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Abstract—Individuals with cognitive impairments often
face challenges in maintaining consistent daily routines,
increasing their vulnerability in  unsupervised
environments. This paper presents an Internet of
Things (loT)-enabled monitoring system designed to
support routine tracking and safety assurance for such
individuals. The system integrates various physiological
and contextual data inputs, including heart rate, blood
oxygen levels (SpO2), body posture, sleep activity,
phone interaction, voice presence, and emergency
signals. Built on the ESP32 microcontroller, the device
gathers and displays live data through a local web
interface accessible on nearby devices. Each parameter
is monitored independently and collectively to interpret
the user’s current condition, enabling timely alerts and
status updates. The compact design combines health
and environmental feedback in a single platform,
promoting continuous awareness without intrusiveness.
The solution is cost-effective, easily deployable, and
customizable for different user needs, making it a
valuable tool for caregivers and medical professionals
to ensure safety and support daily living for those with
cognitive challenges.
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I.  INTRODUCTION

The advent of the Internet of Things (loT) has
profoundly transformed healthcare delivery by
enabling continuous, real-time monitoring of
physiological and behavioral parameters through
interconnected devices. 10T-based health monitoring
systems leverage a variety of embedded sensors to
collect vital data such as heart rate, oxygen
saturation, movement patterns, and sleep quality,
which are crucial for assessing an individual's
cognitive and physical well-being. These systems
facilitate remote patient monitoring, allowing
healthcare providers to detect early signs of cognitive
decline and intervene proactively. Recent research
emphasizes the integration of wearable and ambient

sensors within smart environments to unobtrusively
capture daily activities, thereby supporting
independent living for individuals with cognitive
challenges and reducing caregiver burden

In cognitive health monitoring, 10T devices have
demonstrated significant potential by capturing
subtle behavioral changes that traditional clinical
assessments might overlook. For example, position
tracking sensors can reveal alterations in spatial
navigation and mobility, while physiological sensors
such as heart rate and SpO2 monitors provide insights
into stress and overall health status. Additionally,
analyzing patterns of smartphone usage offers a novel
behavioral ~ dimension,  reflecting  cognitive
engagement and social interaction frequency. These
diverse data streams, when combined, enable a
comprehensive understanding of an individual's
routine and functional status. Studies have shown that
such continuous monitoring can detect anomalies
indicative of early cognitive impairment, facilitating
timely medical evaluation and
personalized care planning.

Beyond individual monitoring, loT-enabled systems
contribute to broader public health objectives by
aggregating anonymized data to identify population-
level trends and risk factors associated with cognitive
disorders. Smart home technologies equipped with
sensors such as passive infrared detectors, bed
occupancy sensors, and wearable trackers provide
continuous behavioral data that can be analyzed to
promote healthy lifestyle changes and prevent
deterioration. This holistic approach not only
improves patient outcomes but also optimizes
healthcare resource allocation by enabling remote
supervision and reducing hospital admissions.
However, challenges related to data privacy,
interoperability, and user acceptance remain critical
areas for ongoing research and development

Built Advanced data analytics, have significantly
improved the effectiveness of loT-based health
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monitoring. Models like LSTM networks and
Random Forest classifiers process diverse sensor data
to detect patterns linked to cognitive decline or
emergencies. Communication protocols such as
LoRa make these systems reliable and scalable, even
in areas with weak connectivity. Explainable Al
models further enhance clinical trust by providing
clear, interpretable reasons for detected anomalies,
supporting better decision-making by
healthcare professionals

Ultimately, the convergence of 10T technologies and
intelligent data analytics is reshaping cognitive health
monitoring by enabling seamless, real-time
observation of both physiological and behavioral
indicators. This integration not only supports early
detection of cognitive changes but also empowers
individuals with cognitive difficulties to maintain
greater independence and safety in their daily lives.
As these systems become more user-friendly,
reliable, and secure, they hold significant promise for
transforming remote healthcare, fostering proactive
interventions, and improving the overall quality of
life for vulnerable populations

Il. LITERATURE REVIEW

The integration of 10T technologies into healthcare
and assistive systems has shown significant promise
in improving the quality of life for individuals with
cognitive impairments. Researchers have explored
various sensor-based and intelligent frameworks
aimed at behavior tracking, anomaly detection, and
remote health monitoring.

Kumar et al. (2022) \[1] designed an loT-enabled
health monitoring kit that captures vitals such as heart
rate and oxygen saturation, transmitting real-time
data to caregivers via cloud services. Their work
demonstrated the feasibility of non-invasive
monitoring for vulnerable groups.

Sharma et al. (2021) \[2] introduced a smart
wearable for elderly individuals that uses
accelerometers and gyroscopes to detect motion and
falls. Their model emphasized continuous behavioral
logging and emergency alert triggers, key aspects of
autonomous health monitoring.

Patel and Nair (2020) \[3] proposed a daily activity
recognition system using mobile and environmental
sensors. They trained their system to identify routine
disruptions using threshold-based algorithms,
highlighting the importance of contextual sensor
fusion.

Liu et al. (2023) \[4] explored cognitive assistance
through embedded systems, combining physiological
indicators such as sleep and SpO2 with mobile phone
usage patterns to detect irregular mental states. Their
work underlined the potential for context-aware
systems to act as digital companions for patients .Lan
etal.

Rajan et al. (2022) \[5] worked on a voice and motion
detection system for Alzheimer’s patients using
NodeMCU and Python-based analysis. The system
focused on real-time caregiver alerts and established
a baseline for intellectual activity monitoring through
simplified interaction

Gupta et al. (2022) explore the use of smartphone
interaction data as digital biomarkers for cognitive
health. Their research demonstrates that changes in
phone usage patterns, such as reduced interaction
frequency or delayed response times, can serve as
early indicators of cognitive impairment. The
integration of behavioral data with physiological
monitoring enhances the overall sensitivity and
specificity of anomaly detection systems.

Wang et al. (2023) investigate the application of
machine learning algorithms, such as Long Short-
Term Memory (LSTM) networks and Random Forest
classifiers, to heterogeneous sensor data in cognitive
health monitoring. Their findings indicate that
advanced analytics can accurately detect patterns and
anomalies correlated with cognitive decline, while
explainable Al models improve clinical trust by
providing interpretable insights. Singh et al. (2021)
address the challenges of reliable data transmission in
resource-limited settings, emphasizing the role of
adaptive communication protocols like LoRa and
MQTT in ensuring system scalability and robustness.
Singh et al. (2021) address the challenge of reliable
data transmission in remote health monitoring by
implementing adaptive communication protocols
such as LoRa and MQTT. Their research
demonstrates that robust connectivity is essential for
continuous monitoring, especially in low-resource or
rural environments. By ensuring stable data flow
between sensors and cloud servers, these protocols
enhance the scalability and practicality of 10T-based
cognitive health systems.

Patel et al. (2023) developed a smart routine
monitoring system for individuals with cognitive
difficulties, integrating position sensors, heart rate,
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SpO; , and sleep status modules. Their loT-based
framework enabled continuous assessment of both
physiological and behavioral parameters, supporting
early detection of cognitive decline and timely
intervention through automated alerts. The reviewed
literature emphasizes the multidimensional utility of
DTs—from operational efficiency to strategic
planning. While significant progress has been made,
several challenges and future directions remain:
The reviewed literature  emphasizes  the
multidimensional benefits of loT-enabled cognitive
health monitoring systems-from supporting daily
routine tracking to enabling proactive clinical
interventions. While notable advancements have
been achieved, several persistent challenges and
future research directions remain:
Interoperability and standardization across diverse
sensor platforms and data formats Scalability in low-
resource environments
e Scalability and reliability in low-connectivity or
resource-limited settings
e Integration of explainable Al for transparent and
actionable health insights
e Ensuring data privacy, user consent, and robust
cybersecurity in decentralized health
monitoring environments
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The proposed Smart Daily Routine Monitoring
framework aims to support individuals with cognitive
difficulties by enabling non-invasive, real-time
monitoring of their daily routines through loT-based
wearable systems. It is structured into five
modules:(A) Wearable Sensor System Deployment,
(B) Digital Twin Architecture for Routine Modeling,
(C) Data Processing and Routine Deviation
Detection, (D) Predictive Analytics and Personalized

Supervision, and (E) 10T Integration and
Visualization.

A. Wearable Sensor System Deployment

At the foundation of the framework is a smart
wearable system powered by ESP32
microcontrollers, designed for continuous, non-
invasive health and activity monitoring. The
wearable includes sensors for SpO2, heart rate (PPG),
motion (accelerometers/gyroscopes), and
temperature, all of which serve as key indicators of
physical health and routine adherence.

This system is designed to be lightweight, low-
power, and user-friendly to accommodate individuals
with cognitive impairments. Sensor data is
timestamped and geotagged (if necessary), providing
a comprehensive context of the user’s daily activities
and health status.

B. Digital Twin Architecture for Routine Modeling
A digital twin of the user’s typical daily routine is
created, functioning as a dynamic virtual
representation of expected behavior patterns. This
includes key activities such as waking up, meals,
medication intake, physical activity, and rest periods.
The twin is personalized based on historical
behavioral data and can be updated dynamically as
the user’s routines evolve. Each routine event is
associated with expected biometric and movement
data profiles, forming the baseline for anomaly
detection.

C. Data Processing and Routine Deviation Detection
Collected sensor data undergoes real-time
preprocessing to remove noise and align multi-sensor
streams. Advanced algorithms, such as statistical
anomaly detection and machine learning classifiers,
are applied to identify deviations from established
routines.

Examples of deviations include skipped meals,
unusual inactivity, abnormal heart rate patterns, or
failure to take medication. These deviations are
flagged as potential cognitive or health-related
concerns and logged for further review.

D. Predictive Personalized
Supervision

Using techniques like time-series forecasting (e.g.,
LSTM, ARIMA) and pattern recognition, the system
predicts potential disruptions in the user’s routine or
health status.

By analyzing historical trends in biometric and

Analytics  and
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behavioral data, the system can alert caregivers to
risks such as deteriorating health, increased stress
levels, or early signs of cognitive decline. This
module also enables adaptive support, adjusting
supervision levels based on the user’s changing
needs.

E. 10T Integration and Visualization

Sensor data is transmitted securely to a cloud-based
loT platform using protocols like MQTT or HTTP,
supporting remote access and control. The platform
features real-time dashboards for caregivers and
healthcare professionals, displaying vitals, activity
timelines, and routine adherence scores.

Alerts for critical events—such as low oxygen
saturation, prolonged inactivity, or routine
anomalies—are sent via SMS, email, or app
notifications. Role-based access ensures that family
members, healthcare providers, and support staff can
interact with the system according to their specific
responsibilities and privacy permissions.

SYSTEM ARCHITECTURE

The system architecture for the Smart Daily Routine
Monitoring framework is designed to integrate
wearable sensors, cloud analytics, and assistive
interfaces to support individuals with cognitive
difficulties in maintaining healthy, safe, and
structured daily routines. The architecture is modular,
scalable, and energy-efficient, enabling deployment
in both home and care facility environments with
minimal infrastructure requirements.
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Fig. HIGH LEVEL SYSTEM OVERVIEW

A. Sensor Layer (Edge Level)

This layer comprises non-invasive smart wearables
equipped with sensors like SPO2, heartbeat monitors,
accelerometers, and gyroscopes. These devices,
powered by ESP32 microcontrollers, continuously
monitor health vitals and physical activity. The
wearables are designed for comfort and extended use,
featuring Bluetooth Low Energy (BLE) and low-
power operation to ensure long-term functionality
without frequent recharging.

B. Communication Layer

Wearable devices communicate data securely via
BLE, Wi-Fi, or GSM, depending on connectivity
availability. A central home gateway (ESP32 hub or
smartphone app) aggregates data from multiple
sensors. MQTT or HTTP protocols are used for
lightweight, real-time data transfer to the cloud or
local server, ensuring minimal latency and low power
consumption.

C. Cloud/Server Layer (Routine Twin Core)

This core module acts as the "Digital Twin" of the

individual’s routine, replicating expected daily

patterns using machine learning and historical data. It
includes:

» A temporal health and activity database to store
daily metrics and routine history.

« Al-powered behavior analysis engine to learn
and predict personalized routines.

« Deviation detection models that compare real-
time actions with established patterns (e.g.,
missed medication, irregular sleep, lack of
activity).

»  Support for integrating external medical data or
caregiver inputs to enhance personalization.

D. Data Analytics and Alert Engine

This module processes data using threshold-based

algorithms, fuzzy logic, and Al classifiers to detect

abnormal conditions or routine deviations. It

identifies issues like:

«  Missed critical routine steps (e.g., not eating or
bathing)

»  Sudden changes in vitals (e.g., heart rate spikes)

»  Extended inactivity or wandering behavior

 Upon detection, personalized alerts are
generated and escalated to caregivers, family
members, or healthcare providers depending on
severity.

E. Application Layer (User and Caregiver Interface)
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This interface includes:

»  Mobile and web dashboards for caregivers to
track routines, vitals, and alerts.

*  Wearable or smart speaker prompts for the
individual (e.g., reminders for medications or
meals).

« Real-time notification system via SMS, app
alerts, email, or voice assistants for both users
and caregivers.

»  Privacy-focused controls and permissions for
data access.

SMART DAILY ROUTINE MONITORING

FOR INDIVIDUALS WITH COGNITIVE DIFFICULTIES
Real-time data tracking and non-invasive health monitoring
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IV. RESULT AND ANALYSIS

The proposed Smart Daily Routine Monitoring
framework was evaluated through real-world trials
involving smart wearable systems, ESP32-based 10T
modules, and non-invasive health monitoring
sensors. The system’s effectiveness was assessed in
terms of routine deviation detection accuracy,
biometric data reliability, system latency, and user
adaptability in healthcare-focused environments.

Dashboard Mockup

Real-Time Biometric Deviation Alerts

Readings A\
Deviation
@ 96x  SoF Detcte
|
E. Caregiver Notification
o 72 bpm Panel
Routine Timeline o

Fig: Dashboard Interface

User Interface Implementation

The user interface of the Smart Routine Monitoring
system is designed with accessibility and cognitive
simplicity in mind. Users and caregivers access the
system via a straightforward login portal, requiring
minimal user input. Once authenticated, the main
dashboard presents a personalized routine timeling,
real-time biometric data streams, and alerts for any
deviation from expected daily activities.

Key features include color-coded routine tracking
(e.g., green for completed tasks, yellow for delays,
red for missed activities) and live biometric
visualization. When users deviate from their expected
routine, a contextual alert is displayed, providing
caregivers with options for real-time intervention.
Hover interactions reveal current SpO, levels,
heartbeat readings, and recent movement patterns
tracked via embedded accelerometers and
gyroscopes.

Routine Deviation Detection Accuracy

The framework utilized historical behavioral patterns
alongside real-time sensor inputs to detect deviations
in personal routines. Across monitored individuals,
the system demonstrated a deviation detection
accuracy of 91.2%, successfully flagging skipped
meals, irregular sleep, and missed medications.
Advanced time-series analysis and adaptive
thresholds minimized false alerts, ensuring relevance
and clarity for caregivers and health professionals.

Routine Deviation Detection Flowchart
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Health Monitoring Reliability

Latency was measured as the time taken from raw
sensor data acquisition to visualization on the digital
twin dashboard. With edge-computing optimization
and MQTT-based data pipelines, the system achieved
an average end-to-end latency of 2.4 seconds, even in
low-bandwidth environments. This responsiveness is
crucial for real-time decision-making and rapid
mitigation of contamination threats.
Community-Centric Insights and Visualization

Pilot deployment in a rural setting included a user-
facing dashboard tailored for local authorities and
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residents. Feedback indicated that 87% of users
found the contamination alerts and water usage
reports easy to understand and act upon. This
usability underscores the framework’s potential not
only as a technical tool but also as a medium for
building trust and transparency in public water
systems.

Scalability and Adaptability

Tests were conducted to simulate scaling the system
from 5 to 100 nodes (sensors and controllers). The
DT framework maintained stable performance with a
less than 8% drop in system throughput, validating its
suitability for deployment in both small villages and
large municipal water systems. Furthermore, the
modular architecture allowed easy integration of new
sensor types and third-party data sources,
demonstrating high adaptability across different
infrastructure setups.

Deviation Detection
Accuracy vs Tritional methods

100% 400
80 ‘ 300 o
60 J 200

Latency Performance
in Different Network Conditions

0

Traditional Proposed

Network conditions.
methods system

Latency Performance
in Different Network conditions

|l =

User Feedback Statistics

a1l

0

3G |

0 100 200 300 400 400

Comparative Benchmarking

Compared to conventional SCADA-based water

monitoring systems, the digital twin achieved:

e 2.5x faster contamination detection

e ~30% improvement in allocation efficiency

e ~40% lower operational costs, due to lightweight
hardware and cloud-native deployment

V. CONCLUSION

This study presents a comprehensive loT-based smart
wearable framework designed to support individuals
with cognitive difficulties through non-invasive daily
routine monitoring and real-time health tracking.
Leveraging technologies such as ESP32
microcontrollers, SPO2 and heartbeat sensors, and
assistive software systems, the proposed solution
offers a personalized and scalable approach to
enhance routine adherence, detect deviations, and
promote well-being.

The system integrates wearable devices and
environmental sensors to continuously collect

physiological and behavioral data. This information
is analyzed in real time to detect anomalies in daily
routines, providing timely alerts to caregivers or
healthcare professionals. By enabling early
intervention, the system supports individuals in
maintaining independence while ensuring safety
through intelligent supervision.

A key strength of the framework lies in its
adaptability  and personalized  supervision
capabilities. It can be tailored to individual cognitive
profiles, routine patterns, and health baselines,
making it highly effective for diverse user needs. The
use of edge computing and cloud connectivity
ensures low-latency performance and efficient data
processing, even in constrained environments.

Beyond its technical efficacy, the framework
promotes user-centric healthcare by being non-
invasive, energy-efficient, and socially inclusive. It
empowers caregivers with transparent insights while
preserving user dignity and autonomy. By fostering
greater accountability in care routines and enabling
proactive support, this solution holds promise for
improving quality of life in populations affected by
cognitive impairments.

Looking forward, future enhancements may include
integrating Al-driven behavior prediction models,
emotion recognition, and contextual awareness using
environmental data. Such advancements could
further refine routine monitoring and offer deeper
cognitive support, paving the way for smarter, more
empathetic healthcare solutions.

VII. FUTURE WORK

While the current smart daily routine monitoring
system demonstrates significant potential for
supporting individuals with cognitive difficulties
through non-invasive health monitoring and
personalized supervision, several opportunities exist
to enhance its scalability, intelligence, and
integration into broader healthcare ecosystems.
Future work will focus on improving real-time
responsiveness,  personalization, and  system
sustainability to ensure consistent, user-centric care.
Scalability and Real-World
Healthcare Settings

Future efforts will focus on deploying the ESP32-
based monitoring system across diverse living

Deployment in
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environments such as assisted living facilities, rural
homes, and urban clinics. This will help assess
system  robustness, user adaptability, and
performance in different socio-economic and
environmental conditions.

Enhanced Cognitive Routine Support with Al
Integrating machine learning models will enable
more accurate detection of routine deviations,
abnormal behaviors, and cognitive decline patterns.
This  will support timely interventions and
individualized care planning based on learned
behavioral trends.

Edge Computing for Real-Time Processing
Incorporating 10T edge computing with ESP32
devices will enable local processing of vital health
signals (e.g., SpO2, heart rate) and activity data,
reducing reliance on constant internet connectivity
and enhancing real-time responsiveness in low-
bandwidth settings.

Personalized Supervision and Adaptive Alert Systems
Future iterations will feature dynamic, context-aware
alert mechanisms that adapt based on the user’s
behavioral history and health profile, offering
caregivers and healthcare providers more precise and
actionable insights.

Integration with Wearable Assistive Technology
Expanding compatibility with advanced smart
wearable systems can improve comfort, monitoring
granularity, and long-term adherence. Future work
will focus on form factor optimization and wearable
ergonomics for unobtrusive daily use.

Energy Efficiency and Device Longevity

Optimizing firmware and communication protocols
for ESP32-based systems will extend battery life and
support long-term deployment. Integration with
energy-harvesting techniques may further enhance
sustainability.

Privacy-Preserving Health Data Analytics

Efforts will be made to integrate the system with
existing electronic health records (EHRs), caregiver
apps, and government health monitoring systems to
enable holistic and coordinated care delivery.

User Interface and Visualization for Caregivers
Enhancing caregiver dashboards with intuitive
interfaces, GIS-based tracking of movement patterns,

and anomaly visualization will facilitate faster
decision-making and support routine management.

Routine Deviation Prediction and Early Intervention
Incorporating predictive analytics based on historical
routine patterns will enable early warnings for routine
lapses, helping to proactively mitigate risks
associated with disorientation or missed medication.

Remote Monitoring with Satellite and Ambient
Sensing

In remote or poorly connected areas, combining
wearable monitoring with satellite or ambient
environmental sensing (e.g., room temperature, light
levels) can offer a more complete understanding of
the individual’s living conditions.

Simulating System Performance and Failures
Developing simulation tools to model potential
device malfunctions or data anomalies will support
robust error handling and system reliability under
varied conditions.
Gamification for  Routine  Adherence and
Engagement

Gamified mobile interfaces can motivate individuals
to follow daily routines and health tasks, promoting
autonomy and improving quality of life through
engaging digital incentives

REFERENCES

[1] Orlando Pereira, Joao M. L. P. Caldeira, Joel
J.P.C Rodrigues "Body Sensor Network Mobile
Solutions for Biofeedback Monitoring",
Springer Science +Business Media, LLC ,2010.
https://link.springer.com/article/10.1007/s1103
6-010-0278-y

[2] Jesudoss A. and Subramaniam N.P., “EPBAS:
Securing Cloud-Based Healthcare Information
Systems using Enhanced Password-Based
Authentication Scheme”, Asian Journal of
Information Technology, Vol. 15, Issue 14,
2016, pp. 2457-2463.

[3] Samuel Tanga, Vineetha Kalavally, Ng Kok
Yew, Jussi Parkkinen "Development Of A
Prototype Smart Home Intelligent Lighting
Control Architecture Using Sensors Onboard A
Mobile Computing System"
https://research.monash.edu/en/publications/de
velopment-of-a-prototype-smart-home-
intelligent-lighting-contro

IJIRT 178252 INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 3208


https://link.springer.com/article/10.1007/s11036-010-0278-y
https://link.springer.com/article/10.1007/s11036-010-0278-y
https://research.monash.edu/en/publications/development-of-a-prototype-smart-home-intelligent-lighting-contro
https://research.monash.edu/en/publications/development-of-a-prototype-smart-home-intelligent-lighting-contro
https://research.monash.edu/en/publications/development-of-a-prototype-smart-home-intelligent-lighting-contro

© May 2025 | IJIRT | Volume 11 Issue 12 | ISSN: 2349-6002

[4] Samuel Tanga, Vineetha Kalavally, Ng Kok
Yew, Jussi Parkkinen "Development Of A
Prototype Smart Home Intelligent Lighting
Control Architecture Using Sensors Onboard A
Mobile Computing System"

[5] Jesudoss A. and Subramaniam N.P., “Enhanced
Kerberos  Authentication for Distributed
Environment”, Journal of Theoretical and
Applied Information Technology, 2014 Vol.
69, No. 2, pp. 368- 374. (Scopus Indexed)

[6] Gagnon-Roy, M., Bier, N., Couture, M., &
Giroux, S. (2019). Smart Home Technology: A
New Approach for Performance Measurements
of Activities of Daily Living and Prediction of
Mild Cognitive Impairment in Older Adults.
Journal of Alzheimer's Disease, 68(1), 121-136.
https://pubmed.ncbi.nlm.nih.gov/30775978/

[7] Hussain, F., Hussain, F., Ehatisham-ul-Haqg,
M., & Azam, M. A. (2019). Activity
Recognition System for Dementia Patients in
Smart Homes using Learning Techniques.
IEEE Access, 7, 29543-
29555,

[8] Jekel K, Damian M, Storf H, Hausner L, Frélich
L. (2016). Development of a Proxy-Free
Objective Assessment Tool of Instrumental
Activities of Daily Living in Mild Cognitive
Impairment Using Smart Home Technologies.
Journal of Alzheimer's Disease, 52(2):509-517
https://pubmed.ncbi.nlm.nih.gov/27031479/

[9] Lawson L, Mc Ardle R, Wilson S, Beswick E,
Karimi R, Slight SP. Digital Endpoints for
Assessing Instrumental Activities of Daily
Living in Mild Cognitive Impairment:
Systematic Review. Journal of Medical Internet
Research, 25:e45658, 2023.
https://pubmed.ncbi.nlm.nih.gov/37490331/

IJIRT 178252 INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 3209


https://pubmed.ncbi.nlm.nih.gov/30775978/
https://pubmed.ncbi.nlm.nih.gov/27031479/
https://pubmed.ncbi.nlm.nih.gov/37490331/

