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What drives the adoption of online s
health communities? An empirical study
from patient-centric perspective
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Abstract

Background Online health communities (OHCs) provide platforms for patients to seek advice from physicians and
receive professional suggestions online. It can improve the efficiency of patients’ diagnosis of simple diseases and
alleviate hospital congestion. However, few empirical studies have comprehensively explored the factors influencing
patients’intention to use OHCs through objective data. This study aims to fill this gap by identifying key factors that
influence patients’ acceptance of OHCs and proposing effective ways to promote the applications of OHCs in China.

Methods Based on the Unified Theory of Acceptance and Usage of Technology (UTAUT), extended with additional
constructs identified with patients’information demands in OHCs, this study developed a research model and
proposed nine hypotheses. An online survey involving 783 valid responses was conducted in China to collect data to
validate the proposed model. Confirmatory factor analysis and partial least squares (PLS) path model were conducted
for instrument validation and hypothesis testing.

Results Price value, eHealth literacy, and performance expectancy are the most prominent constructs in the study
context. Interestingly, relation quality was also found to have a significant positive relationship with behavioral
intention.

Conclusions Based on these findings, OHC operators need to create a user-friendly platform, improve information
quality, set reasonable prices, and establish consummate security systems. Physicians and related organizations can
raise awareness and assist patients in developing the skills to appropriately comprehend and utilize information in
OHCs. This study contributes to both technology adoption theory and practice.

Keywords Online health communities (OHCs), Information demands, Behavioral intention, eHealth literacy, Relation
quality, Price value
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Introduction

As Internet technology advances, “Internet Plus” is
widely integrated with various industries. Online health
communities (OHCs) are developed with the application
of Internet technology in the field of medical and health
care [1, 2]. They connect patients, physicians, hospitals,
and other medical ecosystems through the internet and
specifically provide an information exchange platform for
patients and physicians [3].

Encouraging patients to use online health communi-
ties (OHCs) in conjunction with offline treatments is
necessary. OHCs provide patients with the convenience
of seeking help and advice online, regardless of location
and time [4, 5], and improve the possibility of timely
diagnoses. Besides, during the period of the COVID-19
pandemic, OHCs can effectively reduce patients’ vis-
its to hospitals, thus minimizing patient-to-patient and
patient-to-physician physical contact and ensuring the
safety and well-being of both patients and physicians.
In addition, since the interactions between patients and
physicians are one-to-one and not face-to-face, patients’
privacy can be protected [6, 7]. OHCs are also proven
to play an important role in helping physicians optimize
their time utilization [4, 8, 9], reduce healthcare costs
[10], and alleviate issues related to hospital congestion
and uneven distribution of healthcare resources [11].
Currently, many countries recognize intelligent medical
services as an important project of public health develop-
ment. For example, the Chinese government encourages
strengthening the capacity of Internet medical services
[12], illustrating the development of OHCs in line with
current national strategies. Given the benefits of OHCs
and the recent inevitable development trend, patients’
widespread use of OHCs is critical.

A comprehensive understanding of the factors deter-
mining patients’ acceptance of OHCs is a prerequisite for
facilitating patients’ acceptance of OHCs [13], which is
therefore necessary. Currently, OHCs are still not widely
used [14, 15]. The lack of patient engagement can limit
the success and sustainability of OHCs, undermine the
development policies of many countries, and weaken
health care’s modernization and rapid development
[12]. It raises questions about the factors that influence
patients’ decisions to use OHCs. Previous works mainly
adopted or extended several famous technology adoption
models based on the literature to examine predictors of
OHC adoption [7, 13, 16—19]. Within these models, the
Unified Theory of Acceptance and Use of Technology
(UTAUT) model integrates the eight most widely used
models [20] to measure the use intention of information
technology [21, 22]. It can explain 70% of the variance
of behavioral intention and better explain the influenc-
ing factors of behavioral intention than the eight models
mentioned before [23, 24]. Given the advantages of the
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UTAUT, researchers often adopted the UTAUT model
or used it as the basic theoretical framework to develop
their research models to better reflect the characteristics
of OHCs [25-27]. Although these studies enhanced the
understanding of the adoption of OHCs, the variables do
not fully explain the factors influencing patients’ adop-
tion of OHCs. There are two reasons. First, for studies
using UTAUT as the basic model, the variables included
in UTAUT cannot fully explain patients ‘usage inten-
tion towards OHCs. Venkatesh et al. [20] and Alam et
al. [13] have criticized UTAUT’s predictive power in
healthcare technology adoption as unclear and insuf-
ficient, particularly in developing countries, and sug-
gested the inclusion of context-specific determinants
to improve its predictability [13, 28]. Second, for stud-
ies that extend the UTAUT model, factors other than
the basic UTAUT model were selected from subjec-
tive judgments or developed theories, resulting in a lack
of comprehensive coverage of all factors that impact
patients’ acceptance of OHCs. For instance, Hoque and
Sorwar [25] extended UTAUT with systematic variables
(i.e., technology anxiety and resistance to change) based
on their knowledge and literature. Sun et al. [27] devel-
oped the research model integrating UTAUT, credibility
online health information, and perceived risk based on
the literature. These previous studies ignored the impact
of patients’ ability and relationships with the platforms,
which would impact patients’ acceptance of OHCs. The
limited perspective of the determinants of OHC adoption
restricts our understanding of patient behavior and hin-
ders the development of effective strategies to promote
OHC uptake. Addressing this gap requires objective data
to identify patients’ actual needs and extend the UTAUT
model to fully explain the factors that determine patients’
intentions and behaviors in using OHCs.

The availability of health information through OHCs
can significantly affect individuals’ health management
and perception of using these platforms [29-31]. Conse-
quently, an analysis of patients’ information demands in
OHCs can reveal factors that influence patients’ adop-
tion of OHCs. This study aims to explore patients’ online
information demands in OHCs and to identify the criti-
cal factors that impact patients’ behavioral intentions and
adoption of OHCs. Three research questions are pro-
posed as follows:

RQ1. What are the information demands of patients in
OHCs?

RQ2. Based on the information demands of patients in
OHCs, what potential factors can be identified that influ-
ence patients’ adoption of OHCs?

RQ3. What factors determine patients’ adoption of
OHCs?

The contributions of this study are as follows. First,
this study presents a comprehensive conceptual model
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that fills the gaps in the literature on OHCs by rigor-
ously clarifying the factors influencing patients’ adop-
tion of OHCs and their impact. This study extended the
UTAUT model based on the analysis results of patients’
information demands of OHCs. Patients’ information
demands of OHCs can reflect the factors that patients in
OHCs concern about, thus providing references for the
selection of influencing factors of patients’ intention to
adopt OHCs. Introducing influencing factors selected
based on patients’ information demands in OHCs to
the research model can expand the coverage of influ-
encing factors on behavioral intention to use OHCs,
strengthen the understanding of patients’ acceptance of
using OHCs, and improve the explanatory capacity of
the research model. Second, this study expands on the
impact of relation quality and eHealth literacy in patients’
use of OHCs, enriches the literature on relation quality
and eHealth literacy, and reveals the effects of patients’
competencies and relationships with the platform on the
behavioral intention of OHCs. Third, this study identifies
the key factors influencing patients’ behavioral intention
of using OHCs and their impact mechanism. It validates
the research model using data from patients in OHCs
in China. These findings can inform decision-makers to
facilitate the adoption of OHCs in China and other devel-
oping countries similar to China in terms of digital health
technology development.

Research model and hypotheses

Patients’ information demands of OHCs

We gathered data from a prominent Chinese OHC
named Qiuyi, with the largest accessible question-and-
answer (Q&A) data. Q&A data refers to posts in OHCs
that contain patient inquiries and physician responses.
Patients’ inquiries depict the information they seek and
can reflect their information demands. Employing data
mining technology, we acquired the Q&A data from Jan-
uary 1, 2011, to December 31, 2021, totaling 1,202,732
Q&A data. Next, word segmentation, stop word dele-
tion, TE-IDF algorithm, and Word2vec were conducted
to process the data. We selected the top 148 words with
the highest TF-IDF values, which were most pertinent to
patients’ information demands (words after the top 148
TE-IDF values had a too-low frequency of occurrence).
Then, a hybrid clustering method combining k-harmonic
means and overlapping k-means algorithm (KHM-OKM)
was used to cluster these words. This method was proven
to be effective for medical texts [32]. Finally, the data
were divided into ten groups. To increase the accuracy of
the results, we also performed topic identification based
on the Latent Dirichlet Allocation (LDA) method. Per-
plexity was used for the determination of the number of
topics. When k=10, the perplexity was at a minimum.
Thus, the optimal topic number was ten [33], consistent
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with the previous method’s findings. We evaluated the
clustering effect using the Sum of the Squared Errors
(SSE), Silhouette Coefficient, and Davies-Bouldin Index
(DBI). The results revealed that when the number of
clusters was ten, all indicators were optimal (SSE had a
clear turning point at k=10; Maximum Silhouette Coeffi-
cient, equal to 0.32; Minimum DBI, equal to 0.03). These
validation results demonstrated a good clustering effect
[34-36]. Next, we invited five medical experts from dif-
ferent specialties to summarize and organize the topics’
meanings based on the words under each topic’s distri-
bution and meaning [37]. In this process, the nominal
scale categories are independent, mutually exclusive, and
exhaustive, and each of the five experts operates inde-
pendently [38]. The experts summarized the topics based
on the relevant literature and the Unified Medical Lan-
guage System (UMLS). Ultimately, patients’ information
demands in OHCs were summarized as therapy, pathol-
ogy & etiology, test, prevention, self-management, effect,
risk, emotion, price, and reliability. To test the robustness
of the results, we used Fleiss’ Kappa to measure the inter-
rater agreement. The results revealed k=0.81, indicating
a high consistency of expert labeling [39].

In patients’ information demands of OHCs, the
demands for therapy, pathology & etiology, and test
reflect patients’ expectations of receiving effective assis-
tance from OHCs, which are consistent with the concept
of performance expectancy in the UTAUT model [20].
In addition, the information demand for risk reflects
patients’ concern about potential risks, which can be
measured by perceived risk [40]. Moreover, the demand
for price reveals patients’ perception of the expenditure
in OHCs, which can be measured by price value [41].
Additionally, the prevention demand and self-man-
agement demand show patients’ expectations to keep
healthy by understanding the information in OHCs,
which are applicable to be measured by eHealth liter-
acy [42]. Finally, effect demand and reliability demand
reveal that the degree of trust impacts patients’ behav-
ioral intention to use OHCs, and the emotion demand
manifests patients’ satisfaction level with OHCs. These
demands can be measured by relation quality [43, 44].

The UTAUT variables

Performance expectancy

Venkatesh et al. [20] defined performance expectancy as
“the degree to which an individual believes that using the
system will help him or her to attain gains in job perfor-
mance” (pp. 447). Performance expectancy reflects users’
desire to maximize efficiency and productivity [45]. Users
will be more inspired to use new technology if they think
it will improve their lives [20, 46]. Several studies stated
that performance expectancy is an essential factor that
affects users’ intention to use the system. For example,
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through empirical research, Hoque & Sorwar [25] proved
that performance expectancy is one of the important fac-
tors affecting users’ intention to use mHealth. Baishya &
Samalia [47] found that performance expectancy signifi-
cantly promotes users’ positive intention to use the sys-
tem. In the context of OHCs, patients can be motivated
to use OHC:s if they believe that OHCs can provide them
with effective medical services and accurate information.
Therefore, the following hypothesis is proposed:

H1 Performance expectancy positively influences the
behavioral intention to use OHCs.

Effort expectancy

Effort expectancy is defined by Venkatesh et al. [20] as
“the degree of ease associated with the use of the system”
(pp. 450). Users are concerned about how easy it is to
use the new system and how much energy they need to
invest in using the system [48]. They prefer to try to use
simple and easy-to-use techniques. Effort expectancy has
been identified by many studies as a critical factor that
directly affects users’ behavior intention of using e-health
systems, clinical decision support systems, and mobile
health. For instance, Tavares et al. [49] pointed out that
effort expectancy significantly influences users’ adoption
of electronic health records. Rana et al. [50] stated that
users’ acceptance of a system depends on their ability,
such as how easy it is to use. The individual with higher
effort expectancy believes that using the new system
requires less effort, thereby, tends to use the system [20,
51]. OHCs are new systems for patients, so there is a sig-
nificant correlation between their effort expectancy and
their behavioral intention. Thus, we assume the following
hypothesis:

H2 Effort expectancy positively influences the behavioral
intention to use OHCs.

Social influence

Social influence represents the extent to which an indi-
vidual is affected by the feelings, cognitions, and behav-
iors of surrounding groups [20]. It is usual for people to
share their experiences of using new technologies with
others. The thoughts of the surrounding people can
impact an individual’s thinking. Thus, social influence has
a substantial impact on an individual’s behavior. Encour-
agement and positive feedback from surrounding groups
significantly motivate individuals to adopt technology
[46]. Biasutti & Frate [52] reported that social influence
is a prominent factor influencing users’ behavioral inten-
tion to use the technology. Alam et al. [13] studied the
influencing factors of users’ usage behavior of mHealth
services in Bangladesh. The results indicated that social
influence positively affects users’ usage intention. Positive
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social recognition can increase patients’ trust in the
OHCs and potentially improve their satisfaction, thus
promoting their willingness to use OHCs. Therefore, we
derive the following hypothesis:

H3 Social influence positively influences the behavioral
intention to use OHCs.

Facilitating conditions

Facilitating conditions refer to the level of technical or
organizational support an individual can obtain while
using the system [20]. The conditions for promoting
the development of new technology include help-desk
support, professional support, and peer support [45].
The support can provide a solid foundation for positive
feelings and usage behavior of the system. High levels
of organizational support can promote positive beliefs
about using health technology. According to Martin et
al. [17], facilitating conditions positively influence usage
behavior. Cimperman et al. [53] proved that facilitating
conditions are the main factor in strengthening patients’
usage of telehealth services. Mengesha et al. [54] found
that facilitating conditions are one of the most prominent
constructs that affect telemedicine adoption. In the con-
text of OHCs, patients will perceive OHCs as reliable and
thus be more likely to use OHCs if they can get valid help
when they have problems. Therefore, we propose the fol-
lowing hypothesis:

H4 Facilitating conditions positively influence the usage
behavior of OHCs.

Behavioral intention

Behavioral intention refers to the extent to which an indi-
vidual perceives his or her intention to use the service
of mHealth [13]. Researches have shown that behavioral
intention is the best predictor of actual use, including
the use of technology in the health field [55-57]. Sev-
eral studies found that an individual’s behavioral inten-
tion is the most crucial factor of his/her usage behavior
for mobile medical technologies or services [20, 58, 59].
Therefore, we suggest that:

H5 Behavioral intention positively influences the usage
behavior of OHCs.

Perceived risk

Perceived risk is first proposed by Bauer [60], defined as
the negative psychological expectations that individuals
may have. It can be divided into two aspects: the uncer-
tainty of an individual’s decision-making results and the
severity of the consequences of wrong decisions [60]. In
many studies, perceived risk in the context of the Inter-
net includes psychological risk, social risk, financial risk,
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performance risk, time risk, and privacy risk [61, 62].
Due to the fear of taking risks, the threats perceived by
users will increase their expectations of negative results
and result in reduced intentions [63—65]. Yang et al. [62]
argued that perceived risk negatively affects users’ behav-
ioral intention. Lu et al. [40] and Lee et al. [66] also sup-
ported that by providing statistical evidence. If patients
believe that using OHCs can ensure their property secu-
rity and privacy, they will feel reassured to use OHCs,
which can improve their intention of using OHCs. There-
fore, we propose the following hypothesis:

H6 Perceived risk negatively influences the behavioral
intention to use OHCs.

Price value

Price value refers to the cognitive trade-off between the
benefits individuals obtain from an application and its
cost. It is one of the strongest factors that motivate peo-
ple to continue using mobile Internet services [41]. Yuan
et al. [67] confirmed that price value would positively
influence behavioral intention, and Ali [68] provided evi-
dence to certify that price value has a positive impact on
use intention. During the period of using information
technology services, people tend to compare the value
they got with the price they paid [69]. Therefore, patients
would increase their usage level if they think that the
value they get is higher than the expenditure they paid
for using information technology services [70]. Besides,
patients expect to obtain higher-quality information
or experience better service when spending more [71].
Thus, we propose the following hypothesis:

H7 Price value positively influences the behavioral inten-
tion to use OHCs.

eHealth literacy

eHealth literacy refers to the ability to get and use the
information to solve problems and enhance self-health
care from OHCs [42]. People have been able to obtain
medical services through the Internet within the modern
health information environment, which is conducive to
enhancing patients’ ability of self-care management [72].
Consequently, in addition to health awareness, the ability
to understand health information is important for people
[42, 73]. Norman & Skinner [42] stated that individuals’
eHealth literacy requires basic reading and writing skills,
computer knowledge, a basic understanding of science,
and comprehension of the social environment. eHealth
literacy is capable of affecting patients’ attitudes toward
the use of OHCs. People with high eHealth literacy are
likely to use social media platforms to obtain health-
related information [74, 75]. If patients cannot fully
understand the health information in OHCs, they would
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underestimate the value of the information provided by
OHGs, thereby reducing the usage level of OHCs [76, 77].
In contrast, if patients have strong abilities to discrimi-
nate the information, understand and apply the informa-
tion appropriately, they can identify useless information
and use the appropriate information to help themselves.
In this case, they will obtain more valuable information
than the patients with lower eHealth literacy and thus
have more positive intentions to use OHCs. Therefore,
the following hypothesis is postulated:

H8 eHealth literacy positively influences the behavioral
intention to use OHCs.

Relation quality

Relation quality refers to the outcome produced by the
patients in interacting with OHCs, which is used to eval-
uate the relationship between the patients and OHCs
[44]. 1t is a crucial determinant of behavioral intention,
which will further affect the usage behavior of informa-
tion technology platforms [78]. Relation quality incorpo-
rates patients’ usage satisfaction related to the OHCs and
patients’ trust toward OHCs [44]. Specifically, satisfac-
tion refers to users’ overall opinion and experience when
using technology services. It is the most important driver
of usage intention [79]. Trust can be further explained by
the user’s perceived competence, reliability, and empathy
for the product or service [80]. It is an important factor
in avoiding uncertainties that would negatively influ-
ence experienced users’ intention to use information
technology, thus increasing the continuous intention
of users to use the technology [80, 81]. These variables
positively impacted the technology platform’s continu-
ance intentions [82]. For example, in accordance with
Liébana-Cabanillas et al. [83], in the context of OHCs, if
patients trust in hospitals, physicians, information, and
services in OHCs, they will believe that OHCs are reli-
able and authoritative, resulting in a positive intention to
use OHCs. Liébana-Cabanillas et al. [80] also stated that
satisfaction could encourage users to adopt technology
platforms. As the integration of satisfaction and trust,
relation quality has also been proven to positively affect
users’ continuance usage intention of information tech-
nology by Zhang et al. [44] ’s research. Therefore, we sug-
gest the following hypothesis:

H9 Relation quality positively influences the behavioral
intention to use OHCs.

Research model

Based on the preceding hypotheses, we propose the fol-
lowing model, as illustrated in Fig. 1, for the outcome
variable, usage behavior, by incorporating eight inde-
pendent variables (i.e., performance expectancy, effort
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Fig. 1 Theoretical research model

expectancy, social influence, facilitating conditions, per-
ceived risk, price value, eHealth literacy, relation quality)
and one mediator (i.e., behavioral intention). Age, gender,
experience, and education level are taken into account
in this study as control variables to identify the potential
demographic effects.

Materials and methods

Instrument development

To ensure reliability and validity, well-known and pub-
lished instruments have been adopted in our study [1,
84, 85]. The five-point Likert scale response format that
ranges from 1 (strongly disagree) to 5 (strongly agree)
was used to measure items. The ten construct variables
associated with the research model were covered in the
survey tool. Performance expectancy (5-item), effort
expectancy (4-item), social influence (3-item), facilitat-
ing conditions (4-item), and behavioral intention (3-item)
were adopted from Venkatesh’s study [20]. In addition,
usage behavior (4-item) and perceived risk (4-item) were
developed by the studies by Sun et al. [27]. Furthermore,
price value (3-item) under the background of Internet
health, eHealth literacy (8-item), and relation quality
(5-item) were adopted from the study of Yuan et al. [67],
the study of Norman and Skinner [73], and the study of
Chen et al. [43], respectively.

Analysis tool selection

In this study, descriptive statistics were used to describe
the sample demographics. Confirmative factor analysis
was applied to study the instrument’s construct validity,
and Cronbach’s a was calculated to assess the internal
reliability of the subscales. Structural Equation Modeling
(SEM) is a linear statistical modeling technique used to
analyze the correlation between variables in the model
[84, 86]. The Partial Least Square (PLS) method is one of
the statistical methods for SEM. It effectively explains the

Perceived Risk Price Value eHealth Literacy | | Relation Quality
Performance
Expectancy H1 H6 H7 HS§ H9
H2 . . HS5 :
Effort Expectancy Behavioral Intention Usage Behavior
H3
Social Influence H4
pr— Control variables:
Famlxt.a.tmg age, gender, experience,
Conditions education level

multi-collinearity between manifest and latent variables
and the specification of structural model errors [87]. It
can also evaluate the reliability and effectiveness of the
structural model [87]. This study applied the partial least
squares structural equation modeling (PLS-SEM) to test
the research model formulated in the previous sections
and evaluate the explanatory capacity of the model as
well as the relationship between the constructions [55].
We used SmartPLS to analyze and assess the relationship
among the variables in the research model.

Data collection and respondent profile

This study was approved by the Ethical Committee of the
School of Economics and Management, Beijing Jiaotong
University. We carried out cross-sectional research in
China. First, the scale was translated from English into
Chinese. The translation process of the scale was based
on previous studies [88, 89]. And the translated scale was
validated by five experts to ensure that the translated
scale was accurate, unambiguous, readable, and easy to
understand. Then, to ensure the validity of the question-
naire, a pretest including fifty respondents was conducted
by using the convenience sampling method. Based on the
feedback from the pretested respondents, the question-
naire was revised and finalized with 43 items that best fit
the constructs in the research model.

With the help of a medical association in China, we
conducted formal surveys in different private and pub-
lic hospitals in China. Given that we intended to study
patients’ usage intention in the context of the OHCs envi-
ronment, we forwarded questionnaires through WeChat
(a widely-used mobile social application in China) to
ensure that the participants use mobile applications.
We set 7 RMB as a reward for all respondents’ time and
efforts. The respondents were asked whether they had
used OHCs before, and only those who had experience
with OHCs participated in the interview. We used the



Zhang et al. BMC Health Services Research (2023) 23:524

convenience sampling method as the main survey instru-
ment and used the judgment sampling method in some
aspects.

Data were collected from February 2021 to Octo-
ber 2021. A total of 950 questionnaires were sent to
the participants. Among them, 934 were received, with
a response rate of 98.32%. The criteria of the invalid
response included: (1) Responses with the same options
for all the questions, (2) the response that included
incomplete answers, and (3) the response that the com-
pletion time was less than the average time (we calculated
the average completion time as 96s based on the pretest).
With this criteria, 783 responses were valid. Therefore,
the validity rate was 83.83% (783/934). According to Kass
& Tinsley [90], the ratio of the number of scale items and
the sample size should exceed 1:5. In the study, there
were 43 items, so 783 was a good sample size. Table 1
reveals the demographics of the sample. There were 415
participants (53.00%) aged between 21 and 30, 481 par-
ticipants (61.43%) were women, and 686 participants
(87.61%) held at least a bachelor’s degree. Therefore, the
participants were mainly young people, most of whom
had obtained higher education, with a relatively high pro-
portion of women. The target respondents of this study
were participants who had used OHCs. Since OHCs
are web-based platforms, the target respondents of this
study were highly correlated with the users of web-based

Table 1 Sample demographics (N=783)

Demographic Characteristics N (%)

Age

Under 20 years old 74 (9.45%)
21-30 years old 415 (53.00%)
31-40 years old 41 (18.01%)
41-50 years old 5(14.69%)
Above 50 years old 38 (4.85%)
Gender

Male 302 (38.57%)
Female 481 (61.43%)
Education Level

Senior high school or lower 44 (5.62%)
Junior college 53 (6.77%)
Bachelor's degree 514 (65.65%)
Master's degree 151 (19.28%)
Doctor’s degree 21 (2.68%)
Job

Employees in government offices and public institutions 101 (12.90%)
Professional and technical workers 168 (21.46%)
Factory workers 72 (9.20%)
Commercial service workers 103 (13.15%)
Retirees 17 (2.17%)
Students 287 (36.65%)
Liberal professionals 29 (3.70%)
Farmers 6 (0.77%)
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information platforms. Previous studies showed that
users of web-based health information platforms were
mostly young, female, and educated [91], which is consis-
tent with the characteristics of our sample. Therefore, the
samples were reasonably representative. The reliability
and validity of the sample are discussed in Sect. 4.1.

Results

Reliability and validity of the instrument

According to the previous studies, the reliability and
validity of the structural scales were suitable measure-
ment instruments for evaluating the reliability and fit
index of the research model [6, 84]. We used SmartPLS
3.3.2 software to test the reliability and validity of the
measurement scales. The reliability of the instrument was
assessed by Cronbach’s a, which was between 0.75 and
0.95 (Table 2), so the reliability was acceptable (Cron-
bach’s a>0.70) [92]. The Kaiser-Meer-Olkin value was
0.96, above the cut-off value of 0.90. This result indicates
that the data were suitable for factor analysis [52, 93, 94].
Thus, we applied confirmatory factor analysis to assess
convergent validity and discriminative validity. Compos-
ite reliability (CR) and the average variance extracted
(AVE) of the constructs are provided in Table 2. The CRs
were greater than 0.70, and the AVEs were greater than
0.50, so the convergent validity of the scales was accept-
able [95]. For complete statistics, consult Table 2. The
correlations between each of the two constructs and
the square root of average variance extracted (AVE) are
shown in Table 3. For each construct, the square root of
AVE was greater than the correlation coefficient between
other constructs and itself, indicating an acceptable dis-
criminant validity [96, 97].

We used R’ to test the explanatory capacity of our
research model [98]. R? of all constructs in our research
model exceeded 0.10. In addition, the constructs in the
research model accounted for more than 1.5% of the vari-
ance of the predicted structure, respectively. Therefore,
our research model was adequate because it met the
standard (R*>0.10, predictor variables explaining>1.50%
of variance) [99]. With regards to the R? of the behavioral
intention of the models, the integrated framework that
combined UTAUT and patients’ information demands of
OHCs (R*=0.70) outperformed the UTAUT model and
other models which were commonly used in previous
studies (R*<0.52). It indicates that our research model
can account for higher explained variance. Therefore, our
research model has a stronger explanatory capacity than
the best-known technology adoption models.

Next, we tested for the collinearity problem in our sam-
ple. Variance inflation factor (VIF) scores were used in
this test. The results show that the VIF of all items in our
sample were between 1.58 and 3.63, which meets the cri-
teria (the value of VIF should be between 0.20 and 5.00)
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Table 2 Measurement model for reflective measures

Constructs M sD Loadings alpha CR AVE
Performance Expectancy (PE) 3.76 0.58 0.85 0.85 0.53
PE1 374 0.71 0.53
PE2 3.67 0.73 0.60
PE3 378 0.78 0.69
PE4 3.70 0.76 0.66
PE5 3.89 0.70 0.65
Effort Expectancy (EE) 391 0.71 0.85 0.84 0.64
EET 3.88 0.83 0.76
EE2 387 0.80 083
EE3 3.90 0.83 0.78
EE4 3.85 0.80 0.82
Social Influence (S) 377 0.72 0.83 0.83 0.62
S 3.74 0.89 0.74
SI2 373 0.83 0.77
SI3 3.84 0.78 0.68
Facilitating Conditions (FC) 402 0.61 0.84 0.89 0.66
FCI 411 0.71 0.80
FC2 4.02 0.67 0.80
FC3 392 0.72 0.71
FC4 3.96 0.64 0.76
Perceived Risk (PR) 276 0.74 0.83 0.83 0.55
PR1 272 0.86 0.69
PR2 292 0.94 0.77
PR3 2.50 0.93 0.62
PR4 2.90 091 0.74
Price Value (PV) 3.65 0.69 0.78 0.79 0.56
PV1 3.54 0.73 0.69
PV2 3.63 0.80 0.71
PV3 3.57 0.87 0.77
eHealth Literacy (EL) 3.58 0.64 0.89 0.89 0.57
ELT 3.66 0.69 0.61
EL2 3.68 0.76 0.69
EL3 367 0.76 0.72
EL4 3.63 0.76 0.76
EL5 3.76 0.78 0.69
EL6 3.50 0.85 0.74
EL7 3.62 0.72 0.72
EL8 3.66 0.74 067
Relation Quality (RQ) 3.55 0.67 092 092 0.69
RQ1 3.54 0.74 0.62
RQ2 343 0.81 067
RQ3 3.52 0.75 0.67
RQ4 3.58 0.80 0.62
RQ5 367 0.79 0.67
Behavioral Intention (Bl) 3.91 0.73 0.88 0.88 0.71
BN 3.86 0.75 063
BI2 391 0.84 0.66
BI3 3.92 0.84 0.66
Usage Behavior (UB) 3.66 0.78 0.90 0.90 0.70
UB1 3.58 0.89 0.64
UB2 3.74 0.79 0.67
UB3 353 0.79 0.65
UB4 3.55 0.76 0.67

Note: M: Mean; SD: standard deviations; Loadings: Factor loadings; alpha: Cronbach’s alpha; CR: Composite reliability; AVE: Average variance extracted
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Table 3 Correlations matrix and square root of average variance extracted
PE EE SI FC PR PV EL RQ Ul UB
PE 0.73
EE 0.46 0.80
SI 0.59 048 0.78
FC 0.50 045 044 0.81
PR -045 -036 -041 -033 0.74
PV 0.52 0.50 044 044 -043 075
EL 0.61 0.60 0.50 047 -050 0.68 0.76
RQ 0.67 045 0.57 040 -056 057 0.69 0.83
Bl 0.64 0.60 0.56 049 -043 068 0.75 0.66 0.84
UB 0.65 0.53 0.52 046 -050 0.58 0.71 0.70 0.73 0.84

Note: PE: performance expectancy; EE: effort expectancy; Sl: social influence; FC: facilitating conditions; PR: perceived risk; PV: price value; EL: eHealth literacy; RQ:

relation quality; Bl: behavioral intention; UB: usage behavior

Table 4 Test results for control variables

Variables R? Control variable effect
With Without ~ AR® f° Effect
control control
variable  variable

Behavioral 0.175 0.172 0.003  0.003 insignifi-

intention cant

Usage behavior 0.161 0.159 0.002 0.002 insignifi-

cant

.a 2. p2 2 .bg2, 2
Note: AR R withcontrolvariablesiR without control variables’ f°: Cohen f

[100], indicating that there is no collinearity problem in
our sample.

Next, we assessed model fit. According to the litera-
ture, we applied standardized root mean square residuals
(SRMR), normed fit index (NFI), and root mean square
error correlation (RMS,..,) to test the model fit. Accord-
ing to the results, the SRMR value was 0.05, consistent
with the suggested result (less than 0.08) [101], suggest-
ing a satisfactory model fit. Furthermore, the NFI score
was 0.96, greater than the advised value of 0.90 [102]. It
revealed that the model fit was satisfactory. Moreover,
the value of RMS,; ., was 0.10 (less than 0.12), indicating
that the model was well-fitting [103].

Finally, we used Harmon’s single-factor test to evalu-
ate common technique bias [104]. The results indicated
that the primary characteristic roots of the variables were
larger than 1.00. The first component explained 35.68% of
the variation, less than the critical value of 50.00% [105].
In addition, we included the common method variance
component in our research model as a latent variable.
The results revealed no statistically significant change in
model fit between the model with the common method
variance factor and the original model [105]. Above all,
the common method variance does not exist in our study.

Hypothesis testing

We used SmartPLS 3.3.2 software to analyze the impor-
tant relationship between the variables and verify the
hypothesis. In previous studies, age, gender, experience,

and education level were used as control variables [47,
106, 107]. In order to consider the potential influence of
these control variables, we added them to the research
model. The effects of the control variables (age, gender,
experience, and education level) were assessed by Cohen
F2[108]. As shown in Table 4, 2 values were all between
0.002 and 0.003. Therefore, the effects of the control
variables are limited (insignificant: f?< 0.020; small:
0.020 < f*< 0.150; medium: 0.150 < f*>< 0.300; and large:
2> 0.350) [108].

The PLS-SEM results of the research model are illus-
trated in Fig. 2, and Table 5 shows the magnitude and
significance of the path coefficients and the hypoth-
esis testing results. The results reveal that performance
expectancy, effort expectancy, social influence, price
value, eHealth literacy, and relation quality all positively
affect behavioral intention. Among them, price value
and eHealth literacy have larger path coefficients than
other factors, indicating that these two factors strongly
impact behavioral intention. In addition, facilitating con-
ditions and behavioral intention have positive impact on
usage behavior. Therefore, H1, H2, H3, H4, H5, H7, H8
and H9 are supported. However, H6 is not supported at
the p>0.05 level, that is, the impact of perceived risk on
behavioral intention is not significant.

Discussion

Main findings

First of all, the results indicate that patients’ behavioral
intention has a significant positive impact on usage
behavior, and the degree of this influence is large, exceed-
ing 50.00% (path coefficients=0.60). This finding is in
accordance with previous studies that elucidated the sig-
nificant positive relationship between behavioral inten-
tion and usage behavior in IT (Information Technology)
adoption contexts [27, 55, 109]. Additionally, facilitating
conditions also have a significant positive effect on usage
behavior, which is supported by previous studies clarify-
ing that facilitating conditions significantly contribute to
usage behavior [110, 111]. Thus, we believe that patients’
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Perceived Risk

Price Value

eHealth Literacy | | Relation Quality

Performance
Expectancy

H9

Effort Expectancy

Usage Behavior

Social Influence

Control variables:
age, gender, experience,
education level

Facilitating —
Conditions =p<0.001
*#=p<0.01
*=p<0.05
Fig. 2 Research model with PLS-SEM results
Table 5 Hypothesis testing results
Hypothesis Path Coefficient t-value p-value Significance Supported
H1:PE>BI 0.16 2.99 0.00%* Significant Yes
H2: EE>BI 0.14 376 0.00%** Significant Yes
H3: SIsBI 0.09 1.97 0.05% Significant Yes
H4:FC>UB 0.10 2.21 0.03* Significant Yes
H5:Bl>UB 0.60 11.65 0.00%** Significant Yes
H6: PR->BI 0.04 1.04 0.30 Not Significant No
H7: PV->BI 0.21 4.86 0.00%** Significant Yes
H8: EL->BI 0.36 5.89 0.00%** Significant Yes
H9: RQ->BI 0.10 1.98 0.05* Significant Yes
**%=p<0.001.
**=p<0.01.
*=p<0.05.

attitudes toward OHCs and ease of use are significant
factors influencing their adoption of OHCs.

Second, performance expectancy, effort expectancy,
and social influence have significant positive impacts
on patients’ behavioral intention of using OHCs. The
UTAUT model suggests that the above three variables
are important determinants of behavioral intention.
Therefore, these findings are consistent with the conven-
tional findings of the UTAUT model [13, 20, 25]. In par-
ticular, performance expectancy had the greatest effect
on behavioral intention (path coefficients=0.16), indi-
cating that when deciding on using OHCs, patients are
most concerned about whether they can get the infor-
mation and services they want to receive. The findings
demonstrate that patients’ behavioral intention to use
OHGCs largely depends on their perception of the help
that OHCs can bring to them and the difficulty of using
OHCs. If patients think that OHCs can significantly
improve the efficiency of getting diagnosis and increase
the speed of information acquisition, or they believe that
technical problems can be solved in time during the use
of OHCs, they will be willing to use OHCs. In addition,

patients are likely to be influenced by their friends and
relatives. If others have positive comments on OHCs,
patients will trust on OHCs, thereby improving their
intention to use OHCs.

Third, the results reveal that perceived risk has an insig-
nificant impact on patients’ behavioral intention of using
OHGCs. Interestingly, our finding differs from previous
studies’ results as these studies found a statistically signif-
icant effect of perceived risk on behavioral intention [40,
62, 112]. The reasons are as follows. First of all, patients
mainly use the free modules of OHCs, such as the prob-
lem posts and health information modules. Therefore,
they may not be sensitive to the economy and privacy.
In addition, for patients, the information obtained from
OHC:s is considered a reference rather than psychological
dependence. Finally, patients may be inured to the exis-
tence of risk in the context of the Internet environment.

Fourth, price value has a significant positive influence
on patients’ behavioral intention of using OHCs, which
means that price value plays an important role in influ-
encing patients’ intention to use OHCs. This result is
consistent with the findings of previous studies [13, 113].
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The finding indicated that patients would weigh whether
their expenditures on OHCs are worth it. Setting a rea-
sonable price is a sufficient condition for OHCs to attract
users.

Fifth, consistent with the conclusions inferred from the
previous literature [74, 76, 114], eHealth literacy has a
significant positive effect on behavioral intention. More
importantly, eHealth literacy is the most important deter-
minant of patients’ behavioral intention to use OHCs.
eHealth literacy reflects the ability of users to access and
process health information. Patients with strong abilities
in information reception, information processing, infor-
mation understanding, and information discrimination
are more adept at utilizing the information provided on
OHCs to help themselves, thereby increasing their will-
ingness and behavior to use OHCs. The results suggest
that patients’ own perceptions and ability to adopt health
information can have a significant impact on their inten-
tion to use OHCs. Therefore, enhancing patients’ positive
attitudes toward OHCs can also start from the perspec-
tive of patients’ understanding and abilities of medical
and health knowledge.

Last, the empirical result indicates that relation qual-
ity has a significant positive effect on patients’ behav-
ioral intention of using OHCs. This finding is consistent
with prior studies indicating that users with high relation
quality are more willing to use the corresponding infor-
mation technology [44]. This finding suggests the impor-
tance of patients’ trust and satisfaction with the platform
has been highlighted. The relationship between patients
and the platform needs to be paid attention to.

Theoretical implications

This study contributes to OHCs literature by construct-
ing a comprehensive model for explaining patients’ adop-
tion behavior of OHCs based on the UTAUT model and
the analysis results of patients’ information demands
in OHGCs. First, this study enriches the literature on the
adoption of OHCs. Previous literature lacked an under-
standing of the role of patients’ abilities to identify and
process online health information as well as patient-plat-
form relationships. Our findings enrich the knowledge of
the impact of eHealth literacy and relation quality with
OHGCs and provide new insights from the perspective of
patient’s intrinsic motivation to enhance the understand-
ing of the factors to be considered in technology adop-
tion models in the context of OHCs.

Second, this study extends UTAUT in OHCs and
specific users (patients), enriching the literature on
UTAUT application scenarios. This study proposes a
more comprehensive and appropriate model to under-
stand patients’ motivations to use OHCs by extending the
UTAUT model based on the actual information demands
of patients in OHCs. The extended UTAUT model
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proposed in this study enhances the understanding of the
adoption of OHCs. The findings of the main hypotheses
presented in the research model of this study are found
to be consistent with the UTAUT model results, pro-
viding further support for the application of UTAUT to
OHC:s. In addition, the findings of this study enrich the
literature of UTAUT by explaining the factors specific to
the context of this study that influence the adoption of
OHGCs, and the context-based insights are well regarded
as complementary to the existing knowledge in the field
of technology adoption.

Third, our study extends the scope of application of
the findings. Given that most related studies have exam-
ined OHCs in developed countries, the absence of study
in other regions of the world, where the majority of the
population resides, makes concluding other countries
problematic. Our research model is validated by the
data collected in China, which currently has the largest
population. This study contributes to the literature on
the development of OHCs in China and other developing
countries with similar digital health technology develop-
ment to China.

Practical implications

First of all, the findings showed that patients’ behavioral
intention and facilitating conditions have significant pos-
itive impacts on usage behavior. Therefore, policymak-
ers can promote the popularity of OHCs by improving
patients’ intention to use OHCs, making OHCs compat-
ible, and setting low usage conditions for the patients. For
example, it may be beneficial for policymakers to collabo-
rate with healthcare providers and other stakeholders to
develop educational campaigns that promote the benefits
of using OHCs, and to provide training and support for
patients.

Second, the results indicated that high performance
expectancy, effort expectancy, and social influence could
significantly improve patients’ positive attitudes toward
OHCs. The findings inform the operators of OHCs
that they need to focus on information quality, friendly
interfaces, obvious tags, and web navigation of OHCs to
enhance the interaction between OHCs and the users. In
addition, the government and hospitals can increase the
promotion and publicity of OHCs and pay attention to
patients’ evaluations to gain a good word-of-mouth repu-
tation in order to attract more users.

Third, price value has a positive impact on patients’
behavioral intention of using OHCs. Therefore, the
operators of OHCs should set a price based on market
research that matches the service and information qual-
ity provided by OHCs. They also need to understand the
actual attitude of patients towards information quality so
as to try to narrow the gap between perceived informa-
tion quality and actual information quality.
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Fourth, eHealth literacy is an important factor influ-
encing patients’ usage intention of OHCs. Therefore,
it is a good choice for the government to strengthen
the promotion of basic medical and health knowl-
edge, healthy lifestyles and behaviors, and basic skills in
obtaining information and services online. Besides, the
hospitals can try to encourage the public to strengthen
relevant learning in order to improve their ability to
search, understand, evaluate, and use the information.
Physicians would better explain health-related knowledge
to patients actively, correct patients’ misconceptions,
and guide patients to identify and use the information
correctly.

Finally, the results show that relation quality has a
considerable favorable influence on patients’ behavioral
intention to use OHCs. Therefore, the operators of OHCs
should make efforts to ensure the authority and profes-
sionalism of the hospitals and physicians in OHCs and
enhance the quality of information and services in it.
They can cooperate with reliable, authoritative, and pro-
fessional hospitals and physicians, supervise the infor-
mation released in OHCs, and strictly handle patients’
complaints.

Limitations and future research

It should be noted that this study has some limitations.
First, this study used a cross-sectional investigation with-
out dynamically studying the changes in participants’
attitudes toward all variables. In the subsequent research,
longitudinal study methods will be adopted to test
research models. Besides, the statistics on the patients of
OHCs may change with the rapid growth of OHCs. Most
of the patients surveyed are young and highly educated
groups. Other groups may be expanded in the future,
and we will collect the data again to verify the model at
that time. Last, there are differences in the development
of digital health technologies in developing countries.
Future research will be conducted in more developing
countries with different levels of digital health devel-
opment to form a comprehensive study that takes into
account the impact of technology developments specific
to other countries.

Conclusion

In this study, we introduce a comprehensive research
model by extending the UTAUT model based on
patients’ information demands of OHCs. Alongside the
impact of the constructs of UTAUT (i.e., performance
expectancy, effort expectancy, and social influence have
significant positive impacts on the behavioral inten-
tion of using OHCs, while behavioral intention and
facilitating conditions have significant positive impacts
on the usage behavior), this study identifies the signifi-
cant positive effects of price value, eHealth literacy, and

Page 12 of 15

relation quality on behavioral intention of using OHCs.
These findings suggest that the operators of OHCs need
to focus on improving the construction of the platform,
including compatibility and information content. Also,
the operators of OHCs should increase the publicity of
OHGs, set reasonable prices, publicize health knowledge,
and protect patients’ property and information security.
The hospitals and physicians can also provide patients
with courses that teach them how to judge, understand
and use the information in OHCs appropriately. The find-
ings expand the understanding of the usage of OHCs and
contribute to both the theories of adopting information
technology and practical applications that promote the
spread of OHCs.
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