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Abstract: In recent years, smart health (s-Health) services have gained momentum worldwide. The
s-Health services obtain personal information and aim to provide efficient health and medical services
based on these data. In Japan, active efforts to implement these services have increased, but there is
a lack of social acceptance. This study examined social acceptance concerning various factors such
as trust in the city government, perceived benefits, perceived necessity, perceived risk, and concern
about interventions for individuals. An online survey was conducted, and Japanese participants
(N = 720) were presented with a vignette depicting a typical s-Health service overview. The results
of structural equation modeling showed that trust was positively related to perceived benefit and
necessity and negatively related to perceived risk and concern about interventions for individuals.
Perceived benefit and trust were positively related to social acceptance, and perceived risk was
negatively related to acceptance. The model obtained in this study can help implement s-Health
services in public. Empirical studies that contribute to improving public health by investigating the
social acceptance of s-Health services should be conducted in the future.

Keywords: smart health; social acceptance; smart city; Japan; structural equation modeling

1. Introduction
1.1. Background and Purpose

In recent years, the implementation of smart cities has been accelerating worldwide,
and the development of sustainable and environment-friendly cities using artificial intelli-
gence (AI) and big data has been fostered [1–3]. In Japan, attention to these initiatives is also
growing, and the Japan Cabinet Office aims to implement smart cities in more than 100 cities
by 2025 [4]. One of the fundamental goals of smart city projects is to promote the health
of all citizens [5,6]. As Lohachab showed, smart health (s-Health) service initiatives are
being developed to provide efficient medical and health services by utilizing the networks
and infrastructure of smart cities to achieve the above goal [7–9]. The implementation of
s-Health services is gaining momentum worldwide [10,11]. In Japan, however, there are
still no cities where s-Health services are in full operation. Nevertheless, initiatives are
being conceived, planned, or partially tested to use AI to analyze big data, such as people’s
health and medical data, prevent frailty among older adults [12], and improve the quality
of healthcare services [13].
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While these efforts have been active, significant issues remain to be addressed. One of
these is the issue of social acceptance of s-Health services. In general, when new scientific
technology is implemented in a particular region, there are scattered cases of citizens’
insufficient acceptance of the project [14,15]. An example of a project that became a social
issue due to the strong opposition from the public is the Sidewalk Labs project in Toronto,
Canada. A large amount of data was supposed to be collected and utilized in facilities
throughout the city [16]. However, when it became explicit that the plan was to install
sensors everywhere in the city and acquire personal information such as the location
of smartphones, the project faced citizens’ strong opposition and eventually led to its
cancellation [17]. In Japan, when Hamamatsu City in Shizuoka Prefecture solicited public
comments about the “Hamamatsu City Digital Smart City Concept (draft),” there were
many objections based on concerns about privacy protection [18]. In smart city projects,
especially s-Health services, considerable personal information, including information
on disease status, is acquired and utilized [7]. The damage caused to individuals by the
leakage and abuse of such information is significant, and thus privacy protection is one of
the greatest challenges in s-Health services [19–21]. The perceived risk of leakage and abuse
of the obtained personal information may strongly influence social acceptance [22–24].

In this study, we focused on a specific aspect of s-Health services: the acquisition of
detailed personal information. We summarized various factors, including perceived risk,
which can influence the social acceptance of s-Health services. Specifically, we conducted
an online survey of Japanese participants to clarify the relationship between each factor
and presented a model of social acceptance. As the implementation of s-Health services
has been active in Japan, it is essential to examine the social acceptance of the services.

1.2. Literature Review

We examine the determinants of the social acceptance of s-Health services by referring
to a previous study recently conducted in Japan that dealt with the social acceptance of
various smart city projects [25]. The study found that trust in business operators, per-
ceived benefits, and perceived necessity were positively related to the social acceptance
of the projects [25]. Many previous studies conducted in other countries have also sug-
gested that trust and perceived benefit are critical factors in the social acceptance of smart
cities [15,24,26]. In addition, it has been shown that people with higher trust have higher
perceived benefit and necessity [25–27] and lower perceived risk [23,25,28]. This suggests
that perceived benefit, necessity, and risk are determinants of the social acceptance of
smart city projects. The above findings can also be applied to social acceptance of s-Health
services, an initiative related to smart cities. We examine this issue in this study.

In contrast, there is a determinant of social acceptance that should be explicitly consid-
ered in the context of s-Health services. In these services, it has been noted that presenting
the results obtained by analyzing personal data often directly influences people’s health
behavior [29]. In a previous study conducted recently in Japan which summarized peo-
ple’s expectations and concerns about health-related initiatives in smart cities [30], many
concerns were expressed about the direct instructions for the individual’s health behavior
based on personal health and medical data, namely, “concern about interventions for indi-
viduals,” such as “Being presented with risks related to one’s health and diseases increases
anxiety” [30]. It has been noted that personal health and medical information is one of the
most private types of data [31,32]. There are also likely to be many people who feel that
s-Health services are provided in a surveillance society [33,34]. Therefore, concern about
interventions for individuals may be related to the social acceptance of s-Health services,
which this study examines.

1.3. Overview

Based on the above findings, this study presented participants with a vignette de-
picting a plan of the specific s-Health service that measured social acceptance, trust in
the city government, perceived benefit, perceived necessity, perceived risk, and concern
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about interventions for individuals. The vignette was developed by referring to the case
of Aizuwakamatsu City in Fukushima Prefecture in Japan and Kashiwa City in Chiba
Prefecture in Japan, where s-Health services have been conceived, planned, or partially
tested [12,13]. In addition, previous studies on perceived risk dealt with two separate
variables [22,35]: the probability of risks (the likelihood of a particularly damaging event
occurring) and the size of risks (the degree of damage that would be incurred if it occurred).
Hence, this study distinguished between them and examined the effect of perceived risk in
detail. Referring to the previous study, which was conducted recently in Japan and dealt
with the social acceptance of an extensive range of smart city projects [25], we examined
a model in which trust in the city government influenced social acceptance through the
mediation of perceived benefit, perceived necessity, perceived risk, and concern about
interventions for individuals.

The novelty of this study is that we applied the findings of previous studies [15,24–28,30]
to s-Health services and verified its validity in this matter. Specifically, we presented a model
of the social acceptance of s-Health services that incorporated several factors: trust in the
city government, perceived benefit, perceived necessity, perceived risk, and concern about
interventions for individuals. There is an urgent need to increase social acceptance to facilitate
s-Health services, which are expected to become more prevalent worldwide, including Japan.
This study has theoretical significance in presenting the model of social acceptance and the
practical significance of clarifying the aspects that local governments and companies should
pay attention to when promoting s-Health services to the general public. Implementing the
findings on social acceptance of a broad range of smart cities to each specific context, including
s-Health services, will help identify the characteristics of each project. The need for empirical
studies, such as this study, will increase as various initiatives are undertaken in smart cities.

2. Materials and Methods
2.1. Participants

We recruited participants through CrowdWorks, a crowdsourcing service. Crowd-
Works has the largest number of registered users in Japan [36], and the participants in
this study aligned in demographic composition with the registered users. A total of
720 Japanese individuals (280 males and 440 females, 19–73 years old) participated in this
study. The mean age of the participants was 39.48 years old (SD = 10.87). This study
was approved by the Ethical Committee of the University of Tokyo and was conducted in
October 2021.

2.2. Vignette

We referred to the case of Aizuwakamatsu City in Fukushima Prefecture in Japan and
Kashiwa City in Chiba Prefecture in Japan, where s-Health services are being conceived,
planned, or partially tested [12,13]. The vignette depicted a service that collects citizens’
health and medical data and suggests preventive measures against diseases. Specifically,
the vignette included descriptions of the content of collected data, management entities,
collection methods, and utilization methods. In addition, in line with the actual service
plan, it was clearly stated that those who do not wish to provide data could refuse. The
complete vignette can be found in Appendix A.

2.3. Items

Except for demographic items (age, gender, and nationality), all items were asked
using a six-point Likert scale, with higher scores indicating a higher degree. All question-
naire items were provided in supplementary materials in the Open Science Framework
(OSF) repository (https://osf.io/xch5a/?view_only=68df0dea4a4146a7966798443aa9c594,
17 January 2022).

Social acceptance was measured using the three items (α = 0.89; e.g., “Assuming you
live in City A, and you want to help with this project as a resident”), and the mean was
scored [25,27]. Trust in the city government was measured using a single item (“You trust

https://osf.io/xch5a/?view_only=68df0dea4a4146a7966798443aa9c594
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City A to implement this project”) [15,25]. The perceived benefit was measured using the
two items of benefit for self (r = 0.74, p < 0.001; e.g., “Assuming you live in City A, this project
will have a positive impact on you”) and the two items of benefit for whole citizens (r = 0.52,
p < 0.001; e.g., “This project will have a positive impact on all the citizens”), and the mean
was scored [25,27]. Perceived necessity was measured using two items (r = 0.66, p < 0.001;
e.g., “This project is highly necessary for you”), and the mean was scored [25]. Perceived
risk was measured using a single item of the probability of risks (“When you provide
personal information for this project, there is a high probability of personal information
being leaked”) and a single item of the size of risks (“If personal information provided for
this project is leaked, the damage to people will be great”) [22,25,37]. With reference from
a previous study [30], concern about interventions for individuals was measured using
a single item (“The individualized prediction of health risks will increase my anxiety”).
In addition, participants’ perceived health competence was measured using the Japanese
version of the Perceived Health Competence Scale [38] as the control variable. The scale
consisted of eight items (α = 0.90; e.g., “I handle myself well with respect to my health”),
and the mean was scored.

2.4. Procedure and Analysis

The survey was conducted online. Participants were briefed on the study, agreed to
participate, and read the vignette described above. We did not set a time limit for reading
the vignette and asked the participants to move forward when they fully understood
the contents. Subsequently, they responded to the four items, confirming that they had
read the vignette correctly (see OSF). Data from participants who answered even one of
these incorrectly were not used in the analysis. The participants responded to the items
of social acceptance, trust in the city government, perceived benefit, perceived necessity,
perceived risk, concern about interventions for individuals, perceived health competence,
and demographics.

The statistical software R (ver. 4.1.0, R Foundation for Statistical Computing, Vienna,
Austria) was used for the analysis. The statistical significance level was set to α = 0.05. No
missing values were found in the data obtained in this study. The data and R scripts used
in the analysis were posted on the OSF.

3. Results
3.1. Data Screening

Participants who answered incorrectly to the item “Please select ‘agree’ for this item”
(N = 41) and even one of the four items to confirm that they had read the vignette correctly
(N = 49) were excluded from the analysis (including duplicates). As a result of the screening,
the data used in the analysis were N = 636 (19–72 years), with a mean age of 39.74 years
(SD = 10.84) and 248 males and 388 females. The means, standard deviations, and correla-
tion coefficients for each variable are listed in Table 1. The correlation coefficients between
the variables were all significant. The absolute values of the correlation coefficients between
the majority of the variables were above 0.30, suggesting a medium effect size [39]. Even
the smallest absolute value of the correlation coefficient was above 0.10, indicating a small
effect size [39]. The analysis results using the data of all participants without screening
(N = 720) were posted on the OSF. No remarkable difference from the results reported in
the main text below was found.

3.2. Structural Equation Modeling

Structural equation modeling (SEM) was conducted to examine a model wherein trust
in the city government influences social acceptance through the mediation of perceived
benefit, perceived necessity, perceived risk, and concern about interventions for individuals
(Model 1). The perceived benefit was a latent variable consisting of benefit for self and ben-
efit for whole citizens, and perceived risk was a latent variable consisting of the probability
of risks and the size of risks, respectively. We controlled the participants’ perceived health
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competence, age, and gender, assuming simple covariates in the model. We also conducted
SEM without control variables, and the results were not significantly different from those
reported in this paper (see OSF). Furthermore, the results for participants with high/low
perceived health competence, older/younger participants, and male/female participants
were posted on the OSF.

Table 1. Means, standard deviations, and correlation coefficients for each variable.

M SD 1 2 3 4 5 6 7

1 Soc-A 4.02 0.96 —
2 Tru 3.71 0.92 0.75 —
3 Ben-S 4.13 0.96 0.84 0.67 —
4 Ben-W 4.17 0.86 0.75 0.64 0.73 —
5 Nec 3.81 0.96 0.83 0.71 0.80 0.72 —
6 Ris-P 4.11 1.11 −0.33 −0.26 −0.24 −0.20 −0.27 —
7 Ris-S 4.57 1.20 −0.26 −0.20 −0.15 −0.15 −0.19 0.51 —
8 Con 3.42 1.14 −0.31 −0.26 −0.25 −0.23 −0.26 0.35 0.33

Soc-A: Social acceptance, Tru: Trust in the city government, Ben-S: Benefit for self, Ben-W: Benefit for whole
citizens, Nec: Necessity, Ris-P: Probability of risks, Ris-S: Size of risks, Con: Concern about interventions for
individuals. All correlation coefficients were p < 0.001.

The goodness of fit for Model 1 was not satisfactory, with RMSEA = 0.21, AGFI = 0.45,
and CFI = 0.86 (Figure 1). Later, referring to a previous study [25], we included that trust
in the city government directly predicted social acceptance. We also added the covariate
relationship between perceived benefit and necessity and between perceived risk and con-
cern about interventions for individuals (Model 2), referring to the correlation coefficients
between the variables (Table 1). The goodness of fit for Model 2 was determined to be
satisfactory, with RMSEA = 0.03, AGFI = 0.96, and CFI > 0.99 (Figure 2). We also analyzed
the model using Bayesian SEM, and the results were not significantly different from those
reported in this paper (see OSF). In addition, we investigated the mediation effects of
perceived benefit, perceived necessity, perceived risk, and concern about interventions for
individuals, and the results were posted on the OSF.
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4. Discussion

In this study, we presented the participants with a vignette depicting a plan for
particularly s-Health service and examined the model of social acceptance. As a result, the
obtained model showed satisfactory goodness of fit, with those who had higher trust in
the city government having higher perceived benefit and necessity and lower perceived
risk and concern about interventions for individuals. Perceived benefit and trust in the city
government were positively related to social acceptance, and perceived risk was negatively
related to social acceptance. In summary, the findings of previous studies [15,24–28,30]
were shown to be valid for s-health services.

4.1. Various Factors Related to the Social Acceptance of s-Health Services

Perceived benefit and trust in the city government were positively related to social
acceptance of s-Health services. This result is consistent with many previous studies
dealing with social acceptance of smart city projects [15,24–27]. In particular, there was
a significant relationship between perceived benefit and social acceptance, which can be
attributed to the s-Health service depicted in our vignette being more closely associated
with the individuals’ lives than other kinds of smart city projects and being directly related
to their health behaviors. In addition, personal health and medical information collected in
s-Health services are highly private data [31,32]. Since people tend to make more elaborate
decisions about the targets closely related to themselves [40,41], the participants were
believed to make more elaborate information processing about the extent of future benefits
from the service depicted in the vignette. This may have led to a substantial relationship
between perceived benefits and social acceptance. Considering the above, it is essential to
increase perceived benefits to enhance social acceptance of s-Health services.

In contrast, the direct effect of trust in the city government on social acceptance was
relatively small, but there was a significant mediation effect of perceived benefit (see OSF).
Referring to the research on persuasion in social psychology, trust in the other person is a
peripheral cue, and deciding on the target based on trust alone is regarded as information
processing through peripheral routes [42–44]. As mentioned above, compared to other
kinds of smart city projects, s-Health services are more closely related to the lives of
general citizens and the issue of privacy protection [31,32]. Hence, in this study, elaborate
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information processing regarding future benefits seemed to be more active than information
processing regarding trust in the city government, the peripheral cue.

Perceived risk was negatively related to social acceptance of s-Health services.
Since detailed personal information about an individual’s health and medical data is
captured and utilized in s-Health services, privacy protection is a crucial concern [19–21].
Therefore, the perceived risk of personal information leakage significantly impacts social
acceptance [22–24]. In addition, perceived risk scores in this study were remarkably
higher than those in the previous study [25], which was recently conducted in Japan
and dealt with the social acceptance of various smart city projects. This suggests that
the risk of leakage of highly private data, especially those collected in s-Health services,
is likely to be strongly perceived [31,32]. In contrast, concerns about interventions for
individuals did not have a significant relationship with social acceptance (Figure 2).
However, the significant covariate relationship between concern about interventions
for individuals and perceived risk suggests that concerns are essential variables when
examining the social acceptance of s-Health services. The concept of concern about
interventions for individuals has not been adequately addressed in previous studies
and needs to be examined in more detail, including the elaboration of the concept.

4.2. Limitations

Although the above findings were obtained in this study, the following limitations exist.
First, the factors discussed as necessary in previous studies were not exhaustively examined
in this study. For example, we did not examine the relationship between perceived fairness
and social acceptance of s-Health services. Previous research on social acceptance of
wind power facilities [15,45,46], hydropower facilities [47], and high-level radioactive
waste management [48] showed that distributive justice, which is perceived fairness in
distributional outcomes, and procedural justice, which is perceived fairness in distributional
procedures, each influences social acceptance. In s-Health services, the impact of perceived
fairness deserves consideration because those who benefit substantially from the services
may be limited to older adults and people at relatively high risk for illnesses. In addition,
given the reported significant relationship between perceived fairness and trust [49,50],
the relationship between perceived fairness and the social acceptance of s-Health services
should be examined in detail. It is necessary to extend the model obtained in this study by
referring to various previous studies that have examined the social acceptance of a wide
range of scientific technologies.

Second, we conducted an online survey using CrowdWorks. We did not use random
sampling to measure specific aspects of the participants’ demographics (e.g., social status,
marital status, educational level) because it is a problem of online surveys that collecting
such personal information increases the number of participants who do not want to par-
ticipate in the survey, thus increasing the sampling bias. However, the influence of each
variable mentioned above should be examined in future studies.

Third, we conducted a survey and analyzed the data. These are not longitudinal
or experimental data; accordingly, it is difficult to conclude that our model is the most
appropriate. The findings of this study are consistent with the results of previous stud-
ies [15,23–34] and the empirical findings related to the technology acceptance model,
which deals with the social acceptance of scientific technology in general [51,52]. How-
ever, for a survey such as the one conducted in this study, the inability to sufficiently
evaluate causal relationships is a significant and universal problem. We should overcome
this problem by including experimental manipulations in the future.

5. Conclusions

We presented a model of social acceptance by applying the findings of previous
studies [15,24–28,30] to s-Health services. In future research, the possible impact of common
method bias on the results should be examined [53]. For example, participants may
speculate that researchers are asking for positive feedback on the vignette presented to
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the participants. In addition, although our survey is unlikely to include sensitive content,
social desirability tendencies may need to be considered.

As Chadborn et al. suggested, a weakness of s-Health services is that older adults and
other people prone to illness are the primary users of the services, and these groups often
have difficulty using the Internet and smartphones, which are the means of providing these
services [54]. A service that is favorably received by the general public may not be fully
accepted by older adults or those with chronic diseases [55]. Therefore, the future challenge
is to provide s-Health services to such people through user-friendly technologies [56].
Achieving this aim will lead to an increase in the social acceptance of s-Health services.

In this study, the results showed that perceived benefit, trust in the city government,
and perceived risk significantly influenced social acceptance, contributing to the practical
efforts to enhance citizens’ acceptance of the services. For example, it is vital for local
governments and companies promoting s-Health services to patiently appeal to citizens that
the effective use of personal health and medical data can provide significant benefits beyond
conventional services. It is also necessary for providers to actively create opportunities to
consult with the public and foster trust [14]. There is a need for more empirical studies
that can improve public health by increasing the social acceptance of s-Health services.
Implementing s-Health services is expected to occur in full swing in Japan. Therefore, we
should conduct a longitudinal study on the extent to which social acceptance will change
after services that acquire and utilize a large amount of personal information are launched.
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Appendix A. Vignette

As a part of the smart city plan, City A is planning an Information and Communication
Technology (ICT)-based health promotion service. This service will first collect health data
from citizens and then propose preventive measures against diseases according to the
health status of each individual.

The health data to be collected includes information on the citizens’ health checkups,
hospital visits, medication history, and lifestyle data such as exercise status and vital data
(e.g., pulse rate, blood pressure, and body temperature) obtained through smartphone
applications. The collected data will be managed by the local government.

By analyzing the collected health data and predicting the health risks of the citizens
individually, preventive measures against diseases tailored to each individual will be
proposed to the citizens through smartphone applications. The collected health data will

https://www.mdpi.com/article/10.3390/ijerph19031298/s1
https://www.mdpi.com/article/10.3390/ijerph19031298/s1
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also be used to implement medical services that meet the needs of the citizens. Improving
the health of citizens is expected to reduce the cost of medical care and welfare.

In addition, data held by medical institutions (data on the citizens’ health checkups,
hospital visits, and medication history) are allowed to be used in this plan by the council,
which consists of experts and representatives of the citizens. The process is based on the
law, but individuals who do not wish to provide their data can refuse. In addition, the city
will obtain the consent of individuals when providing the data and will not collect data
from individuals whose consent cannot be obtained.
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56. Jovanović, M.; De Angeli, A.; McNeill, A.; Coventry, L. User requirements for inclusive technology for older adults. Int. J.
Hum.-Comput. Interact. 2021, 37, 1947–1965. [CrossRef]

http://doi.org/10.3390/healthcare7020054
http://doi.org/10.1080/10447318.2021.1921365

	Introduction 
	Background and Purpose 
	Literature Review 
	Overview 

	Materials and Methods 
	Participants 
	Vignette 
	Items 
	Procedure and Analysis 

	Results 
	Data Screening 
	Structural Equation Modeling 

	Discussion 
	Various Factors Related to the Social Acceptance of s-Health Services 
	Limitations 

	Conclusions 
	Appendix A
	References

