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Construction and optimization of
health behavior prediction model
for the older adult in smart older
adult care

Qian Guo'* and Peiyuan Chen?

tSchool of Economics and Management, Anhui Normal University, Wuhu, China, 2Oregon State
University, Corvallis, OR, United States

Introduction: With the intensification of global aging, health management for
the older adult has become a significant societal concern. Addressing challenges
such as data diversity, health status complexity, long-term dependence, and data
privacy is crucial for predicting older adult health behaviors.

Methods: This study designs and implements a smart older adult care
service model incorporating modules like multimodal data fusion, data loss
processing, nonlinear prediction, emergency detection, and privacy protection.
It leverages multi-source datasets and market research for accurate health
behavior prediction and dynamic management.

Results: The model demonstrates excellent performance in health behavior
prediction, emergency detection, and delivering personalized services.
Experimental results show an increase in accuracy and robustness in health
behavior prediction.

Discussion: The model effectively addresses the needs of smart older adult
care, offering a promising solution to enhance prediction accuracy and
system robustness. Future improvements, integrating more data and optimizing
technology, will strengthen its potential for providing comprehensive support in
older adult care services.
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1 Introduction

As the global population ages, the health issues of the older adult population are
receiving increasing attention (1-3). According to statistics, the proportion of the global
older adult population continues to rise. By 2050, the population aged 60 and above will
account for 22% of the worldwide population. This trend brings many challenges. In
particular, in the context of limited medical resources and insufficient older adult care
services, how to predict the health behaviors of the older adult through scientific and
effective methods and take preventive measures promptly has become an urgent problem
to be solved in many fields such as public health, social security, and smart older adult
care. The prediction of the health behaviors of the older adult is not only related to
improving individual health and quality of life but also has important significance for
reducing medical costs and alleviating family and social burdens.

The research on the prediction of health behaviors of the older adult can be traced back
to decades ago. Early studies mainly relied on traditional health assessment methods, such
as regular physical examinations, questionnaires, and expert interviews. Although these
methods can provide an overview of health status to a certain extent, their drawbacks
are also becoming increasingly apparent. First, these methods are highly dependent on
the participation and cooperation of the older adult themselves. The data acquisition
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process is complex and time-sensitive, making it difficult to
reflect the dynamic health status of the older adult promptly.
Second, traditional methods make it difficult to quantify individual
differences and cannot meet the needs of personalized health
management. With the rapid growth of the older adult population,
traditional health prediction methods have gradually exposed
problems such as insufficient data and low prediction accuracy.
New technical means are urgently needed to improve the
prediction effect.

In recent years, the rapid development of the Internet of Things
(IoT), big data, and artificial intelligence technologies has provided
new opportunities for predicting the health behavior of the older
adult. Smart older adult care has gradually become a frontier
research field. By combining sensor networks, wearable devices,
smart home systems, and artificial intelligence algorithms, real-
time monitoring and analysis of the daily behavior and health data
of the older adult can be achieved (4-6). Smart older adult care
technology can not only help the older adult live independently
but also effectively reduce the incidence of emergencies caused
by health problems. For example, smart bracelets can monitor
the older adults heart rate, blood pressure, body temperature
and other physiological data in real-time, and transmit the data
to the cloud through wireless networks, and combine big data
analysis technology to dynamically evaluate health behaviors.
At the same time, smart home devices can identify potential
health risks and provide timely warnings by monitoring the older
adult’s daily activities, such as getting up, going to bed, eating,
and exercising. These technical means based on the Internet of
Things and artificial intelligence have opened up new paths for
research on predicting the health behavior of the older adult.
However, although current smart older adult care technologies have
shown great potential in older adult health management, they still
face many challenges. First, the prediction of older adult health
behaviors involves the processing of multi-source heterogeneous
data, such as physiological data from wearable devices, activity data
from smart homes, and electronic medical records and medication
records (4, 7). How to effectively integrate these data to form a
high-quality prediction model is an urgent problem to be solved.
Secondly, the health behaviors of the older adult are highly
individualized and uncertain. There are significant differences in
the living habits, health conditions, and disease risks of different
individuals, which makes health behavior prediction face complex
modeling challenges. In addition, how to provide accurate and
timely health behavior predictions while ensuring data privacy and
security is also an issue that needs to be considered in current smart
older adult care research.

To cope with the multiple challenges in predicting the
health behavior of the older adult, this paper proposes and
implements a health behavior prediction platform for the
older adult that integrates multi-source data. The platform
collects the health data of the older adult in real-time through
IoT devices and uses multimodal data fusion technology to
effectively integrate data from different sources. The platform
can comprehensively monitor and analyze the physiological
parameters, daily activities, environmental factors, etc. of the
older adult, and handle the problem of missing data through
data interpolation and robustness enhancement algorithms. The
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platform also pays special attention to data privacy protection,
and adopts federated learning and differential privacy mechanisms
to ensure that the data of the older adult are processed in a
safe environment. Through these technologies, the platform can
not only automatically collect and analyze data, but also provide
personalized health management suggestions based on the health
status of the older adult, thereby improving the quality of life
of the older adult and reducing the care burden of society
and family.

To verify the effectiveness of the proposed platform, this paper
designed and conducted several experiments, which were tested
in different scenarios such as community care, home care, and
hospital care. The experimental data came from multiple sources,
including physiological data from wearable devices of the older
adult, activity data from smart home systems, and electronic
medical record data from hospitals. The experimental results show
that the proposed prediction platform has good adaptability and
stability in different scenarios, and the prediction accuracy is
significantly better than traditional methods. In the community
care scenario, the platform can accurately predict the risk of falls
of the older adult and issue early warnings in time; in the home
care scenario, the platform can identify abnormal living habits of
the older adult, such as long-term sedentary or increased nighttime
activities; in the hospital care scenario, the platform predicts the
risk of disease recurrence by analyzing the historical medical
records of the older adult, and provides scientific intervention
suggestions for medical staff.

The main contributions of this paper are as follows:

1. Firstly, a health behavior prediction platform for the older
adult that integrates multi-source data was designed and
implemented, and effective data fusion and modeling methods
were proposed, which can accurately predict the health behavior
of the older adult and issue early warnings promptly.

2. Secondly, the deep learning model proposed in this paper
combines the advantages of convolutional neural networks and
long short-term memory networks and enhances the capture
of key health characteristics through the attention mechanism,
thereby significantly improving the accuracy of prediction.

3. Thirdly, through experimental verification in different older
adult care scenarios, the wide applicability and robustness of
the platform were demonstrated, providing theoretical and
technical support for further research in the field of smart older
adult care.

4. Finally, this paper discusses the challenges and development
directions in future research on predicting health behaviors of
the older adult, especially proposing new ideas in multi-source
data fusion, personalized health management, and data privacy
protection.

In short, with the rapid growth of the older adult population,
how to use advanced technical means to predict and manage
the health behavior of the older adult is an important issue that
needs to be solved urgently. This paper demonstrates the broad
prospects of the field of smart older adult care by building a health
behavior prediction platform for the older adult that integrates
multi-source data, and provides strong theoretical support and
practical reference for future research.
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2 Related work

As an important part of smart older adult care, health behavior
prediction for the older adult has received extensive attention and
in-depth research in recent years. The progress of related work
is mainly concentrated in the following aspects: improvement of
traditional health behavior prediction methods, health monitoring
systems based on the Internet of Things, and health behavior
prediction in smart older adult care.

2.1 Traditional health behavior prediction
methods

In the early research on predicting the health behavior
of the older adult, traditional methods (8-10) mainly relied
on questionnaires, health examinations, and expert evaluations.
These methods collect basic health data of the older adult, such
as blood pressure, blood sugar, heart rate, etc., and combine
their living habits and medical history to assess health risks
and predict possible health problems. However, these traditional
methods face many challenges. First, these methods are highly
dependent on the participation and cooperation of the older adult
themselves. The data collection process is usually complicated
and the amount of data is limited. This static data cannot fully
reflect the dynamic changes in the health status of the older
adult, resulting in insufficient timeliness and accuracy of the
prediction (11). Second, traditional methods make it difficult to
quantify individual differences, especially when facing a diverse
older adult population, and it is difficult to provide personalized
health management plans. In addition, methods such as health
examinations and questionnaires often require high human and
material resources are not sustainable, and cannot be promoted on
a large scale. Nevertheless, traditional methods laid the foundation
for early research on the health of the older adult and provided
a reference for subsequent research. With the advancement of
data collection technology and analysis methods, researchers have
gradually realized the need to combine emerging technologies to
make up for the shortcomings of traditional methods, to achieve
more accurate and real-time health behavior prediction.

2.2 Health monitoring system based on
internet of things

The development of IoT technology has brought new
opportunities for monitoring and predicting the health behavior
of the older adult. In recent years, researchers have increasingly
used IoT devices for real-time health monitoring, such as smart
bracelets, smart homes, and wearable sensors. These devices can
collect physiological data and daily activity data of the older adult
in real-time, and transmit the data to the cloud for analysis through
wireless networks, thereby realizing dynamic monitoring of health
status (12-14). Health monitoring systems based on IoT have many
advantages. First, these systems can collect data in real-time and
discover changing trends in the health status of the older adult
through data analysis. For example, smart bracelets can monitor
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data such as heart rate, blood pressure, and body temperature of
the older adult in real-time and immediately issue an alarm when an
abnormality is detected. Similarly, smart home systems can identify
potential health risks by monitoring the daily activities of the older
adult, such as getting up, eating, and going out. Second, the data
collection process of IoT devices is usually automated, reducing the
reliance on the active participation of the older adult and ensuring
the continuity and integrity of the data. In addition, the data
collected by IoT devices can be combined with other data sources
(such as electronic medical records, medication records, etc.) to
achieve more comprehensive health behavior prediction (4, 7).
However, health monitoring systems based on IoT also face some
challenges. For example, how to effectively process and analyze a
large amount of heterogeneous data is a key issue. Different types of
IoT devices may generate data in different formats. The fusion and
analysis of these data require powerful data processing capabilities
and advanced algorithm support. In addition, data privacy and
security are also issues that cannot be ignored. How to achieve data
sharing and analysis while ensuring data security and user privacy
is one of the important directions of current research.

2.3 Prediction of health behavior in smart
older adult care

Smart older adult care is a new older adult care model
that combines information technology, artificial intelligence, and
older adult care services. Its core goal is to improve the quality
of life and safety of the older adult through technical means.
In the framework of smart older adult care, health behavior
prediction plays a vital role. Through real-time analysis and
prediction of daily behavior data of the older adult, the smart older
adult care system can provide personalized health management
services for the older adult, reduce health risks, and improve
the quality of life. Health behavior prediction in smart older
adult care covers multiple fields, including fall prediction, chronic
disease management, emotional state monitoring, etc. (15, 16).
For example, falls are a common and serious health problem
for the older adult. Using machine learning and deep learning
technologies, researchers have developed a variety of fall detection
and prediction systems. These systems can identify the risk of
falls in advance by analyzing the gait, posture, and movement
patterns of the older adult, and issue alarms to reduce the
incidence of accidents. For example, based on data from wearable
devices, researchers can analyze the gait of the older adult through
convolutional neural networks (CNN) and long short-term
memory networks (LSTM) models to predict potential fall risks
(17, 18).

In addition, chronic disease management is also an important
application area in smart older adult care. By monitoring the daily
activities and physiological data of the older adult, the smart older
adult care system can promptly identify early signs of chronic
disease onset and provide personalized intervention measures.
For example, using IoT devices and big data analysis technology,
researchers can monitor indicators such as blood sugar levels and
heart rate changes of the older adult, and combine historical data to
predict risks, thereby helping medical personnel to develop more
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accurate treatment plans. Emotional state monitoring is also an
emerging direction in smart older adult care in recent years. The
mental health of the older adult is also crucial, and fluctuations
in emotional state may have a significant impact on their overall
health. By analyzing the older adult’s voice, facial expressions, and
social activity data, the smart older adult care system can assess
their emotional state and provide psychological counseling and
support when abnormalities are detected. These technical means
based on artificial intelligence and data analysis provide more
comprehensive and personalized health management services for
the older adult (19-21).

In summary, as an important part of smart older adult care,
the prediction of the health behavior of the older adult has
made significant research progress. Traditional health behavior
prediction methods have laid the foundation for research, but they
are insufficient in the face of dynamic changes and personalized
needs. The health monitoring system based on the Internet of
Things provides a real-time and comprehensive means of data
collection, but how to effectively process and analyze this data
remains a challenge. Health behavior prediction in smart older
adult care covers multiple application areas, and through advanced
technical means, it provides personalized health management
services for the older adult. Future research will further explore
the application of multi-source data fusion technology to improve
the accuracy and reliability of health behavior prediction, and
solve problems such as data privacy and security, to provide a
more comprehensive solution for the health management of the
older adult.

3 Methodology
3.1 Related theories

In the design and implementation of the smart older adult care
platform, the selection and application of theoretical foundations
are crucial. To ensure that the platform can effectively meet
the needs of the older adult, this study combines theories from
multiple fields such as geriatrics, health behavior, Internet of Things
technology, big data analysis, and artificial intelligence (22, 23) and
applies these theories to the design, data processing, and decision
support of the platform.

The older adult population has unique needs in terms
of physiological, psychological and social characteristics.
Physiologically, the older adults body functions gradually
decline, they are prone to chronic diseases, and their ability to
adapt to the external environment decreases. Psychologically, the
older adult are prone to loneliness and anxiety, and their emotional
needs are more prominent. Socially, the older adult’s social circle is
relatively small, and they rely on the support system of family and
community. Therefore, when designing a smart older adult care
platform, these characteristics of the older adult population must
be fully considered to ensure that the platform can provide services
that meet actual needs. To cope with these characteristics of the
older adult population, the platform design is based on the Healthy
Aging theory (24). This theory emphasizes delaying the process of

health decline and improving the quality of life of the older adult
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through preventive health management, personalized care, and
active social participation. Specifically in the implementation of the
platform, the Healthy Aging theory guides us to design functional
modules such as real-time health monitoring, psychological care,
and social support, to provide comprehensive health management
services for the older adult.

Health behavior theory provides theoretical support for the
prediction of health behavior of the older adult. Health behavior
research shows that health behavior is affected by multiple factors
such as personal physiology, psychology, social environment, and
behavioral habits. These factors interact with each other and
jointly determine the occurrence and change of health behavior.
Taking the Theory of Planned Behavior (TPB) (25) as an example,
this theory believes that an individual’s behavioral intention is
influenced by attitudes, subjective norms, and perceived behavioral
control, which are the key to behavior change. In the smart
older adult care platform, health behavior theory is used to guide
the design of behavior prediction models (26, 27). By collecting
physiological data, activity data, and psychological state data of
the older adult, the platform can comprehensively evaluate the
influencing factors of their health behavior and predict possible
health risks. The platform uses health behavior theory to integrate
these factors into the prediction model, thereby improving the
accuracy and effectiveness of the prediction. For example, the
platform can predict possible falls or abnormal health events
of the older adult based on their behavioral intentions and
daily activity patterns, and provide corresponding warnings and
intervention suggestions.

The core of the smart older adult care platform lies in
the collection and analysis of data, so the IoT and big data
theory occupy an important position in the construction of the
platform. The Internet of Things theory supports the collection and
transmission of health behavior data of the older adult. Through
smart devices and sensor networks, the platform can monitor
the physiological indicators, behavior patterns, and environmental
conditions of the older adult in real time. The data is transmitted
to the cloud or edge computing devices through the Internet of
Things system for processing, realizing dynamic analysis, and real-
time feedback of health data. Big data theory provides a basis for
the storage, processing, and analysis of data. The platform’s data
sources are extensive, including real-time data from smart devices,
historical health records, and social and psychological status data.
Through big data technology, the platform can effectively process
these massive and diverse data and extract high-value health
behavior characteristics. At the same time, based on big data
analysis theory, the platform can identify complex associations
hidden in the data and generate personalized health predictions and
management plans.

In addition, the platform also combines expert systems and
decision support theories and uses AI algorithms to provide
scientific health management suggestions for the older adult and
caregivers. By learning the health patterns of the older adult
population, the platform automatically generates personalized care
plans and provides emotional care and social support. This AI-
based decision support system can not only improve the accuracy
of health management but also significantly enhance the user
experience of the platform.
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The overall framework structure of our model for predicting health behavior among the older adult.
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3.2 Smart older adult care service model

The core of the smart older adult care service model is to
achieve all-around support for the older adult population through
effective resource allocation, accurate health behavior prediction,
and reasonable cost-benefit analysis. To build this model, we
combined the theoretical foundations of multiple disciplines and
described them through mathematical formulas to ensure that the
model is operational in practice and rigorous in theory. The overall
framework is shown in Figure I. The main goal of smart older
adult care is to provide comprehensive health management services
for the older adult through information technology and intelligent
means, including daily health monitoring, emergency warnings,
chronic disease management, and quality of life improvement. In
this context, our model first starts from the three core perspectives
of resource allocation, dynamic changes in health behavior, and
cost-benefit analysis to ensure that the system can effectively
respond to the diverse needs of the older adult population.

3.2.1 Resource allocation and optimization

In smart older adult care services, the optimal allocation of
resources is the key to maximizing the effect of health management.
Resource allocation issues usually involve multiple participants,
such as the government, social capital, medical institutions, and
older adult families. When resources are limited, how to allocate
resources to maximize health benefits is the primary issue in model
design. Assume that the allocation of resources R; follows the
following utility function:
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among them, a; and b; are utility coeflicients, 6; and §; are
utility indices. This utility function reflects the phenomenon of
diminishing marginal returns of resource allocation, that is, as
resource input increases, the increase in utility gradually decreases.
When resource allocation reaches a certain level, the effect of
continuing to increase resource input will become insignificant.
This feature is particularly important in smart older adult care,
because resources (such as funds, medical equipment, nursing staff,
etc.) are usually limited, so they need to be reasonably allocated to
maximize the overall benefit. In practical applications, the solution
of the utility function can be achieved through optimization
algorithms such as the Lagrange multiplier method. By solving the
maximum value of the utility function, the system can determine
the optimal resource allocation strategy for each participant. This
strategy can be dynamically adjusted according to variables such as
the health status, social support, and environmental factors of the
older adult to ensure the effective use of resources.

3.2.2 Dynamic changes in health behaviors

The health status of the older adult is not only closely
related to resource input but also affected by their daily behavior,
psychological state, social support, and external environment. To
model these complex factors, we introduced the dynamic change
equation of health behavior. Assume that the change of the health
status H(t) of the older adult over time ¢ can be described by the
following differential equation:

dH() =a1 - S(t) + oz - P(t) + a3 - E(t) — B - C(1)

dt @

in this equation, S(¢) represents the intensity of social support,
P(t) represents the psychological state, E(t) represents the influence
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of environmental factors, and C(t) represents the cost of health
behavior. Parameters o, a2, a3 represent the positive effects of
different factors on health status, and S represents the negative
effect of cost on health status. This equation can be numerically
solved to obtain the trajectory of changes in the health status of
the older adult. This model is particularly suitable for predicting
the evolution of long-term health behaviors, such as the cumulative
impact of long-term exercise and healthy diet on the health status
of the older adult. Through this model, the smart older adult
care service platform can provide personalized health management
advice for the older adult and take intervention measures at the
early stage of health deterioration.

3.2.3 Interactions between environmental factors
and health status

To further characterize the complex relationship between the
health behavior of the older adult and the external environment, we
introduce external environmental factors into the dynamic change
equation of health behavior. Assuming that the health state of the
older adult H(t) is affected by the external environment E(t), this
can be described by the following equation:

Ry,(2)

dH(t)
dr Y1+ cEQ) —B-C0 )

where, Ry, (t) represents the resources obtained by the older adult,
and « is the inhibition coefficient of the environment on health
status. The equation shows that as the environment deteriorates
(such as air pollution, noise pollution climate change, etc.), the
improvement of the health status of the older adult will be inhibited.
This means that in harsh environments, more resources are needed
to maintain the health status of the older adult. To alleviate this
impact, the smart older adult care service platform can combine
environmental monitoring data to dynamically adjust the health
management strategy of the older adult population. For example,
during periods of severe air pollution, the platform can advise the
older adult to reduce outdoor activities and provide them with
appropriate indoor exercise plans. At the same time, the platform
can also monitor environmental data in real-time through smart
devices and automatically adjust resource allocation according to
environmental changes.

3.2.4 Dynamic resource allocation and health
management

In the process of providing health management services, the
smart older adult care platform needs to dynamically adjust the
resource allocation strategy according to the changes in the health
status of the older adult. Assume that resource allocation follows
the following rules:

A exp(yH(D)
Rt = T exp( HO) @)

among them, X is the total amount of resources, and y represents
the sensitivity coefficient of health status. The equation shows that
when the health status of the older adult is poor [that is, H(t)
is low], resource allocation will increase significantly to improve
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the health status; when the health status is good, the increase in
resource allocation will tend to be flat. This dynamic adjustment
mechanism enables smart older adult care services to provide the
most appropriate resource support in different periods and avoid
the problem of resource waste or insufficient allocation. In addition,
we also consider the impact of social capital on the health behavior
cost of the older adult. Assuming that the participation of social
capital indirectly affects the health status of the older adult by
affecting the health behavior cost C(t), we can describe this process
through the following equation:

Ct)=Co - (1 — L(t)) (5)

1+ nRp(t)

among them, Cj is the initial health behavior cost, S.(t) is the
support of social capital for the health behavior of the older adult,
Ry (t) is the resource input of social capital, § and n represent
the impact factor and resource sensitivity coefficient of social
capital, respectively. This formula shows that with the increase of
social capital support and investment, the health behavior cost of
the older adult will decrease accordingly, thereby promoting the
improvement of health status.

3.2.5 Cost-benefit analysis and optimization

In smart older adult care services, cost-benefit analysis is the
key to achieving rational resource allocation. Assume that the total
benefit E(T) of smart older adult care services can be decomposed
into the weighted sum of health benefits, social benefits, and
economic benefits:

E(T) = y1- Ex(T) + y2 - Es(T) + y3 - Eo(T) (6)

At the same time, the total cost of the system B(T) can be
decomposed into the weighted sum of direct cost, operating cost,
and maintenance cost:

B(T)=x1-Cqg+2z2-Co+23-Cpy (7)
Therefore, the cost-benefit ratio (CBR) can be expressed as:

E(T)
CBR = BT) (8)

By analyzing the cost-benefit ratio in different scenarios, the
platform can dynamically adjust the resource allocation strategy to
maximize benefits. For example, when resources are sufficient, the
platform can prioritize health benefits; when resources are tight, the
system can be kept running efficiently by optimizing operation and
maintenance costs.

Through the above platform, we can comprehensively model
resource allocation, health status evolution, and the role of
social capital in the smart older adult care service model.
Each formula represents the adjustment mechanism of the
platform to deal with different scenarios during actual operation.
Through these mathematical models, the platform can achieve
dynamic management and personalized services for the older
adult population, thereby effectively improving the efficiency and
effectiveness of health management. These models can be further
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extended to complex scenarios. For example, in a multi-player
game model, different stakeholders (such as the government, social
capital, and older adult families) may choose different strategies
based on their respective goals. In this case, the allocation of
resources and the sharing of costs can be coordinated through
a multi-objective optimization model to find a balance between
the interests of multiple parties. In addition, these models can
be calibrated with real-time data, allowing the smart older adult
care platform to adaptively adjust parameters to meet the health
management needs of the older adult in different periods and under
different environmental conditions. For example, during periods of
climate change or infectious disease epidemics, the platform can
increase resource allocation and adjust the parameters of health
behavior prediction models in real-time, thereby reducing health
risks among the older adult population.

4 Experiment

4.1 Difficulties in predicting health
behaviors of the older adult

In the process of building a smart older adult care service
platform, the prediction of the health behavior of the older adult
is a key link. However, due to the particularity of the older adult
population and the complexity of their health conditions, health
behavior prediction faces many challenges and difficulties (28-30).
The following are several major difficulties.

4.1.1 Data diversity and heterogeneity

The health behaviors of the older adult are affected by
many factors, including physiological, psychological, social, and
environmental factors. To accurately predict health behaviors, the
platform needs to integrate multi-source data, such as physiological
data from wearable devices, activity data from smart home
devices, medical records, mental health assessments, and data from
environmental sensors. These data not only come from diverse
sources, but also have different formats, frequencies, and accuracies,
and are highly heterogeneous. How to effectively integrate these
diverse data and eliminate noise and redundant information is a
major challenge in prediction.

4.1.2 Complexity and individual differences in
health status

The health status of the older adult is often complex and highly
individual. Even in similar age groups, there may be significant
differences in physical function, medical history, lifestyle, and
coping mechanisms. In addition, as they age, the decline of physical
function and the onset of diseases in the older adult are often
irregular and unpredictable. Health behavior prediction models
need to be able to capture these complexities and differences to
accurately predict individual health behaviors. However, traditional
prediction methods are often based on group statistical models,
which make it difficult to accurately model individuals.
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4.1.3 Long-term dependency and data loss issues

Predicting the health behavior of the older adult requires
modeling and analysis based on long-term historical data. However,
in practical applications, it is not easy to obtain long-term
data. On the one hand, the health status of the older adult
may be unstable or the improper use of technical equipment,
resulting in discontinuous data records; on the other hand,
the older adult may have incomplete data collection due to
cognitive decline or low technology acceptance. In addition, the
data of the older adult group may also be affected by multiple
factors such as socioeconomic status, cultural background, and
living environment, further increasing the complexity and missing
problems of the data.

4.1.4 The suddenness and nonlinearity of
behavioral changes

The health behavior and health status of the older adult may
change suddenly, such as sudden falls, acute illness attacks, or sharp
fluctuations in emotional states. This suddenness and nonlinearity
make prediction more difficult. Traditional prediction methods
usually rely on the stationary and linear assumptions of data, but
they are often powerless in the face of the highly nonlinear and
unpredictable health behavior of the older adult. Therefore, the
prediction model needs to have strong flexibility and robustness to
cope with these sudden changes.

4.1.5 Data privacy and ethical issues

older adult health data usually involves sensitive personal
information, such as health status, behavioral habits, emotional
state, etc. How to protect the privacy and data security of the older
adult during data collection, storage, and analysis is an important
ethical issue. In addition, in data-driven prediction models, how to
ensure the fairness of the algorithm and avoid discrimination or
wrong decisions caused by data bias is also a challenge that needs
to be solved urgently. To cope with the above difficulties, this study
comprehensively considered multi-source data fusion, personalized
modeling, data missing processing, nonlinear prediction methods,
and privacy protection mechanisms in the experimental design
to build a model that can accurately and real-time predict the
health behavior of the older adult. Next, the specific design of the
experiment, the data processing process and the implementation of
the model will be described in detail.

4.2 Implementation details

4.2.1 Dynamic data collection

The proposed older adult health behavior prediction platform
integrates real-time data collection using IoT devices, such as
wearable health monitors, smart home sensors, and environmental
sensors. These devices continuously capture dynamic health
indicators (e.g., heart rate, blood pressure, movement patterns) and
environmental factors (e.g., temperature, humidity, air quality).
The data is transmitted in real-time to a central server via secure
wireless communication protocols. This dynamic data collection
enables the system to continuously monitor changes in health
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status, capturing both gradual trends and sudden fluctuations, thus
supporting timely intervention.

4.2.2 Feedback mechanisms

The platform incorporates an adaptive feedback mechanism
on multiple levels: user feedback, family and caregiver alerts, and
healthcare provider notifications. When a potential health risk
is detected, the system immediately alerts relevant stakeholders
via mobile apps, SMS, or emails. For the older adult user,
personalized feedback is delivered through a user-friendly interface,
including daily health reports, reminders for medication or physical
activity, and warnings about potential health risks. Caregivers
and healthcare providers receive summaries of abnormal patterns,
along with recommended interventions based on historical data
and current health status. This continuous feedback loop ensures
that all stakeholders are informed in real-time, enabling proactive
management of the older adult’s health.

4.2.3 Control algorithms

The platform employs advanced control algorithms that
dynamically adjust health recommendations and alerts based on the
individual’s ongoing health status and historical data. These control
algorithms are built using rule-based systems combined with
predictive models to ensure responsiveness and adaptability. For
example, if a significant drop in activity levels is detected alongside
a rise in heart rate, the control algorithm will flag this combination
as a potential health risk and escalate the level of alerts. Moreover,
the system periodically retrains these algorithms using new data to
improve accuracy and relevance, adapting to the changing needs
and conditions of the older adult individual. By incorporating both
automated adjustments and clinician-configurable thresholds, the
control algorithms provide a balance between user customization
and system-driven optimization.

4.2.4 Revised evaluation strategy

To effectively assess the platform’s real-world applicability
and effectiveness, the evaluation process includes extensive
testing under real-life conditions. Continuous data from various
older adult users is analyzed to assess the accuracy of health
predictions, the timeliness of feedback, and the relevance of
control adjustments. Additionally, stakeholder feedback is gathered
regularly to refine the feedback mechanisms and control algorithms
further. This real-world testing provides essential insights into
the platform’s adaptability, scalability, and reliability, ensuring it
can meet the demands of dynamic and complex older adult care
environments.

4.3 Model design and experimental results
analysis

To address various challenges in predicting the health behavior
of the older adult and verify the effectiveness of our proposed
method, this study designed and implemented a complete health
behavior prediction service model for the older adult. The model
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aims to address challenges such as data diversity and heterogeneity,
complexity and individual differences in health status, long-term
dependence, and data loss, sudden and nonlinear behavior changes,
and data privacy and ethical issues.

4.3.1 Design of service model for the older adult
4.3.1.1 Data collection

Considering the diversity and heterogeneity of data, the model
first collects multi-source data in real-time through IoT devices
(such as wearable devices, smart home sensors, etc.). These data
include physiological parameters of the older adult (such as
heart rate, blood pressure, body temperature, etc.), daily activities
(such as steps, sleep patterns, etc.), psychological states (such as
emotions, stress levels, etc.), environmental information (such as
air quality, temperature and humidity, etc.), and medical records
(such as medical history, medication information, etc.). To solve
the problem of data heterogeneity, we use multimodal data fusion
technology to standardize and fuse data from different sources to
form a unified feature representation. Specifically, we use a fusion
network based on the attention mechanism to extract key health
behavior features by weighting and merging the importance of
different data sources.

4.3.1.2 Data missing processing and robustness
enhancement module

To address the long-term dependency and data missing issues,
we integrated data interpolation and robustness enhancement
algorithms into the model. For short-term data missing, we used an
interpolation method based on Gaussian processes to infer missing
values and complete the data. For long-term data missing, we
used a self-supervised learning framework to improve the model’s
robustness to missing data by constructing comparative learning
tasks, ensuring that prediction accuracy is not affected by data
missing.

4.3.1.3 Privacy protection and security module
Considering data privacy and ethical issues, the model is
designed with special attention to data security and privacy
protection. We use federated learning technology to train data on
local devices, avoid uploading data to the cloud, and reduce the

TABLE 1 Comparison of feature importance, availability, technical
difficulty, and future coverage.

Feature Importance Current Technical Expected
(%) availability difficulty coverage
(%) (1-5) in5
years
(%)
Real-time 90 70 4 95
monitoring
Predictive 85 60 5 90
accuracy
User 78 65 3 85
satisfaction
Cost- 80 55 4 88
effectiveness
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risk of privacy leakage. In addition, through the differential privacy
mechanism, we ensure that during the data analysis and model
training process, even if the data is maliciously accessed, no specific
personal information can be obtained.

4.3.1.4 Market research analysis and data-driven
decision-making

Before model design, this study conducted detailed market
research to understand the gap between current market demand
and existing smart older adult care services and guided the model
design in a data-driven manner. By analyzing market research data,
model functions can be optimized to ensure that they meet user
needs. Table I summarizes the importance of different functions
in market research and the comparison of their availability in the
current market. As shown in Table 1, real-time monitoring and
prediction accuracy are the functions that users care about most,
but there is still much room for improvement in their availability in
the market.

According to the survey results, the model was designed with
priority given to improving the coverage and practical application
effects of these functions. In addition, the service coverage of
different health conditions was analyzed, as shown in Table 2,
indicating that the current service coverage still needs to be
improved in high-risk health conditions such as cardiovascular
disease.

The results of these market surveys helped us clarify the key
goals in the current model design and optimize resource allocation
and service design through a data-driven approach.

4.3.2 Experimental results and analysis

The experimental results show that the proposed health
behavior prediction model performs well in multiple dimensions.
With the support of data fusion and missing data processing,
the model demonstrates efficient prediction capabilities in a
multimodal data environment. At the same time, through the
nonlinear prediction and emergency detection modules, the
model performs well in dealing with sudden changes in health
status. Figure 1 shows the comparison between the importance of
functions in market research and the current availability, reflecting
the functional gaps in the current market. As shown in Figure 2,
although real-time monitoring and prediction accuracy are of high
importance, their availability in the current market is not ideal,
indicating that there is a lot of room for improvement.

In the analysis of health status service coverage, as shown in
Figure 3, there are significant differences in service coverage under
different health statuses. Especially in high-risk groups such as

10.3389/fpubh.2024.1486930

cardiovascular disease, the service coverage still needs to be further
improved to meet actual needs.

In addition, the line graph of the importance and
implementation difficulty of platform functions (as shown in
Figure 4) reveals the trade-off between the importance and
implementation difficulty of different functions during system
design. Figure 4 shows that data security and interoperability are
of high importance, but are also relatively difficult to implement,
reminding us that we need to focus on overcoming these technical
difficulties during the design process.

The health prediction results in the experiment were further
verified by visual analysis. Figure 5 shows a scatter plot of the
health status predicted by the model and the actual health status.
The red dotted line in Figure 5 represents the situation where the
prediction under the ideal state is consistent with the actual value.
The results show that most of the prediction points are close to the
dotted line, indicating that the model performs well in prediction
accuracy.

Finally, Figure 6 shows the historical trend of changes in the
health status of an older adult person during the experiment.
Through the time series analysis of health status, it can be found
that the model can capture the changing trend of health status
promptly and make predictions and adjustments at key nodes to
ensure that the older adult receive timely health interventions.

4.3.3 Extended experiment

To comprehensively evaluate its applicability and accuracy
in different older adult populations, we designed multiple
environments to test the health status of different older adult
populations.

(1) Urban vs. rural environment

Experimental design: sample selection: 500 older adult
people in urban and rural areas were selected. Data collection:
Collect data on their lifestyle, medical records, environmental
pollution exposure, etc. Test items: Cardiovascular health,
respiratory system function, mental health status.

Experimental results: urban older adult: the incidence
of cardiovascular disease is higher, which may be related
to high-pressure life and air pollution. Rural older adult:
fewer respiratory diseases, but more musculoskeletal problems,
which may be related to physical labor.
High-income vs. low-income older adult population

Experimental design: sample selection: according to
income level, 500 high-income and low-income older adult
people were selected. Data collection: income, access to

TABLE 2 Analysis of health condition, service coverage, mortality rate, and personalization needs.

Health condition Population affected (%)

Service coverage (%)

Personalization
needs (%)

Mortality rate (%)

Cardiovascular 35 65 15 70
Respiratory 20 50 12 60
Diabetes 15 40 8 55
Mobility issues 30 55 10 65

Frontiersin Public Health

09

frontiersin.org



https://doi.org/10.3389/fpubh.2024.1486930
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org

Guo and Chen 10.3389/fpubh.2024.1486930

Importance vs. Current Availability of Features

90

85 W Importance
B Current Availability

801

60

Percentage

201

Feature

FIGURE 2
Feature importance vs. current usability.
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FIGURE 3
Analysis of health status service coverage.

medical care, eating habits, exercise frequency. Test items: higher incidence of chronic diseases such as hypertension and
prevalence of chronic diseases, nutritional status, mental diabetes, more common symptoms of depression and anxiety.
health. (3) Active lifestyle vs. sedentary lifestyle

Experimental results: high-income group: better control of Experimental design: Sample selection: 500 active and
chronic diseases and better mental health. Low-income group: 500 sedentary older adult people were selected based on
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their daily activity levels. Data collection: exercise habits,
physical function test results, cognitive function test. Test
items: cardiopulmonary function, muscle strength, cognitive
ability.

Experimental results: active older adult people: better
cardiopulmonary function and muscle strength, better
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cognitive ability. Sedentary older adult people: more prone to
cardiovascular problems and cognitive decline.
(4) Different dietary patterns
Experimental design: sample selection: According to
dietary habits, the subjects were divided into balanced diet,
high-fat and high-sugar diet, and vegetarian groups, with
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300 older adult people in each group. Data collection:
Diet records, body mass index, blood sugar and cholesterol
levels. Test items: Metabolic health indicators, cardiovascular
risk assessment.

Experimental results: balanced diet group: Normal weight
and metabolic indicators, low cardiovascular risk. High-fat and
high-sugar group: High obesity rate, high blood sugar and
cholesterol levels, increased cardiovascular risk.

(5) Social activity

Experimental design: sample selection: According to the
frequency of social activities, the older adult were divided
into three groups: high, medium and low, with 400 older
adult people in each group. Data collection: Social activity
records, mental health assessment, cognitive function test.
Test items: Depression and anxiety assessment, memory and
attention test.

Experimental results: high social activity: Good mental
health and good cognitive function. Low social activity: More
obvious symptoms of depression and anxiety, and increased
risk of cognitive decline.

(6) Environmental pollution exposure

Experimental design: sample selection: 500 older adult
people living in high-pollution and low-pollution areas were
selected. Data collection: Environmental pollution indicators,
respiratory health data, long-term disease records. Test items:
Lung function test, respiratory disease screening.

Experimental results: high-pollution areas: The incidence
of respiratory diseases increased significantly and lung
function decreased. Low-pollution areas: The respiratory
health status is better.
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5 Conclusion

In view of the multiple challenges in predicting the
health behavior of the older adult, this study proposed and
implemented a smart older adult care service model. The
model integrates multiple advanced technologies such as
multimodal data fusion, nonlinear prediction, data missing
processing, emergency detection and privacy protection to
form a health management platform for the older adult with
high
and analysis, we clarified the key functional requirements of

robustness and accuracy. Through market research
current smart older adult care services and verified the superior
performance of the model in practical applications through
experiments. The experimental results show that the model
not only significantly improves the accuracy of health behavior
prediction for the older adult, but also enhances the robustness
and security of the system through effective data fusion and
processing mechanisms. In addition, the model performs well
in coping with sudden changes in health status and providing
personalized services.

In future research, the model will continue to be optimized to
expand its application scope and data set coverage, especially for the
older adult groups in different regions and cultural backgrounds.
Further integration of artificial intelligence and deep learning
technologies can improve the adaptability and intelligence level
of the system. At the same time, with the increasing demand for
smart older adult care services, the model needs to be optimized
in terms of large-scale deployment and real-time response to meet
a wider range of market needs. In summary, this study provides
important technical support for the development of smart older

frontiersin.org


https://doi.org/10.3389/fpubh.2024.1486930
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org

Guo and Chen

adult care services and lays a solid foundation for future research
in related fields.
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