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With the aging population trend becoming increasingly pronounced, the health issues of elderly 
individuals living alone have become a focal point of societal concern. This study aims to investigate 
guardians of the elderly’s acceptance of intelligent care systems for the elderly. This system 
integrates millimeter-wave radar and image recognition technologies to monitor the health status 
of seniors in real time and automatically alert their children in emergency situations. To evaluate 
the market acceptance of this emerging technology, we employed a Covariance-Based Structural 
Equation Modeling (CB-SEM) approach and constructed an acceptance model for the intelligent care 
system. Survey data were collected from 386 respondents in China. The results indicate that users 
of this system are more concerned with task completion rather than ease of use. Enhancements in 
information trust significantly promote perceived usefulness (PU), perceived ease of use (PEOU), 
and behavioral intention to use (BI). Individuals with higher risk perception sensitivity exhibit greater 
perceptions of the system’s usefulness and ease of use. Aesthetics emerged as a significant factor 
influencing PU, PEOU, and BI, second only to information trust. When the system is perceived as well-
designed, it is also deemed acceptable. An aesthetically pleasing system is not only considered useful 
but also easier to use. Interestingly, opinions from social circles did not directly impact BI or PEOU. 
they only influenced perceived usefulness. Moreover, higher privacy security requirements correlate 
with lower perceptions of the system’s usefulness. Overall, improvements in perceived usefulness, 
information trust, and aesthetics significantly enhance user acceptance of the system. These findings 
provide theoretical support for developing more appealing intelligent care systems for the elderly and 
contribute new perspectives on understanding the key factors driving the adoption of such systems. 
Additionally, they enrich and refine the knowledge base within the TAM framework.

Keywords  Technology acceptance model (TAM), Ageing-In-Place, Safety and security, Non-contact fall 
detection, Guardians of the elderly

The aging population in China is becoming increasingly severe, and more families are facing the challenge 
of caring for elderly relatives, especially those living alone. According to the results of the Seventh National 
Population Census, China’s population aged 60 and above has reached as high as 264 million, accounting for 
18.7% of the total population—and both the number of elderly people and their proportion in the population 
are continuing to rise. China is on the verge of entering a moderately aged society1. Home-based elderly care 
services supported by community resources are becoming the mainstream model of elderly care worldwide2,3. 
In China, a family- and community-centered elderly care model has emerged, with 90% of the elderly opting for 
home-based elderly care services and 7% receiving community-based care4. With the deepening of aging, the 
demand for home-based elderly care services is also growing rapidly.

In modern society, both the elderly and their children tend to prefer having their own “independent spaces.” 
The elderly generally desire to live independently with appropriate support rather than relying on institutional 
care5,6. Additionally, due to work or spousal reasons, some children are forced to live in different cities from 
their parents, further complicating face-to-face caregiving. Under the influence of multiple factors, Chinese 
family sizes are becoming smaller, and the traditional multi-generational household structure is changing. This 
transformation has led to the disintegration of the traditional model of elder care, where children personally take 
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care of their elderly parents. The role of the family as the primary caregiver is also evolving7. Some researchers 
argue that the traditional model of family-based elder care is becoming unsustainable8. Family care is 
transitioning from a labor-intensive, traditional model to a smart model that leverages smart home technologies 
to enhance the quality and efficiency of care. Mitigating the social burden by ubiquitous usage of Intelligent Care 
systems for older adults are critically important.

Elderly individuals are at a high risk of death or serious injury due to falls, and this risk increases with age9. 
According to statistics from the CDC, one-third of adults aged 65 and older experience a fall each year, with 61% 
of these falls occurring at home10. The consequences of falls among the elderly can be severe, including fractures, 
head injuries, and traumatic brain injuries. More critically, a single fall can potentially lead to the death of an 
elderly person. Both internal and external factors contribute to the increased risk of falls among the elderly. 
Internal factors related to the elderly themselves, such as physiological aging, cognitive and functional decline, 
and non-adherence to fall prevention recommendations, make them more susceptible to falls. Additionally, 
external environmental and social factors also significantly influence the risk of falls. For example, living alone, 
the presence of obstacles such as stairs, and a lack of awareness among family members about fall risks11,12. 
Guardians of the elderly who are highly perceptive of potential risks can help reduce the probability of accidents 
occurring at home13. Therefore, implementing age-friendly home modifications to enhance the safety of the 
living environment is crucial for reducing the incidence of falls and other accidental injuries.

Obtaining a quick assistance after a fall reduces the risk of hospitalization by 26% and the death by 80%10. 
Therefore, it is crucial to promptly detect falls and quickly administer appropriate medical interventions. 
Preventing falls and ensuring timely detection and assistance after a fall have become key issues in the field 
of geriatric health. Fall detection sensor technology provides strong support for elderly health monitoring. 
Intelligent care systems are becoming indispensable support tools in modern households. Remote monitoring 
technologies14,15 and intelligent care systems16 can observe and record the activities of family members. 
Additionally, machine learning techniques can be employed to predict falls among the elderly17. Wearable 
devices can track various physiological health metrics, providing continuous health data18,19. The development 
and introduction of smart healthcare monitoring devices have made it more convenient to continuously monitor 
users’ health conditions20,21. These devices can continuously monitor one or more physiological parameters, 
and collect and store data, thereby helping users and their families better understand their health status and 
providing valuable diagnostic information for healthcare providers22.

Requena23 conducted a systematic review of the development of sensor technologies used to monitor 
falls in the elderly. Early technologies (2000–2005) utilized contact sensors24 and accelerometers25, primarily 
focusing on fall detection and simple activity monitoring26. The second phase (2006–2010) introduced triaxial 
accelerometers27 and wireless networks28, enabling advanced remote monitoring. During this period, sensors 
were capable of capturing real-time data, allowing for immediate intervention in cases of falls or changes in 
mobility29. The third phase (2011–2015) integrated advanced environmental sensors30, laying the foundation 
for the development and widespread adoption of applications that enable real-time health monitoring while 
preserving the independence of older adults in their daily activities. The fourth phase (2016–2024) has seen 
the expansion of monitoring capabilities through the integration of Internet of Things (IoT) and artificial 
intelligence (AI) technologies31,32. Monitoring devices in this phase have also been functionally enhanced to 
capture interaction patterns in multi-resident environments33 and to provide proactive, personalized support 
services to the elderly34.

Research has shown that the use of smart monitoring systems at home can provide elderly individuals 
with a greater sense of security without disrupting their independent living35. Importantly, the presence of 
intelligent care systems not only offers 24/7 safety assurance for the elderly but also alleviates the economic and 
psychological burdens on family members8. Through such intelligent devices, younger generations can better 
safeguard their elderly relatives and reduce the wastage of social resources. Therefore, the use of intelligent care 
products may serve as an alternative or complementary solution to in-person caregiving, providing significant 
support for the independent living of the elderly36. In 2024, the global market value of medical intelligent nursing 
devices is estimated at approximately USD 4.5 billion and is projected to reach USD 10.2 billion by 203337. 
Among these, intelligent monitoring devices account for 40% of the market. Driven by continuous technological 
advancements, intelligent care systems are experiencing dynamic and sustained growth38.

Indeed, while there are numerous theoretical benefits, the widespread application of ICS also come with a 
series of challenges. The foremost challenge is conducting user acceptance surveys for ICS technology. User 
acceptance refers to an individual’s willingness to use or attempt to use a system or service, which is foundational 
for the successful promotion of any system39. For ICS in its optimization development phase, ensuring high user 
acceptance is crucial. To ensure that the final product is widely accepted by users, it is essential to fully consider 
the actual user experience during the technology application process. Factors such as the clarity and aesthetic 
appeal of interface design, the effectiveness of privacy protection measures, and psychological factors like trust 
in the provided information can all become barriers to user acceptance of care systems. Without systematic user 
acceptance surveys, it may be impossible to accurately identify which factors directly impact users’ willingness to 
use the system. This could result in failing to prioritize improvements on the most critical functions or optimizing 
user experience, ultimately leading to applications that do not meet user needs, wasting development time, and 
causing financial losses. Previous studies have applied the Technology Acceptance Model (TAM) to explore 
the user’s attitudes toward the use of wearable health monitoring devices40, with most research focusing on the 
elderly as the primary respondents41,42. These studies primarily examined the acceptance of smart wearable 
systems43. However, limited attention has been given to the technology acceptance of non-contact Intelligent 
Care Systems (ICS) from the perspective of other user groups, such as the children or grandchildren of older 
adults. Therefore, it is crucial to investigate these users’ attitudes toward the acceptance of non-contact ICS 
products.
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To understand users’ acceptance of ICS, it is essential to examine relevant user characteristics. Although 
market reports do not disclose detailed demographic data on the age distribution of ICS purchasers and 
users, it is possible to infer the demographic profile based on product positioning in China. ICS is primarily 
designed for remote monitoring of elderly individuals’ health status, daily activities, and fall detection, as well 
as for alerting caregivers when necessary. As a result, these data-collecting devices are typically installed in 
the rooms of older adults. However, the actual users of ICS are often the caregivers—typically the children or 
grandchildren of the elderly individuals. Based on this user profile, we infer that the majority of actual users are 
middle-aged children or younger adult grandchildren, generally ranging from 18 to 60 years old. Individuals 
within this age range usually have a stable income, purchasing power, and a relatively high level of acceptance 
of new technologies. They are capable of operating smart devices proficiently or can become proficient after 
minimal training. Nevertheless, due to demanding work schedules, they may be unable to provide constant 
physical companionship to elderly family members and thus rely on intelligent systems for remote caregiving. 
In addition, a small proportion of elderly individuals in good health—especially those who are living alone 
or as part of an empty-nest household—may purchase ICS for themselves or their spouses. Lastly, some long-
term care institutions and community-based elderly care service centers may procure ICS in bulk for broader 
deployment.

Based on this, the theoretical scope of this study is explicitly limited to the decision-making context of 
guardians rather than the care recipients (the elderly), aiming to explore guardians’ acceptance and usage 
behavior toward ICS. This study seeks to understand guardians’ attitudes toward ICS and identify the factors 
that may influence their acceptance of such systems. Grounded in the Technology Acceptance Model (TAM), 
this research constructs a comprehensive framework by expanding relevant variables to explain and predict 
users’ acceptance of this new care technology. Through surveys and empirical analysis, this study further reveals 
the status of ICS acceptance within the Chinese family context. The findings provide meaningful implications 
and insights for technology developers and promoters to enhance the acceptance of ICS among families with 
elderly members. These insights will contribute to the development of user-centered systems and improve the 
download and adoption rates of ICS.

Against this backdrop, this study aims to explore the following four key issues:

	1.	 The acceptance level of intelligent care systems among Chinese users.
	2.	 Specific factors that influence Chinese users’ behavioral intention to use toward these systems.
	3.	 The intrinsic relationships among these influencing factors.
	4.	 Key requirements and needs of users for intelligent care systems.

The remainder of this paper is structured as follows. First, the next section provides the theoretical background 
of the study. Then, Sect. “Proposed model” presents the proposed model, influencing factors, and hypotheses. 
Following that, Sect. "Questionnaire development and measurement" discusses the research methodology and 
experimental procedures. Finally, Sect. “Results” presents the research findings, Sect. “Discussion” discusses 
these results, and Sect. "Conclusion, research limitations, and future work" concludes with the implications, 
limitations, and directions for future research.

Related research
Intelligent Care Systems (ICS)
ICS is crucial for promptly reporting health threats to caregivers when they arise in elderly individuals. Existing 
research predominantly focuses on the technical aspects, particularly on methods for detecting falls among the 
elderly. Established detection methods include those based on wearable sensors, image recognition, and UWB 
(Ultra-Wideband) radar technologies.

Fall detection systems based on wearable devices predominantly utilize gyroscopes44, pressure sensors45,46, 
and accelerometers47,48. These inertial sensors are embedded in watches, belts, shoes, or clothing to collect data, 
which is then analyzed to determine the user’s posture49. Common fall detection algorithms include threshold-
based methods and machine learning approaches50,51. Upon detecting a fall, an alert is triggered, and the system 
automatically responds by notifying caregivers. This technology is mature and offers high detection accuracy52. 
However, wearable devices may cause discomfort to elderly users, potentially limiting their daily activities. 
Additionally, these devices require frequent charging, and there is a risk of accidental activation or malfunction, 
which can significantly increase the difficulty for elderly individuals to learn and use the devices in their daily 
lives53.

Methods based on image recognition typically employ RGB cameras54 or depth cameras55 to capture human 
motion, determining whether a fall has occurred by analyzing images and videos. The core of these methods 
lies in collecting data via sensors and using advanced image processing algorithms for feature extraction and 
classification. Li56 proposed a novel fall detection algorithm that combines the extraction of local and global 
features, significantly enhancing detection accuracy. Additionally, Wu57 optimized visual detection algorithms 
by introducing a dual-modal network approach using weakly supervised learning, effectively reducing the 
workload of data annotation while improving the efficiency and practicality of the algorithm. These non-contact 
detection technologies not only eliminate the discomfort associated with wearable devices for elderly users but 
also provide more convenient and efficient solutions for fall detection. However, systems based on RGB cameras 
have certain limitations. For instance, camera performance is constrained under low-light conditions, and their 
field of view may be limited. Moreover, there is a risk of privacy breaches during the image acquisition process53.

Fall detection systems based on UWB (Ultra-Wideband) radar technology operate by emitting high-
frequency pulse waves and receiving the electromagnetic wave signals reflected from the human body and the 
surrounding environment58. This system can distinguish fall events from other daily activities, such as walking, 
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standing, sitting, and squatting based on differences in the received signals59,60. As a non-contact fall detection 
technology, UWB radar offers significant advantages in home safety monitoring for the elderly: it requires no 
wearable devices and provides enhanced privacy protection. However, in environments with multiple people 
or pets, the accuracy of UWB radar detection may be compromised due to interference. To address this issue, 
Lu61 proposed optimizing the installation location of the system, suggesting that UWB radars be installed on the 
ceiling to minimize external interference and thereby improve the accuracy of fall detection. Furthermore, He53 
proposed a novel non-contact fall detector that integrates MEMS infrared sensors with radar sensors for dual 
detection, which has improved the accuracy of fall detection near the bed for elderly individuals.

Technology Acceptance Model (TAM)
The Technology Acceptance Model (TAM) is widely used to assess how likely consumers are to accept or reject 
new technologies37,62.TAM was proposed by Davis and is based on the Theory of Reasoned Action(TRA)39. 
The main advantage of adopting TAM is its simple structure. TAM only includes two core influencing factors—
Perceived Usefulness (PU) and Perceived Ease of Use (PEOU)39. This simplicity has also become the fatal 
weakness of TAM because it ignores many other determinants in the process of technology acceptance63. 
However, it allows researchers to integrate additional constructs based on specific research contexts and needs, 
thereby creating new theoretical models that more effectively elucidate technology acceptance behaviors in 
particular fields64. Therefore, TAM possesses significant advantages of adaptability, inclusiveness, and scalability, 
making it widely used for examining user acceptance of software systems and technology usage. These factors 
help predict if users will want to adopt new technologies. The model has been tested many times in healthcare 
and can effectively explain why people choose to use new technologies65,66.

To provide a more comprehensive explanation of users’ acceptance of new technologies, many researchers have 
tried to integrate various influencing factors into TAM. This has led to the development of extended models such 
as TAM262, The Unified Theory of Acceptance and Use of Technology (UTAUT)67,68, the expanded UTAUT269,70, 
and hybrid models combining TAM with other predictive variables. Hybrid models consider not only perceived 
usefulness and perceived ease of use but also introduce additional factors like social influence71, enjoyment72, 
unexpected perception13,73, information trust74,75, and aesthetics76. Moreover, the factors influencing intention 
continue to expand, further enriching our understanding of technology acceptance mechanisms. These models 
offer researchers tools to capture potential users’ opinions and attitudes more accurately. By incorporating a 
wider range of factors, these models provide deeper insights into what drives user acceptance and usage behavior.

Proposed model
Proposed model
Acceptance of a specific technology can be defined as the psychological determinants of a user’s behavioral 
intention to use the technology either after never experiencing it or after actually using it. The measurement 
projects in the field of health monitoring technology covered by existing research institutes have not mentioned 
non-contact intelligent health monitoring technology, which leads to the lack of tailor-made research factors in 
the acceptance studies of ICS. Therefore, based on the TAM model, this study extends and proposes a conceptual 
model applicable to the acceptance of ICS.

The model of this study consists of the original TAM model and five additional constructs, including 
Perceived Usefulness (PU), Perceived Ease of Use (PEOU), Behavioral Intention to Use (BI), Perceived Accident 
(PAC), Information trust (IQU), Privacy Security (PSC), Social Influence (SIN), and Aesthetics (AES). BI is 
the dependent variable, and the other variables are independent variables. When adding variables, we mainly 
considered the following factors. ICS is designed for families with elderly people. Threats to the health of the 
elderly can trigger negative emotions in caregivers13,74,73, thereby affecting the behavioral intentions of users43. 
In various online systems, technical trust is an important factor in predicting users’ behavioral intentions 778. 
Users believe that the accuracy of the information provided by the system will affect the user’s behavioral 
intention75,78. The risk of privacy leakage is also a factor that users will definitely consider74,78. Furthermore, the 
viewpoints of others may influence the decisions of caregivers, and this factor needs to be taken into account in 
the research74. Finally, vision is the first intuitive perception. Aesthetics may affect users’ judgment of technical 
performance76,79. The theoretical basis for incorporating new factors into the TAM framework is introduced in 
detail in 3.2.

Figure 1 illustrates the conceptual model of intelligent care system acceptance, including hypotheses. We 
hypothesize that perceived accident, information trust, information privacy, social influence, and aesthetics 
significantly impact the acceptance of intelligent care systems. We propose that these factors, along with 
perceived usefulness and perceived ease of use, collectively influence attitude. Specifically, the perceived 
accident, information trust, information privacy, social influence, and aesthetics serve as external stimuli. 
Perceived usefulness and perceived ease of use are both processes of stimulus internalization. Attitude reflects 
the user’s response to the technology’s acceptability. Hence, perceived usefulness and ease of use are treated 
as the “Organism” in the model. “Response” represents the result of a behavioral intention formed after users 
receive external stimuli and undergo the internalization process.

Factors and hypotheses
Original TAM model
This study builds on the Technology Acceptance Model (TAM) proposed by Davis (1989) to construct a model 
of users’ acceptance of intelligent care systems. The TAM model has been validated in numerous studies and is 
capable of explaining individuals’ intentions to accept technology in intelligent care systems39. The foundational 
structure of the model includes Perceived Ease of Use (PEOU), Perceived Usefulness (PU), and Behavioral 
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Intention to Use (BI). In this model, PU and PEOU positively influence BI. Moreover, PEOU can increase PU. 
Based on this, we propose the following hypotheses.

H1  There is a positive correlation between Perceived Usefulness (PU) and Behavioral Intention to Use (BI).

H2  There is a positive correlation between Perceived Ease of Use (PEOU) and Behavioral Intention to Use (BI).

H3  There is a positive correlation between Perceived Ease of Use (PEOU) and Perceived Usefulness (PU).

Perceived Accident(PAC)
In the Extended TAM model, “Perceived Accident” is not a standard term. The inclusion of PAC in TAM is mainly 
based on the theoretical basis of Risk Perception Theory and Protection Motivation Theory (PMT). In this paper, 
by adding the variable of security risk belief, it further affects the core constructs of TAM – PU & PEOU, thereby 
exerting an effect on attitude and behavioral intention80. In high-risk scenarios such as transportation, medical 
care, and autonomous driving, safety risk becomes a key independent variable75. It has been shown in prior 
health technology research to influence users’ motivation to adopt preventive systems. It conceptually links to 
Perceived Usefulness, as a system perceived to reduce accidents is seen as more valuable. Perceived Accident, in 
the context of guardians (children or grandchildren) concerning the elderly living alone, refers to their view on 
the likelihood and severity of negative consequences resulting from falls. The level of guardians regarding elderly 
individuals’ risk of falling may influence their behavioral intention to use toward intelligent care systems, and 
their perceptions of the system’s usefulness and ease of use. After an elderly person experiences a fall, guardians 
tend to worry more about the possibility of future falls12. Experimental data show that guardians who perceive 
the severity of falls as higher also exhibit greater attention to improving home safety environments11. Groups 
with higher perceived vulnerability are more likely to intend to use health monitoring systems21. Therefore, we 
propose the following hypotheses:

H4  There is a positive correlation between Perceived Accident (PAC) and Perceived Usefulness (PU).

H5  There is a positive correlation between Perceived Accident (PAC) and Perceived Ease of Use (PEOU).

H6  There is a positive correlation between Perceived Accident (PAC) and Behavioral Intention to Use (BI).

Information trust (IQU)
“Information Trust” refers to the degree of confidence users have in the reliability, accuracy, and integrity of 
the information provided by a technological system or source. This trust impacts their willingness to rely on 
and use the technology for decision-making or other purposes81. In most contexts, there is a trustor, i.e., the 
person giving the trust, and a trustee, i.e., the person that is trusted. In the recent past, the trustee can also be 
a non-human object, often a technology of some sort77. When users trust the quality and reliable source of the 
information provided by the system, they are more likely to believe that the system can bring practical value, 
and thus the PU level is improved82. High trust means that users have confidence in the stability of the system, 
reduce the sense of usage obstacles, and thereby increase PEOU82. After trust is integrated into PU and PEOU, 
the classic TAM path remains unchanged, resulting in a positive correlation between IQU and BI. In the study on 
patients’ acceptance of remote diagnosis and treatment, trust significantly positively affects PU and PEOU, and 
influences the acceptance of use through BI. The credibility of information is very important in highly sensitive 

Fig. 1.  the conceptual model of intelligent care system acceptance, including hypotheses.
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scenarios7.Consumers generally have an optimistic attitude toward intelligent detection technologies but also 
express concerns about the accuracy and security of these technologies83. Users’ trust in the information provided 
can significantly affect their acceptance of the technology, particularly among elderly users77. When users lack 
knowledge about the technology, they may question its accuracy. A lack of trust in the information provided can 
become a barrier to accepting the technology84,85. Based on this, we propose the following hypotheses:

H7  Information trust (IQU) has a positive impact on Perceived Usefulness (PU).

H8  Information trust (IQU) has a positive impact on Perceived Ease of Use (PEOU).

H9  Information trust (IQU) has a positive impact on Behavioral Intention to Use (BI).

Privacy Security (PSC)
In this study, ‘Privacy Security’ refers to users’ apprehension about their personal information being accessed 
or damaged unauthorizedly, impacting their trust and willingness to participate with the technology. In health-
related products, data security and protection are considered indispensable77. Privacy security is identified as 
one of the primary barriers to the acceptance of new technologies86,87. Users’ concerns primarily revolve around 
issues such as invasion of personal space (physical privacy), being monitored and intruded upon (psychological 
and social privacy), fear of access and misuse of personal information, and concerns about the security of 
data storage85,88. In the context of accepting intelligent products, privacy concerns make users cautious about 
using technology and sharing personal information. Privacy issues related to health information can even lead 
individuals to avoid certain healthcare services. In sensitive areas, if service providers fail to address customers’ 
privacy concerns, it can significantly negatively impact consumers’ attitudes and behaviors toward the service89. 
Users are unlikely to find usefulness in technologies that may infringe on their privacy, and concerns over user 
privacy can decrease perceived ease of use89. Alsyouf90 added privacy and security variables to TAM and found 
that security had a direct positive impact on BI, while privacy played a moderating role in the relationship 
between PEOU and BI. When users are worried about data leakage or system security vulnerabilities, they may 
question the functional value provided by the platform, thereby reducing the PU level. High-risk perception 
will increase users’ concerns during the usage process, thereby reducing PEOU. After considering privacy and 
security to form PU and PEOU, based on the TAM framework, PSC ultimately influences its usage attitude and 
behavioral intention. Based on this, we propose the following hypotheses.

H10  There is a negative correlation between Privacy Security (PSC) and Perceived Usefulness (PU).

H11  There is a negative correlation between Privacy Security (PSC) and Perceived Ease of Use (PEOU).

H12  Privacy Security (PSC) has a negative impact on Behavioral Intention to Use (BI).

Social Influence (SIN)
“Social Influence” refers to the degree to which an individual perceives that important others believe he or 
she should use the new technology, which affects the individual’s intention to adopt and use the technology. 
This encompasses the impact of social norms and pressures from peers, colleagues, and family on technology 
acceptance decisions. Venkatesh and Davis62 first introduced the concept of “subjective norm” in the extended 
TAM2 model. “Subjective norm” refers to the extent to which an individual perceifies that significant others 
believe he/she should use a certain technology. They found that subjective norms act on technology acceptance 
behavior by influencing perceived usefulness and behavioral intent. That is to say, when individuals perceive that 
an important reference object believes they should adopt a new system, they will incorporate the opinions of 
the reference object into their own belief structure. The opinions of government, media, friends, and family can 
significantly influence people’s acceptance of intelligent products78. Chen91have found that elderly individuals’ 
willingness to use smart systems is largely affected by the views of others. However, some studies indicate that 
during the early stages of product or system development, users often lack information about utilizing such 
new technologies. In these cases, the relationship between social influence and users’ perceptions of usefulness, 
ease of use, and attitude may not be significant21,92. Incorporating SIN into the TAM framework can explain 
users’ behaviors during the process of technology acceptance more comprehensively, especially in technology 
application scenarios with strong social nature or high collaboration. For the intelligent care system, since it 
involves all family members, this leads us to believe that SIN has an impact on PU, PEOU and BI. Based on this, 
we propose the following hypotheses.

H13  There is a positive correlation between Social Influence (SIN) and Perceived Usefulness (PU).

H14  There is a positive correlation between Social Influence (SIN) and Perceived Ease of Use (PEOU).

H15  Social Influence (SIN) has a positive impact on Behavioral Intention to Use (BI).

Aesthetics (AES)
“Aesthetics” refers to the visual appeal and design attractiveness of the technology interface, which can influence 
users’ satisfaction and their willingness to accept and use the technology. It encompasses elements such as layout, 
color scheme, and overall user interface design that contribute to a positive user experience. Aesthetics have 
become an important dimension in the field of user experience76. Existing research indicates that aesthetics 
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influence users’ perceptions of a product’s usefulness and ease of use93. The visual aesthetics of an interface are a 
strong determinant of user satisfaction and enjoyment94,95. Cyr96 found that visual design aesthetics significantly 
influence perceived usefulness and perceived ease of use. Aesthetics have a significant positive impact on 
perceived usefulness79,97, while their effect on perceived ease of use is present but less significant98. Based on 
this, we propose the following hypotheses.

H16  There is a positive correlation between Aesthetics (AES) and Perceived Usefulness (PU).

H17  There is a positive correlation between Aesthetics (AES) and Perceived Ease of Use (PEOU).

H18  There is a positive correlation between Aesthetics (AES) and Behavioral Intention to Use (BI).

Questionnaire development and measurement
Materials
This study employed an advanced intelligent care systems tailored for the elderly market in China. The system 
integrates image recognition technology with radar sensors to create a non-contact fall detection solution. 
Specifically, it analyzes data collected by sensors to monitor the activity states of elderly individuals (standing, 
lying, sitting, squatting). Upon detecting a fall, the system promptly calls the primary caregiver for assistance. 
Beyond fall detection, the system also records breathing and heart rate during sleep and supports remote video 
calls with family members. All sensors are housed within a plastic casing designed for aesthetic appeal and 
portability. The casing features only three physical call buttons to minimize accidental operations by the elderly, 
while all settings can be managed via a companion app designed for their children. The interface used in the 
guardian (children or grandchildren) mainly includes viewing the health status of the elderly, the daily activities 
of the elderly, and remote videos. When the elderly fall, the system will automatically call the guardian. The 
application program interface and sensors of QLKH Intelligent Care Systems are shown in Fig. 2.

Questionnaire development and Pre-testing
The questionnaire was structured into two main sections. Section one collected basic demographic 
information from respondents, including their gender, age, educational background, and experience with 
similar technologies. Section two focused on evaluating the system across eight dimensions, including 
PU、PEOU、PAC、IQU、PSC、SIN、AES、BI. All dimensions utilized in our model have been validated in 
various research contexts. For each dimension, at least three standardized questions were formulated. Responses 
to these evaluative questions were measured using a 7-point Likert scale, ranging from “Strongly Disagree” (1) 
to “Strongly Agree” (7). The questionnaire also included reverse-phrased items. These items are designed to 
promote careful consideration, helping to filter out less thoughtful answers.

The survey consisted of four steps. First, participants were randomly recruited online and on-site. All eligible 
respondents had an equal probability of being selected, which helps minimize sampling bias and enhance 
the objectivity of the data collection process. We aimed to ensure diversity in participants’ demographics by 
distributing the questionnaire widely across different regions in China through multiple online platforms and 
community groups. As a result, the final sample includes participants of varied age groups, genders, educational 
levels, and geographic locations, which provides a reasonably diverse foundation for analysis. Participants will 
be briefed on the purpose of the study, the expected time investment, and the compensation. They read this 

Fig. 2.  QLKH Intelligent Care Systems application interface.
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introduction to the experiment and signed an informed consent form. Next, participants accessed the task 
page by clicking on a provided link or scanning a QR code, where they read the task instructions. Then, they 
watched a 2-minute introductory video about the intelligent care system to familiarize themselves with it. The 
2-minute video provides a comprehensive introduction to the product and system. The video content starts 
from downloading and installing, then the APP operation interface displayed in the video shows the entire 
operation process. After the user performs each operation, the APP interface will provide feedback on the user’s 
operation. After 2-minute video watching, we provide an App download link to participants. Participants can 
experience the QLKH application or choose to skip the software experience step directly (the experimenter did 
not force every user to complete short hands on experience), and then we invite participants to click on the 
questionnaire link to complete the online survey. The questionnaire is filled in anonymously, and no sensitive 
personal information is involved in the filling process to ensure that the privacy of participants is protected. 
This work was approved by the Ethics Review Committee for Nursing and Behavioral Medicine Research of the 
School of Nursing, Central South University (Ethics Review number: E202258). Data for this study was collected 
from August 5 to August 16, 2023.

In the pre-test phase, we engaged five domain experts and thirty-five randomly selected participants to 
review the questionnaire. Experts have deeply experienced this system and are responsible for evaluating content 
validity, ensuring the theoretical rigor and conceptual coverage of the this study. Random participants mainly 
learned about this system by watching videos. Their feedback is used for face validity assessment, verifying the 
comprehensibility and suitable of the items. Based on the feedback received from both experts and participants, 
particularly regarding the feedback for wording of the questions, we made detailed revisions and adjustments. 
The finalized questionnaire can be found in Appendix A.

Results
This study received a total of 400 questionnaires and conducted data analysis using SPSS and AMOS software. 
After applying screening criteria, 14 responses were excluded due to completion time under 1  min (n = 2), 
excessive answer repetition (over 85% similarity across items, n = 9), missing data (n = 0), and statistical 
outliers identified via SPSS (n = 3). This resulted in a final dataset of 386 valid responses used for analysis. Our 
questionnaire contains 32 items, requiring a minimum of 320 responses. We successfully collected 386 valid 
responses, which exceeds the threshold and satisfies statistical requirements for robust analysis99,100. Thus, all 
subsequent analyses are based on these 386 valid datasets.

Sample characteristics
The demographic information of the research participants is presented in Table 1, providing an overview of the 
characteristics of the sample. The demographic results show that the participants in this survey were 146 males 
and 240 females. The majority of participants are concentrated in two age groups, 18 to 30 years old (60.06%) 
and 31–50 years old (20.21%). Randomly recruited participants fit the age profile of the primary purchasers of 
the product and the primary users of the system. These participants are guardians of the elderly (children or 
grandchildren). The demographic results show that the most participants held a bachelor’s degree or higher, 
accounting for 90.67% of the sample. Participants gained some understanding of the test product either by 
watching our introductory video or through personal experience, with 84.46% of users having some knowledge 
of the product.

Normality test
The normality of the data was assessed using kurtosis and skewness tests. Ideally, in a normality test, both kurtosis 
and skewness should approach zero101. However, since real-world data rarely perfectly conform to a normal 
distribution, it is generally accepted that if the absolute value of skewness is less than 3 and the absolute value of 

Variable Category Frequency Percent

Gender
Male 146 37.82%

Female 240 62.18%

Age

0–17 0 0.00%

18–30 255 66.06%

31–50 78 20.21%

over 50 53 13.73%

Education level

High School and below 36 9.33%

Bachelor 255 66.06%

Master and above 95 24.61%

The levels of understanding

Not at All 60 15.54%

Slightly 128 33.16%

Moderately 139 36.01%

Well 47 12.18%

Very Well 12 3.11%

Table 1.  Descriptive statistics of the participants (N = 386).
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kurtosis is less than 10, the data can be considered approximately normally distributed102. As shown in Table 2, 
the skewness and kurtosis values indicate that the data from this survey conform to a normal distribution.

Reliability analysis
Reliability analysis is a statistical process used to assess the consistency and stability of a measurement tool 
or test. Ensuring the quality of measurement results is a prerequisite for subsequent analyses. In this study, 
Cronbach’s alpha was used to evaluate the internal consistency of each dimension. Cronbach’s alpha ranges from 
0 to 1, with higher values indicating greater reliability. The reliability analysis results are presented in Table 3. The 
overall Cronbach’s alpha for the scale was 0.907, and the Cronbach’s alpha for each subscale ranged from 0.819 

Dimension Cronbach’s alpha Items

PU 0.919 4

PEOU 0.916 4

IQU 0.903 4

PSC 0.955 4

PAC 0.952 4

SIN 0.819 3

AES 0.899 4

BI 0.927 4

Table 3.  Reliability analysis of technology acceptance for smart care systems.

 

Dimension Items Mean Skewness Kurtosis

Perceived Usefulness (PU)

PU1 5.37 −0.020 −0.672

PU2 5.40 −0.060 −0.491

PU3 5.14 −0.220 −0.156

PU4 5.20 −0.161 −0.199

Perceived Ease of Use (PEOU)

PEOU1 5.40 −0.290 −0.138

PEOU2 5.37 −0.433 −0.006

PEOU3 5.60 −0.639 0.793

PEOU4 5.42 −0.596 0.639

Information trust (IQU)

IQU1 5.13 −0.223 0.012

IQU2 5.11 −0.354 0.108

IQU3 5.08 −0.165 −0.062

IQU4 5.10 −0.024 −0.606

Privacy Security (PSC)

PSC1 4.73 −0.138 −0.370

PSC2 5.02 −0.451 0.008

PSC3 5.02 −0.398 −0.346

PSC4 5.04 −0.494 0.051

Perceived Accident(PAC)

PAC1 5.93 −1.281 2.633

PAC2 6.04 −1.322 2.680

PAC3 6.05 −1.269 2.270

PAC4 6.03 −1.260 2.116

Social Influence (SIN)

SIN1 4.97 −0.421 0.057

SIN2 4.51 −0.333 −0.024

SIN3 4.67 −0.259 0.056

Aesthetics (AES)

AES1 4.55 −0.231 0.265

AES2 5.04 −0.191 0.356

AES3 5.00 −0.244 0.377

AES4 5.25 −0.426 0.551

Behavioral Intention to Use (BI)

BI1 5.19 −0.308 0.198

BI2 5.05 −0.324 0.150

BI3 5.01 −0.353 0.393

BI4 5.05 −0.158 −0.149

Table 2.  Normality test.
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to 0.955, all exceeding 0.8. These high values indicate that the scales used in this study have excellent internal 
consistency and reliability, making them suitable for further Validity Analysis.

Validity analysis
Validity analysis assesses whether a measurement tool or test accurately measures the concept or attribute it 
is intended to measure. To assess the questionnaire’s validity, we conducted both exploratory factor analysis 
(EFA) and confirmatory factor analysis (CFA). Bartlett’s Test of Sphericity and the Kaiser-Meyer-Olkin (KMO) 
were used to evaluate the suitability of the data for factor analysis. The Bartlett’s test was significant (p < 0.001), 
indicating that variables are inter-correlated, while the KMO value was 0.916, well above the threshold of 0.7, 
suggesting excellent suitability for factor analysis. These results confirm that the questionnaire data are highly 
appropriate for further analysis.

Exploratory factor analysis
In the exploratory factor analysis (EFA), we used rotated factors for principal component extraction103. After 
rotation, these 8 factors were clearly defined. The EFA results indicate that all items are loaded onto their 
respective dimensions with factor loadings greater than 0.6, as shown in Table 4.

Confirmatory factor analysis
For confirmatory factor analysis (CFA), the survey data were imported into Amos to construct a variable 
model for validity testing. According to the results presented in Table 5, All indicator factor loadings should be 
significant and exceed 0.7, the Average Variance Extracted (AVE) values for each dimension exceeded 0.5, and 
the Composite Reliability (CR) values were all above 0.8, meeting the criteria for convergent validity104. These 
findings collectively indicate that each dimension exhibits good convergent validity and composite reliability, 
confirming that the model is suitable for further research analysis.

Dimension Items 1 2 3 4 5 6 7 8

PU

PU1 0.061 −0.040 0.297 0.230 0.267 0.211 0.728 0.042

PU2 0.088 −0.017 0.255 0.220 0.222 0.210 0.771 0.062

PU3 0.051 −0.025 0.254 0.207 0.282 0.298 0.726 0.083

PU4 0.099 −0.093 0.288 0.190 0.237 0.278 0.733 0.073

PEOU

PEOU1 0.078 0.025 0.820 0.182 0.139 0.192 0.222 0.025

PEOU2 0.010 0.028 0.826 0.157 0.198 0.174 0.177 −0.018

PEOU3 0.067 0.040 0.845 0.112 0.112 0.123 0.170 0.070

PEOU4 0.122 0.005 0.778 0.179 0.238 0.171 0.265 0.025

IQU

IQU1 0.027 −0.034 0.191 0.257 0.670 0.266 0.294 0.100

IQU2 0.030 −0.038 0.152 0.248 0.733 0.236 0.272 0.043

IQU3 0.078 0.009 0.198 0.241 0.807 0.234 0.166 −0.014

IQU4 0.060 −0.012 0.249 0.232 0.775 0.220 0.218 −0.018

PSC

PSC1 0.084 0.890 0.005 −0.014 0.028 −0.059 0.035 0.118

PSC2 0.206 0.921 0.036 −0.059 −0.039 0.005 −0.046 0.067

PSC3 0.167 0.931 0.023 −0.072 −0.012 0.046 −0.051 0.083

PSC4 0.138 0.940 0.014 −0.086 −0.038 0.004 −0.058 0.053

PAC

PAC1 0.874 0.137 0.070 −0.007 0.055 0.078 0.079 0.094

PAC2 0.932 0.155 0.052 −0.007 0.034 0.041 0.053 0.067

PAC3 0.933 0.147 0.062 0.014 0.015 0.066 0.037 0.087

PAC4 0.916 0.148 0.052 0.059 0.058 0.058 0.041 0.059

SIN

SIN1 0.126 0.164 0.078 −0.065 0.043 −0.041 0.004 0.816

SIN2 0.013 0.053 −0.031 0.075 0.024 0.042 0.041 0.880

SIN3 0.139 0.074 0.036 0.162 −0.006 0.058 0.107 0.828

AES

AES1 −0.120 −0.071 0.129 0.719 0.202 0.216 0.205 0.047

AES2 0.025 −0.096 0.227 0.821 0.213 0.203 0.149 0.054

AES3 0.040 −0.063 0.166 0.822 0.174 0.207 0.177 0.048

AES4 0.102 −0.056 0.129 0.788 0.270 0.186 0.164 0.083

BI

BI1 0.121 −0.003 0.193 0.245 0.218 0.776 0.312 0.026

BI2 0.085 0.014 0.231 0.232 0.253 0.776 0.259 0.014

BI3 0.051 0.003 0.236 0.254 0.274 0.753 0.261 0.002

BI4 0.112 −0.014 0.194 0.325 0.339 0.686 0.161 0.055

Table 4.  Exploratory factor analysis and principal component analysis.
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Discriminant validity analysis
Based on the analysis results presented in Table 6, the standardized correlation coefficients between each pair of 
dimensions in this discriminant validity test were all less than the square root of their respective AVE (Average 
Variance Extracted) values. This indicates that each dimension has good distinctiveness from the others, 
confirming that the measurement variables have passed the discriminant validity test.

Model fit analysis
Based on the model fit test results presented in Table 7, the CMIN/DF is 2.488, which falls within the desirable 
range of 1–3. The RMSEA is 0.062, indicating a good fit within acceptable limits. Additionally, the NFI, RFI, IFI, 

Dimension AES SIN PAC PSC IQU PEOU PU BI

AES 0.851

SIN 0.000 0.786

PAC 0.000 0.000 0.922

PSC 0.000 0.000 0.000 0.925

IQU 0.000 0.000 0.000 0.000 0.852

PEOU 0.283 −0.006 0.131 0.064 0.457 0.851

PU 0.301 0.098 0.141 −0.094 0.596 0.607 0.835

BI 0.392 −0.014 0.141 0.023 0.582 0.502 0.678 0.856

Table 6.  Discriminant validity test results.

 

constructs Items Standardized Factor Loading AVE CR

IQU

IQU1 0.792 0.726 0.914

IQU2 0.823

IQU3 0.898

IQU4 0.891

PSC

PSC1 0.837 0.855 0.959

PSC2 0.944

PSC3 0.952

PSC4 0.961

PAC

PAC1 0.859 0.851 0.958

PAC2 0.947

PAC3 0.954

PAC4 0.926

PEOU

PEOU1 0.857 0.725 0.913

PEOU2 0.850

PEOU3 0.816

PEOU4 0.882

PU

PU1 0.820 0.697 0.902

PU2 0.817

PU3 0.849

PU4 0.853

BI

BI1 0.885 0.733 0.917

BI2 0.879

BI3 0.860

BI4 0.799

SIN

SIN1 0.723 0.618 0.829

SIN2 0.839

SIN3 0.793

AES

AES1 0.751 0.725 0.913

AES2 0.918

AES3 0.881

AES4 0.846

Table 5.  Convergent validity and composite reliability.
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TLI, and CFI all achieved values above 0.9, reflecting excellent levels of fit105. These results collectively suggest 
that the theoretical model fits the actual data well.

In this analysis, Pearson correlation analysis was employed to explore the relationships between various 
variables. According to the analysis results presented in Table 8, out of the 18 hypotheses tested in this study, 12 
were supported by the sample data, while 6 were not supported (refer to Fig. 3). Specifically, when the absolute 
value of the t-value (C.R.) is greater than 1.96 and the p-value is less than 0.05, it indicates that the path influence 
between latent variables is significant, and the hypothesis is considered valid. Based on this criterion, the 
unsupported hypotheses are as follows.

H2  There is a positive correlation between Perceived Ease of Use (PEOU) and Behavioral Intention to Use (BI).

H6  There is a positive correlation between Perceived Accident (PAC) and Behavioral Intention to Use (BI).

H11  There is a negative correlation between Privacy Security (PSC) and Perceived Ease of Use (PEOU).

H12  Privacy Security (PSC) has a negative impact on Behavioral Intention to Use (BI).

H14  There is a positive correlation between Social Influence (SIN) and Perceived Ease of Use (PEOU).

H15  Social Influence (SIN) has a positive impact on Behavioral Intention to Use (BI).

*: p < 0.05;**: p < 0.01; ***: p < 0.001.

Discussion
This study proposes an extended Technology Acceptance Model (TAM) to investigate the factors influencing 
users’ acceptance of intelligent care systems. By formulating and validating hypotheses, we deepen the 
understanding of the original TAM constructs—Perceived Usefulness (PU), Perceived Ease of Use (PEOU), 

Hypothesis Estimate S.E. C.R. Status

H1: PU—> BI 0.369*** 0.077 5.510 Accepted

H2: PEOU—> BI 0.026 0.055 0.983 Rejected

H3: PEOU—> PU 0.344*** 0.047 7.073 Accepted

H4: PAC—> PU 0.096* 0.033 1.971 Accepted

H5: PAC—> PEOU 0.131* 0.044 1.986 Accepted

H6: PAC—> BI 0.086 0.036 1.800 Rejected

H7: IQU—> PU 0.439*** 0.044 8.377 Accepted

H8: IQU—> PEOU 0.457*** 0.050 8.391 Accepted

H9: IQU—> BI 0.351*** 0.054 5.620 Accepted

H10: PSC—> PU −0.116** 0.026 −2.573 Accepted

H11: PSC—> PEOU 0.064 0.035 1.488 Rejected

H12: PSC—> BI 0.055 0.029 1.663 Rejected

H13: SIN—> PU 0.100* 0.033 2.383 Accepted

H14: SIN—> PEOU −0.006 0.045 −0.153 Rejected

H15: SIN—> BI −0.050 0.037 −1.182 Rejected

H16: AES—> PU 0.204*** 0.036 4.095 Accepted

H17: AES—> PEOU 0.283*** 0.046 5.754 Accepted

H18: AES—> BI 0.274*** 0.041 6.164 Accepted

Table 8.  Hypotheses analysis.

 

Fit index Acceptable Values Obtained

x2/df preferable < 3 2.488

RMSEA < 0.08 0.062

NFI > 0.9 0.912

RFI > 0.95 0.902

IFI > 0.9 0.946

TLI > 0.95 0.939

CFI > 0.9 0.945

Table 7.  Model fit indices.
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and Behavioral Intention to Use (BI)—and reveal the significant impacts of five additional constructs: Perceived 
Accident (PAC), Information trust (IQU), Privacy Security (PSC), Social Influence (SIN), and Aesthetics (AES). 
Our findings confirm that six critical factors significantly influence user acceptance. Overall, our data support 
the Intelligent Care System Acceptance Model, with 12 hypotheses accepted and 6 rejected.

Original TAM model
The study confirms PU as one of the most powerful predictors of technology acceptance. There is a significant 
positive correlation between PEOU and PU (β = 0.344, p < 0.001), validating that for a technology to be deemed 
easy to use, it must also be useful106. The hypothesis that PU influences BI was strongly supported (β = 0.369, 
p < 0.001). However, PEOU does not have a significant direct impact on BI (β = 0.026, p > 0.05). This discovery 
is different from the traditional TAM model, where PEOU usually directly affects BI. Instead, consistent with 
previous research by Klingberg107, Alsisi108, and Park109. We guess that PEOU affects BI through PU. Thus, 
this study speculates that this is related to the type of system. Users of health monitoring systems are more 
concerned with the successful completion of tasks rather than ease of use. This is particularly true for fall 
detection technologies that pertain to the health of elderly individuals.

Specifically, this may be because guardians of the elderly are more concerned with the practical utility of 
technology rather than the simplicity of operation. When guardians believe that the use of ICS can effectively 
achieve the goal of elderly living independently at home (improving the quality of life of family members, clearly 
understanding the health level of elderly, strengthening intergenerational communication, etc.), they may be 
more willing to try and continue to use this system. This positive usefulness may enhance users’ confidence, 
making them believe that using a healthcare system is a worthwhile investment. On the other hand, if users feel 
that using a health care system will not consume too much time and effort, or if the system’s interface is user-
friendly and easy to operate, resulting in less burden during use, this may make them believe that the system can 
help them. And we speculate that the guardian has a high level of education and acceptance of digital technology, 
so they will not give up using this system even it is difficult to operate. We suspect that this is the reason why 
PEOU has no significant impact on BI. A higher PEOU means that users believe that they do not need to spend 
a lot of resources (such as time and effort) to get benefits, thereby enabling them to achieve higher PU. A higher 
PU means that users perceive the system to be helpful for the health management of the elderly, which can 
further enhance their intention to use the system.

Information trust (IQU)
IQU emerged as a strong determinant of both PU and PEOU (β = 0.439, p < 0.001; β = 0.457, p < 0.001). IQU is 
positively correlated with BI (β = 0.439, p < 0.001). This discovery strengthens the expansion logic of exogenous 
variables in the TAM model. In health monitoring systems, users are most concerned about the accuracy and 
reliability of information. IQU positively correlates with BI(β = 0.351, p < 0.001), indicating that improving 
product performance regarding information accuracy can enhance perceptions of usefulness and ease of use. 
While rarely mentioned in TAM or UTAUT models, information accuracy significantly influences usefulness, 
ease of use, and behavioral intention to use in practical applications. This is consistent with Felber110, qualitative 
research highlighting stakeholders’ emphasis on reliability. It significantly influences practical applications of 
PU, PEOU, and BI. The research concludes that IQU should be considered as a predictive indicator. We have 
also verified from a quantitative perspective of investigation and research that ‘improving the performance of 
products in terms of information accuracy may make users more willing to try and continue using this system.

Fig. 3.  The results.
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Specifically, in the context of healthcare, accurate information feedback not only enhances users’ confidence 
in system operation, but also strengthens their recognition of the actual effectiveness of the system, thereby 
promoting the formation of usage intention. If the guardian believes that the system can provide real and effective 
data, they are more likely to believe that the system can improve the user’s predicament. For system developers, 
improving information accuracy should be the core strategy for optimizing user experience and promoting 
technology adoption, emphasizing the decisive role of “data quality” in the acceptance process of healthy 
technology. We suggest that R&D personnel should focus on improving the accuracy of sensors, reducing system 
false alarms, or setting up information verification mechanisms. Guardians are often the “recommenders” and 
“promoters” in technology adoption progress. Their trust in the accuracy of information is the key that drives 
them to use the system. System developers need to ensure that guardians feel the information they obtain is 
reliable.

Aesthetic (AES)
AES, aside from IQU, is a significant factor influencing PU and PEOU. It encompasses the aesthetic appeal of the 
product and the visual experience of app interfaces. When applications or products are perceived as aesthetically 
pleasing, they are also considered more useful and easier to use. This aligns with findings by Li98, who noted 
a strong correlation between aesthetics and trust. Therefore, aesthetics should be considered as a predictive 
indicator.

This study confirms that aesthetics (AES) is a significant predictive factor within the Technology Acceptance 
Model (TAM), especially in the context of elderly healthcare systems. AES has a significant positive influence 
on perceived usefulness (PU), perceived ease of use (PEOU), and behavioral intention (BI) (β = 0.204, p < 0.001; 
β = 0.283, p < 0.001; β = 0.274, p < 0.001). It encompasses both the aesthetic appeal of the product and the visual 
experience of application interfaces. We found that when applications are more aesthetically designed, users 
are more likely to perceive them as useful (PU) and easy to use (PEOU). This finding highlights the crucial role 
of visual interface design in shaping users’ cognition and behavioral intention, indicating that aesthetics is not 
merely a superficial attribute but a functional factor that influences technology acceptance96. This is similar to 
the findings of Li98, who noted a strong correlation between aesthetics and trust in mobile commerce. Therefore, 
aesthetics should be considered a predictive indicator.

Moreover, this study presents some novel insights. While previous research has predominantly focused 
on younger users for education applications, our study extends the role of aesthetics to elderly healthcare 
systems, particularly among guardians who make usage decisions on behalf of older adults. For this group, 
high-quality visual design not only enhances their perceptions of professionalism but may also strengthen trust 
and willingness to adopt the system. This suggests that in high-risk contexts such as healthcare, aesthetics can 
influence technology evaluation by triggering emotional trust, which is a more complex cognitive-to-emotional 
process. Furthermore, although previous studies often treated aesthetics as a secondary or indirect factor, our 
findings reveal that AES has a significant and direct effect on both PU and PEOU. This suggests its potential to be 
elevated to a core construct within the TAM framework. This finding contributes to the theoretical development 
of technology adoption models by emphasizing the growing importance of design-related variables (such as 
visual experience), especially in care scenarios that require high levels of trust and empathy.

From a practical standpoint, we recommend that system developers incorporate aesthetic interface design 
from the early stages of development—not as an ornamental addition, but as a strategic design element that 
enhances usability and ease of use.

Perceived accident (PAC)
PAC shows a positive correlation with PU and PEOU (β = 0.096, p < 0.05; β = 0.131, p < 0.05), but has no 
significant effect on BI (β = 0.086, p > 0.05). The data results validated the impact path of PAC as an external 
variable on the core factors of TAM. In the context of the use of elderly health care systems, PAC has a significant 
positive impact on both PU and PEOU. This finding is consistent with existing literature11,111, supporting that in 
high perceived risk scenarios, users are more inclined to value the functional value and ease of operation brought 
by technology. This indicates that when caregivers perceive that elderly living alone face a higher risk of falls or 
sudden health events, they are more likely to recognize the potential of technological systems in risk mitigation. 
However, there is significant inconsistency in the research on the relationship between PAC and BI112. We need 
discuss possible cultural and contextual explanations for this divergence in the Chinese caregiving environment. 
We believe this is related to the subject of the investigation (whether it is a guardian or an elderly). We speculate 
that in the context of elderly care, although risk perception can enhance the PU and PEOU of the system to a 
certain extent, it is not sufficient to directly drive caregivers’ willingness to use it. As mentioned earlier, PU is a 
key factor influencing BI. Individuals with higher perceived risk tend to have a greater PU and PEOU. Compared 
to those with lower perceived risk, individuals who believe that the elderly living alone face higher health risks 
are more likely to perceive that care systems can play a role in mitigating the risk of sudden death among the 
elderly living alone. However, this new technology of care systems may not have gained sufficient trust from the 
participants, leading to higher requirements for PU and PEOU among those with high-risk perceptions.

The reason why we speculate that PAC is not related to BI is that in the context of family health care, guardians’ 
concerns about health events such as falls among the elderly are more manifested as moral responsibility or 
emotional concern rather than a clear motivation for the use of technology. This means that PAC stimulates 
“consciousness” or “alertness”, but is not sufficient to be directly transformed into “behavioral intention”. We 
suggest that when promoting the system, a “risk-averse” information strategy can be adopted, emphasizing the 
role of the system in preventing falls or sudden health problems, thereby enhancing users’ perception of the value 
of the system. Furthermore, although users consider the system useful (PU) and easy to use (PEOU), they still do 
not show a strong intention to use it (BI). This indicates that relying solely on functional design and operational 
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convenience is not sufficient. Developers should consider adding emotional trust building mechanisms, such 
as reliable brand endorsement, usage safety feedback mechanisms, professional nursing staff recommendation 
systems, etc., to smooth out the closed-loop path from cognition to action.

Privacy security (PSC)
PSC does not directly affect PEOU and BI(β = 0.064, p > 0.05; β = 0.055, p > 0.05), but has a relatively significant 
negative correlation with PU(β=−0.116, p < 0.01). This suggests that users are less concerned about privacy risks 
associated with video recording in intelligent care systems. Although the impact of PSC on BI cannot be entirely 
ruled out78.

The lack of significant relationship between PSC and BI indicates that for elderly caregivers, although they 
are concerned about data privacy issues, this does not directly affect their willingness to use the system. This 
may be because in the high-risk elderly population, health monitoring is seen as an urgent or necessary need, 
so caregivers are more likely to adopt a pragmatic attitude that balances functionality and privacy protection113. 
This behavioral motivation reflects that privacy issues may be intentionally ignored or tolerated under the drive 
of emotional or moral responsibility.

There is no significant relationship between PSC and PEOU, indicating that although users have privacy 
concerns about the system, they do not consider it as part of operational difficulty or usage barriers. In other 
words, even if users do not trust the system, they can still consider it easy to use. This indicates that PSC and 
PEOU may be independent dimensions of each other. Privacy concerns are a form of “risk awareness” rather 
than an evaluation of the difficulty of using the system.

The negative correlation between PSC and PU indicates that individuals who are highly concerned about 
privacy consider the usefulness of this system to be low. Xiao114 pointed out that privacy concerns are obstacles 
in the adoption process of health monitoring technology. Privacy risks may weaken users’ recognition of the 
system. If users suspect that the system may leak sensitive health data or lack confidence in data access and 
control, they may believe that the system cannot truly improve care efficiency and instead has exposure risks. 
Perceived privacy and security have no significant impact in our model, which contrasts with many studies 
indicating that privacy issues are a key barrier. There is a possibility that the existing system has already ensured 
privacy and security, allowing elderly and their families to use it with confidence. For example, videos are only 
stored on local SD memory cards, and authorization from the first caregiver is required before others can view 
the videos. Before each video viewing, the app automatically scans to determine if there are any privacy related 
scene involved. Therefore, users are confident in the privacy and security of the product, resulting in a low 
correlation between privacy and security and usage intention. Therefore, users may view it as a ‘basic function’ 
rather than a ‘decision variable’, leading to a weakened direct impact of privacy and security on usage intentions.

This result also reminds technology developers to turn to other user experience pain points after privacy 
optimization. In terms of improving privacy protection, the privacy protection of the system can be used as a 
promotional factor. Enable users to directly experience the privacy explanation and functional demonstration 
of the system, help them understand how the system protects privacy, and strengthen trust and value perception 
through professional explanations. In addition, theoretically, in family scene or elderly care fields, model design 
should consider modeling PSC as a antecedent variable of PU.

Social influence (SIN)
“The hypothesis that SIN positively influences BI and PEOU” was not supported (β=−0.050, p > 0.05; β=−0.006, 
p > 0.05). This indicates that opinions from social circles (peers, family members, media) do not directly impact 
intentions to use intelligent care systems. In the context of the use of elderly ICS, the direct driving effect of 
SIN on user adoption intention may be replaced by other factors. This finding is not entirely consistent with 
previous studies emphasizing the positive impact of social norms, family opinions, or professional advice on 
users’ adoption of technology37. We make speculations from three aspects. A possible explanation for the 
insufficient impact of SIN on BI and PEOU found in this study is that some participants are early adopters of new 
technologies, and they are influential to other potential adopters21. Early adopters are often younger and more 
educated, as reflected in our sample (18–30 years: 65.54%; bachelor’s degree or higher: 90.67%)115. Additionally, 
SIN plays a lesser role in healthcare decisions, where perceptions are more likely influenced by professionals like 
doctors and nurses. Finally, the minimal influences of SIN for older users can be attributed to IQU discussed 
earlier. Elderly users desire greater data accuracy and security, making them less willing to share their personal 
sensitive health data with peers, friends, or relatives92. However, we found that SIN shows a positive correlation 
with PU (β = 0.100, p < 0.05). SIN can indirectly affect BI through PU.

This discovery has implications for the extension of the TAM model. In home scene or elderly care fields, 
model design should consider modeling SIN as an antecedent variable of PU. From a practical application 
perspective, in the process of promoting the system, emphasis should be placed on improving PU and PEOU, 
rather than relying solely on social reputation or advertising, especially in high-risk, low fault tolerance medical 
care contexts.

Conclusion, research limitations, and future work
Conclusion
Our research aims to develop and test an extended TAM model (An Extended Technology Acceptance Model) 
to better understand the acceptance and behavioral intentions of family members (mainly children and 
grandchildren of elderly) towards using elderly ICS. his study introduces five external variables based on TAM, 
which are the PAC、IQU、PSC、SIN、AES, and systematically analyzed their impact on the core variables of 
TAM.
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This study focuses on addressing two key limited areas of existing research at the theoretical level. On the one 
hand, existing research on elderly health care systems mostly focuses on the perspective of the elderly. However, 
the system is a shared system used by elderly and other family members. The unique cognitive mechanism of 
elderly guardians (children and grandchildren) as direct users still needs to be explored. On the other hand, 
it theoretically enhances the explanatory power and adaptability to specific contexts of mature TAM models, 
further supplementing the theoretical model. This study provides new perspectives for broader technological 
acceptance research. Eventually, our research provides actionable insights for system designers, technology 
developers, and policy makers who aim to increase product adoption and improve user centered design.

The results enrich the structure of the TAM model and propose a theoretical path that is more suitable 
for the application scenarios of elderly ICS technology in home environments. Specifically, IQU and AES have 
significant positive effects on PEOU, PU, and BI, indicating that they are important antecedent variables with 
theoretical significance in technology adoption. It is worth noting that although PAC significantly improved 
PEOU and PU, it had no direct impact on BI, PAC primarily enhances cognitive assessment rather than directly 
driving behavior. Furthermore, there is a negative relationship between PSC and PU, while the impact of SIN 
on PU is relatively weak. PSC has no effect on both PEOU and BI. Similarly, SIN has no effect on either PEOU 
or BI. This result challenges the common assumptions about social impact and privacy concerns in traditional 
research, indicating that there may be contextual differences in the mechanisms of action between SIN and PSC 
in the sensitive field of elderly health care.

At the practical level, the results of this study have important practical guidance value for developers of 
elderly ICS, medical service providers, and system promoters. Especially, understanding the unique concerns 
and preferences of elderly guardians (rather than elderly users) can help improve product functionality, interface 
design, and communication strategies. The significant positive effects of IQU and AES on all key variables of 
TAM indicate that attention should be paid to the accuracy of information content and the aesthetic performance 
of user interface design from the early stage of system development. Valuing information accuracy can be 
reflected in improving the accuracy, transparency, and interpretability of sensors, reducing system false alarms, 
and increasing the establishment of information verification mechanisms. The emphasis on interface design 
should be reflected in not treating “AES” as a decorative add-on, but rather as a strategic design element to 
enhance usability and user-friendliness. For instance, important alert messages could be highlighted with more 
prominent colors and fonts to improve information readability. Ordinary notifications could include timestamps 
to enhance users’ trust and perception of information accuracy. Moreover, aesthetic design attracts users and 
adds value to the system. Clear interface layouts and operation methods that align with user habits can increase 
users’ understanding of application functionalities, thereby enhancing their perceptions of the system’s usefulness 
and user-friendliness. The significant effect of PAC on PU and PEOU indicates that a “risk averse” information 
strategy can be adopted for system promotion. Emphasize the role of the system in preventing falls or responding 
to sudden health issues in promotion, thereby enhancing its perceived value. System developers should balance 
functionality and emotional support in interface design. For instance, enhancing health information feedback, 
higher system controllability, and friendly interaction mode can significantly boost user engagement.

Research limitations, and future work
This study extends the TAM structure and enriches empirical research on user acceptance of ICS. However, it 
also has limitations. In this study, we recruited participants by means of random sampling. Furthermore, we 
mainly focus on young participants, who are usually more familiar with digital technologies and more inclined 
to adopt new technologies. Therefore, the research results may not fully reflect the acceptance and usage habits 
of ICS among different age groups in China. Stratified sampling will be used in future studies to further enhance 
generalization. In addition, during the actual investigation and testing, we did not mandate participants to use 
the ICS in the pre testing stage, but instead replaced it with watching videos. Because the video can provide a 
detailed display of the entire system operation process and feedback. Learning about the system through videos 
is more efficient, but it sacrifices participants’ hands on experience in a way. Future research should consider 
incorporating brief system trial sessions to allow users to directly experience the technology before providing 
feedback. Finally, the model is based on TAM. Although its simplicity indicates robustness, it also exposes the 
possibility of overlooking other potential variables, such as self-efficacy and perceived value, which were not 
considered in this study and may be a direction for future research. Future studies may build on this research by 
testing additional variables or developing hybrid models that better capture the complexity of user acceptance 
in intelligent care technologies.

Data availability
The datasets generated during and/or analyzed in the current study are available from the corresponding author 
upon reasonable request.
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