frailty Score, meaning that while older age slightly increases frailty risk, frailty is influenced more by
lifestyle and chronic conditions than by age alone. There was almost no correlation between Frailty Score and Quality
of Life (only +0.054), suggesting that patients can still perceive good quality of life despite being frail, provided they
receive appropriate care and support. However, Clinical Visits showed a weak positive correlation of +0.190 with
Frailty Score, meaning frailer patients require slightly more medical attention. At the same time, Clinical Visits had a
weak negative correlation of -0.126 with Quality of Life, possibly indicating that frequent visits to healthcare facilities
could reduce patients’ perceived well-being. Overall, the findings reveal that objective health metrics tracked by IoT
devices strongly align with actual health status, but subjective quality of life is influenced by a broader set of factors,
including emotional well-being, social support, and ease of accessing care, highlighting the need for a holistic, patient-
centered approach in geriatric care.

actual results.

e Positive truth (TP): Insecure individuals correctly predicted hospitalization at one year.

e True Negative (TN): Non-vulnerable individuals correctly predicted not having to be hospitalized.
e False positives (FP): Non-susceptible individuals incorrectly predicted hospitalization.

e False negatives (FN): Incorrectly predicted that vulnerable individuals should not be hospitalized.
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Figure 4: Fried Status Vs One-Year Hospitalization

These metrics help to calculate performance metrics such as precision, accuracy, recall and Fi-score. For example,
high recall ensures that vulnerable patients at clinical risk are not overlooked, while accuracy reduces and through
unnecessary interventions for vulnerable individuals so that the dementia program enables targeted, effective
interventions and improved health care in Figure 4.

CHALLENGES AND LIMITATIONS

The integration of IoT and AI technologies in healthcare faces several technical challenges that can hinder its
effectiveness. The predominant problem is sensor failure and lack of records at some point of transmission. IoT
devices, which include wearable sensors and clever video display units, can produce noise or incomplete statistics due
to hardware barriers, environmental interference, or connectivity troubles. These inaccuracies can compromise
system reliability and purpose errors in fitness tracking or anomaly detection. Furthermore, the high computational
fees associated with training and the usage of superior Al fashions pose another key mission. Machine studying
algorithms, particularly deep studying models consisting of CNN and LSTM, require massive electricity and
processing power, which can be luxurious, particularly in aspect computing environments.

In addition to technical obstacles, limitations to adoption continue to be a situation, in particular resistance from older
users and caregivers. Many older adults are hesitant to embody new technology because of virtual illiteracy,
unfamiliarity with devices, or perceived complexity. Similarly, caregivers might also question the device or find it
tough to participate in their work. Data privacy and protection also prevent them from being followed. The continuous
collection and transmission of sensitive health records carries the hazard of breach and misuse, and requires robust
safety features and obvious information governance for customers benefit self-assurance Addressing those challenges
is vital for successful implementation and extensive adoption.

CONCLUSION

This study highlights the transformative potential of AT and IoT-enabled solutions that enhance geriatric healthcare
by integrating real-time analytics and intelligent decision-making. The proposed system uses IoT sensors and
advanced Al algorithms to track vital signs, position and movement patterns, provide timely alerts and personalized
actions to provide patients with a their elderly health outcomes are improved Addressing important gaps in traditional
health care, the program empowers acute care, reduces hospitalizations, independent living It also provides support.
Future work will focus on overcoming current challenges, such as ensuring data retention, optimizing costs, and
increasing connectivity with existing health care systems. Efforts will also attempt to expand the dataset to include
more diverse patient populations, ensuring consistent and accurate predictions in different populations. Additionally,
integrating telemedicine systems and reducing the ease of use of procedures for older patients and their caregivers
will be key. Scaling up extended adoption solutions promises to revolutionize geriatrics worldwide.
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FUTURE WORK

To improve the reliability and efficiency of Al-driven IoT health structures, growing the dataset to include unique
sufferers is essential. Current datasets are frequently not consultant on the population level range, together with age,
ethnicity, socioeconomic fame, and location. The inclusion of statistics from numerous populations guarantees that
predictive fashions are robust and correct, and able to meet the particular health dreams of numerous organizations.
This extension reduces bias in Al predictions and increases the generalizability of the system through offering accurate
assessments across a wide form of humans. Parallel to this, the inclusion of superior AI models is important for
imparting customized hints. Techniques which incorporates integrated gaining knowledge of and reinforcement
studying offer bendy fashions that study from person healthcare models without compromising information privacy.
These models can offer personalised care planning, actual-time signals, and early intervention techniques to enhance
fitness results for older sufferers or condition persistent paperwork.

Additionally, it integrates the machine with telemedicine platforms to create a complete answer for comprehensive
care. Real-time information accrued from IoT gadgets can be without difficulty shared with telemedicine vendors,
enabling patients to be monitored remotely and provide suitable recommendation This integration offers care a
improves sustainability, reduces hospital visits, and supports a proactive approach to health care, especially for larger
populations of far off or underserved populations.
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