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Abstract

Background: Telemedicine has great potential for diabetes management. The COVID-19 pandemic has boosted the development
of telemedicine. However, the factors influencing the behavioral intentions to use and use behaviors of telemedicine in patients
with diabetes in China are not clear.

Objective: We aimed to understand the determinants of behavioral intention to use telemedicine based on an extended Unified
Theory of Acceptance and Use of Technology model and to identify demographic factors associated with telemedicine use in
patients with diabetes in China.

Methods: Patients with diabetes who are aged ≥18 years were surveyed from February 1 to February 7, 2023. We distributed
the survey link in 3 WeChat groups including a total of 988 patients with diabetes from the outpatient department or patients
discharged from Changsha Central Hospital. Structural equation modeling was used to understand the determinants of behavioral
intention. A multivariate logistic regression analysis was used to identify the demographic factors associated with telemedicine
use.

Results: In total, 514 questionnaires were collected. Of the respondents, 186 (36.2%) were diagnosed with COVID-19. The
measurement model showed acceptable reliability, convergent validity, discriminant validity, and data fit indices. The model
explained 63.8% of the variance in behavioral intention. Social influence, performance expectancy, and facilitating conditions
positively influenced behavioral intention (β=.463, P<.001; β=.153, P=.02; and β=.257, P=.004, respectively). Perceived
susceptibility, perceived severity, and effort expectancy had no significant impact on behavioral intention (all P>.05). The overall
use of telemedicine was 20.6% (104/514). After adjusting for the behavioral intention score, the multivariate regression analysis
showed that age, education, and family income were associated with telemedicine use. Telemedicine use was higher in the 40 to
59 years and 18 to 39 years age groups than in the ≥60 years age group (odds ratio [OR] 4.35, 95% CI 1.84-10.29, P=.001; OR
9.20, 95% CI 3.40-24.88, P<.001, respectively). Telemedicine use was higher in the senior high school and the university and
more groups than in junior high school education and less group (OR 2.45, 95% CI 1.05-5.73, P=.04; OR 2.63, 95% CI 1.11-6.23,
P=.03, respectively). Patients with a higher family income used telemedicine more often than the patients who had an annual
family income ≤¥10,000 (CNY ¥1=US $0.1398; ¥10,000-¥50,000 group: OR 3.90, 95% CI 1.21-12.51, P=.02; ¥50,000-¥100,000
group: OR 3.91, 95% CI 1.19-12.79, P=.02; >¥100,000 group: OR 4.63, 95% CI 1.41-15.27, P=.01).

Conclusions: Social influence, performance expectancy, and facilitating conditions positively affected the behavioral intention
of patients with diabetes to use telemedicine. Young patients, highly educated patients, and patients with high family income use

JMIR Hum Factors 2023 | vol. 10 | e46624 | p. 1https://humanfactors.jmir.org/2023/1/e46624
(page number not for citation purposes)

Shao et alJMIR HUMAN FACTORS

XSL•FO
RenderX

mailto:455053264@qq.com
http://www.w3.org/Style/XSL
http://www.renderx.com/


telemedicine more often. Promoting behavioral intention and paying special attention to the needs of older adult patients, patients
with low income, and patients with low levels of education are needed to encourage telemedicine use.

(JMIR Hum Factors 2023;10:e46624) doi: 10.2196/46624
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Introduction

Background
The prevalence of diabetes has been increasing worldwide [1].
In 2018, the estimated prevalence of diabetes among adults in
China was 10.9%, representing more than 100 million adults
[2]. However, only 32.9% of patients were treated, and only
50.1% of patients receiving treatment had adequate glycemic
control [2]. Poor glycemic control can cause various
complications and impose a heavy economic burden on the
country. Telemedicine, which provides remote consultation,
diagnosis, and prescriptions over computers and smartphones,
ensures quick physician-patient interaction across the barriers
of distance and time. The most common modalities of
telemedicine include real-time technology, store-and-forward
technology, remote monitoring, and mobile health (mHealth)
approaches [3]. With the development of mobile apps and
wearable devices, telemedicine shows great potential for
diabetes management. Studies have shown that telemedicine,
such as mobile apps for diabetes management, is effective for
glycemic control in patients with diabetes, especially patients
in remote areas [4-6]. The COVID-19 pandemic has boosted
the development of telemedicine. During the COVID-19
pandemic, telemedicine was used to reduce patients’ office
consultations, prevent overcrowding in hospitals, facilitate
patient and physician communication and cooperation, and save
travel time. To mitigate the impact of COVID-19 on population
health, many countries, including China, have promoted
telemedicine as a solution for health care professionals to
continue offering medical services to their patients [7]. China
released the first Expert Consensus on Telemedicine
Management of Diabetes in 2020 [8]. Studies have also
suggested that telemedicine can effectively reduce the impact
of COVID-19 isolation on glycemic control in patients with
diabetes [9-11].

Compared with other COVID-19 variants of concern, the
Omicron variant is characterized by significantly greater
infectivity and lower severity of human infections [12]. Thus,
on December 7, 2022, China lifted most of its zero tolerance
COVID-19 restrictions [13]. Since then, people have been able
to visit hospitals without COVID-19 restrictions or choose
telemedicine. At this time, people’s behavioral intentions (BIs)
to use and use behaviors of telemedicine were more closely tied
to their post–COVID-19 situations. However, in this specific
context, patients’ telemedicine use behaviors are unclear.
People’s use behaviors for a certain technology often depend
on their intentions to use it. Several studies have applied
umbrella theoretical models to understand the determinants of
use intentions for mHealth services [14,15]. One of the most

frequently used theoretical models is Unified Theory of
Acceptance and Use of Technology (UTAUT), which was
developed by Venkatesh et al [16]. The UTAUT model
integrates the 8 existing models, including the technology
acceptance model, theory of rational action, theory of planned
behavior, technology acceptance model and theory of planned
behavior combined, motivation model, PC use model, diffusion
of innovation theory, and social cognitive theory, and it
outperforms them in terms of explanatory power. Since its
introduction, the UTAUT model has been applied in multiple
domains [17-19]. However, a theoretical model must be
identified and tested for various technologies and in different
user groups to provide a context-related understanding of
technology adoption [16]. During the outbreak of the COVID-19
epidemic, people’s BIs and use behaviors of telemedicine, as
well as their influencing factors, may change.

Furthermore, although intention to use is a determinant of use
behavior, there is usually a gap between BI to use and actual
use [20]. Studies have found that demographic characteristics
such as sex, age, family income, and education level are
associated with telemedicine use [21-23]. However, it is not
clear whether the difference in the use of telemedicine is due
to the difference in the BIs of patients with different
demographic characteristics. After adjusting for BIs to use
telemedicine, it is unclear whether these associations remain.
Understanding the differences in telemedicine use among
patients with different demographic characteristics will help to
develop measures to promote the development of telemedicine
in the post–COVID-19 pandemic era.

Objectives
To understand the differences in telemedicine use among
patients with diabetes to promote the use of telemedicine in the
post–COVID-19 pandemic era, we first analyzed the
determinants of patients’ BIs to use telemedicine through a
theoretical model and then adjusted the BIs through multiple
regression analysis to analyze the associations between
telemedicine use and demographic characteristics.

Research Model and Hypotheses
According to the UTAUT model, performance expectancy (PE),
effort expectancy (EE), and social influence (SI) are the core
determinants of BI to use and facilitating conditions (FCs) and
BIs to use are direct determinants of use behavior. Venkatesh
et al [24] proposed the updated UTAUT2 in a consumer
information technology context and found a direct association
between FCs and BIs.

PE is defined as the degree to which individuals perceive that
a new technology will help them attain gains in task performance
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[16]. In this study, PE indicates people’s perceptions of the
usefulness of telemedicine for health management. Several
studies have shown that PE is a major determinant of the BI to
use mHealth services [25-27]. Unless patients with diabetes
think telemedicine is useful for them, they will not use it. Thus,
we proposed the following hypothesis:

• Hypothesis 1: PE positively influences the BIs of patients
with diabetes to use telemedicine.

EE is defined as “the subjective perception of the difficulty of
a system” [16]. If patients perceive certain technologies to be
easy to use, they tend to use them. This hypothesis has been
tested in many studies, especially among older adults [15].
Therefore, we proposed the following hypothesis:

• Hypothesis 2: EE positively influences the BIs of patients
with diabetes to use telemedicine.

SI is defined as the extent to which people think that others who
are important to them or who can influence their behaviors think
that they should use a specific technology [24]. Regarding health
care, patients’ intentions to adopt a health behavior are often
influenced by the opinions of their health care professionals,
other patients with the same disease, and their family members.
Therefore, we proposed the following hypothesis:

• Hypothesis 3: SI positively influences diabetes patients’
intentions to use telemedicine.

FCs are defined as “the degree to which an individual believes
that an organization and technical infrastructure exist to support
the use of a system” [16]. In this study, FCs indicate the
subjective perception of the support and resources available to
support the use of telemedicine. Although the original UTAUT

did not find a direct association between FCs and BI, UTAUT2
and several other studies concerning information technologies
demonstrated this relationship [18,24,28,29]. Facilitation
available to each patient can vary significantly across
telemedicine devices, network access, and human resource
support. Thus, we proposed the following hypothesis:

• Hypothesis 4: FCs positively influence the BI of patients
with diabetes to use telemedicine.

Context is the environment in which a technology is used, and
it may affect an individual’s BIs [30]. According to the health
belief model, individuals will not take health-related actions
unless they feel susceptible to or experience the severity of a
disease [31]. During the COVID-19 pandemic, telemedicine
reduced face-to-face contact to control the risk of COVID-19
infection. Therefore, we proposed the following hypothesis:

• Hypothesis 5: Perceived susceptibility to COVID-19
positively influences the BI of patients with diabetes to use
telemedicine.

• Hypothesis 6: Perceived severity (PSE) of COVID-19
positively influences the BI of patients with diabetes to use
telemedicine.

Demographic Factors
Previous studies have shown that demographic characteristics
such as sex, age, education, and family income were associated
with telemedicine use [21-23]. We argue that these demographic
characteristics may affect the BI toward telemedicine. Thus, we
adjusted for sex, age, education, and family income in the model.

The research hypotheses are summarized in the research model
(Figure 1).

Figure 1. Research model. HBM: Health Belief Model; UTAUT: Unified Theory of Acceptance and Use of Technology.
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Methods

Survey Instrument
All survey items (Textbox 1) were adopted from scales validated
in previous studies and modified to adapt them to telemedicine
in the context of diabetes and COVID-19. The questionnaire
was translated by 2 native Chinese speakers proficient in
English. A pilot study was conducted in a sample of 20 patients

with diabetes from the outpatient department of Changsha
Central Hospital, and the participants were asked to provide
feedback on the conciseness and clarity of the questions. A
5-point Likert scale was used for all items, with “1” representing
“strongly disagree” and “5” representing “strongly agree.”
Demographic information such as age, sex, annual family
income, residence, type of diabetes, diabetes history, and
education level were also collected.

Textbox 1. Measurement items of the constructs.

Performance expectancy (PE) [15,32,33]

• PE1: Telemedicine can reduce my risk of getting a COVID-19 infection (new).

• PE2: Telemedicine can save my time.

• PE3: Telemedicine can save money (new).

• PE4: Telemedicine enables me to be effectively treated.

• PE5: Overall, telemedicine is useful to me.

Effort expectancy (EE) [15,32,33]

• EE1: My interaction with telemedicine is clear and understandable.

• EE2: Learning how to use telemedicine is easy for me.

• EE3: I find telemedicine easy to use.

Social influence (SI) [15,32,33]

• SI1: People whose opinions I value (eg, my doctors) think I should use telemedicine.

• SI2: People who influence my behavior (eg, peers with diabetes) think I should use telemedicine.

• SI3: People who are important to me (eg, family members) think I should use telemedicine.

Facilitating condition (FC) [24,32,34]

• FC1: I have the resources (eg, network) necessary to use telemedicine.

• FC2: I have the knowledge necessary to use telemedicine (eg, how to find a telemedicine platform).

• FC3: I can get help from others when I have difficulties using telemedicine.

Perceived susceptibility (PSU) [35]

• PSU1: I'm worried about the likelihood of getting COVID-19.

• PSU2: I think we patients with diabetes are more likely to be infected with COVID-19.

• PSU3: Overall, getting COVID-19 is possible for me.

Perceived severity (PSE) [14]

• PSE1: I'm worried I will be very sick if I get COVID-19.

• PSE2: I think we patients with diabetes will be more seriously ill if we get COVID-19.

• PSE3: I'm worried it will be very serious if I get COVID-19.

Behavioral intention (BI) [15,32,33]

• BI1: I intend to use or continue to use telemedicine.

• BI2: I plan to use telemedicine frequently.

• BI3: Overall, I have a high intention to use telemedicine.

Samples and Survey Methods
The participants were patients with diabetes in China who were
aged ≥18 years. Convenience sampling was used. The web-based

survey tool Sojump (Changsha ran Xing InfoTech Ltd) was
used to collect data. From February 1 to February 7, 2023, we
distributed the survey link in 3 WeChat groups consisting of
988 outpatients with diabetes from the outpatient department
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or patients discharged from Changsha Central Hospital, which
is a large public tertiary hospital with more than 2000 beds in
Changsha City, mainly treating patients from Hunan Province.
From November 2021 to February 2023, we recruited patients
with diabetes who had been treated in Changsha Central Hospital
into our 3 WeChat groups after they provided informed consent
to facilitate follow-up. The survey links were distributed in the
3 WeChat groups. Before the survey, we introduced its purpose
and explained the definition of telemedicine. After obtaining
consent, the survey continued. Each mobile IP address could
complete the questionnaire only once. To increase the response
rate, we reminded all patients in the groups to complete the
survey. Questionnaires completed in ≤2 minutes and those
completed by patients aged ≤18 years were excluded. No
compensation was provided for participation in the survey.

Ethics Approval
The study was approved by the ethics committee of South China
University’s affiliated Changsha Central Hospital (ID:
2022-S0217).

Data Analysis
A descriptive analysis was performed to summarize the
participants’ sociodemographic characteristics. Continuous
variables are expressed as mean (SD) or median (IQR), where
appropriate. Categorical variables are expressed as number
(percentage). SPSS (version 23.0; IBM Corp) via maximum
likelihood estimation was used to analyze the collected data. In
addition, SPSS Amos (version 23.0) was used to conduct
structural equation modeling and test the proposed research
model. Before evaluating the structural model, we assessed the
measurement model to evaluate construct reliability, convergent
validity, discriminant validity, and data fit indices.

Differences among groups were assessed using the chi-square
test or independent 2-tailed t tests. Telemedicine use was an
observable variable. In our study, telemedicine use behavior
was a binary dependent variable, which was not suitable for
structural equation modeling. Thus, in the second part, we used
logistic regression to investigate the relationships among sex,
age, education level, family income, residence, disease
information, BI, and the use of telemedicine. The sample size
estimation was based on the use of telemedicine in the study
and on the principle of 10 outcome events per variable [36]. As
there is no literature on the use of telemedicine in China, using
an estimated use of telemedicine of 20% in the pilot survey and
10 variables, we aimed to enroll at least 500 samples. On the
basis of expertise, we set a BI score of ≤10 as low BI and ≥10
as high BI. The sample was divided into 2 groups according to
the total BI score (low BI group <10; high BI group ≥10). We
performed a univariable analysis to obtain unadjusted odds
ratios (ORs) of potential correlates of telemedicine use with
demographic factors, disease characteristics, and BI. We then
entered all the variables in the multivariate analysis to obtain
the multivariable adjusted ORs. Statistical significance was set
at P<.05.

Results

Sample Characteristics
In total, 42 questionnaires completed in ≤2 minutes or completed
by patients aged ≤18 years were eliminated and 514 qualified
questionnaires were collected. Of the respondents, 273 (53.1%)
were male and 241 (46.9%) were female. A total of 465 (90.5%)
respondents had been vaccinated for COVID-19 and 186
(36.2%) respondents had been infected with COVID-19. The
demographic characteristics of qualified participants are shown
in Table 1.
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Table 1. Characteristics of the total sample (N=514).

P valueaUse of telemedicine, n (%)Sample, n (%)Characteristics

.01Sex

44 (16.1)273 (53.1)Male

60 (24.9)241 (46.9)Female

<.001Age (y)

7 (5.1)138 (26.8)≥60

56 (20.9)268 (52.1)40-59

41 (38.0)108 (21.0)18-39

<.001Education

10 (8.5)118 (23)Junior middle school or less

29 (18.6)156 (30.4)High school

65 (27.1)240 (46.7)University or more

.46Diabetes history (y)

21 (25.9)81 (15.8)<1

33 (21.2)156 (30.4)1-5

23 (18.7)123 (23.9)6-10

27 (17.5)154 (30.0)>10

.86Residence

84 (20.4)412 (80.2)Urban

20 (19.6)102 (19.8)Rural

.002Annual family income (¥b)

4 (6.1)66 (12.8)<10,000

30 (18.2)165 (32.1)10,000-50,000

31 (21.2)146 (28.4)50,000-100,000

39 (28.5)137 (26.7)>100,000

.006Diabetes type

24 (28.9)83 (16.1)Type 1 diabetes mellitus

62 (16.6)373 (72.6)Type 2 diabetes mellitus

7 (14.2)17 (3.3)Others

11 (26.8)41 (8.0)Unknown

.28Vaccinated for COVID-19

7 (14.3)49 (9.5)No

97 (20.9)465 (90.5)Yes

.22COVID-19 infection

61 (18.6)328 (63.8)No

43 (23.1)186 (36.2)Yes

aP values were calculated using the chi-square test.
bCNY ¥1=US $0.1398.

Of the 514 patients, the overall use of telemedicine was 104
(20.6%). Usage in female patients was higher than that in male
patients (60/241, 24.9% vs 44/273, 16.1%; P=.01). Telemedicine
use was higher among younger patients than among patients
aged ≥60 years (18-39 y vs 40-59 y vs ≥60 y: 41/108, 38% vs
56/268, 20.9% vs 7/138, 5.1%; P<.001). Patients with higher

education levels had a higher usage of telemedicine (junior
middle school or less vs high school vs university or more:
10/118, 8.5% vs 29/156, 18.6% vs 65/240, 27.1%, P<.001,
respectively). Patients with higher family incomes used
telemedicine more often than those with low family incomes
(P=.002). There was no significant correlation between

JMIR Hum Factors 2023 | vol. 10 | e46624 | p. 6https://humanfactors.jmir.org/2023/1/e46624
(page number not for citation purposes)

Shao et alJMIR HUMAN FACTORS

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


telemedicine use and whether the patients had been vaccinated
for COVID-19 or infected with COVID-19.

The main concerns of the patients regarding telemedicine
included effectiveness (231/514, 44.9%), security (127/514,
24.7%), privacy (61/514, 11.9%), cost (26/514, 5.1%), and other
reasons (69/514, 13.4%).

Measurement Model
The factor loadings of each item were above the recommended
value of 0.6 [37]. Reliability was assessed using Cronbach α.
Composite reliability of 0.7 is an indicator of acceptable internal
consistency. Convergent validity was assessed using the average
variance extracted (AVE). Constructs with Cronbach α>.7 and
AVE >0.5 were considered acceptable [38]. As shown in Table

2, all the constructs demonstrated acceptable levels of reliability
and validity.

Discriminant validity is the degree to which each construct
measures different variables. Discriminant validity is established
if the AVE values of each construct are greater than the squared
correlation coefficient between the constructs [39,40].
Consequently, the data in Table 3 demonstrate an acceptable
level of discriminant validity.

The model fit was generally considered acceptable when the
root mean square error of approximation values were below
0.05; the ratio of chi-square and df was below 3; and the adjusted
goodness-of-fit index, goodness-of-fit index, comparative fit
index, and normed fit index were above 0.90 [14]. Table 4
indicates that the fit indices of the research model were
acceptable.
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Table 2. Results of the measurement model.

Cronbach αCRbAVEaScore, mean (SD)Factor loadingsConstructs and items

.8550.8730.698PSEc

3.47 (0.86)0.899PSE1

3.62 (0.91)0.867PSE2

3.26 (0.91)0.731PSE3

.7470.8700.691PSUd

3.63 (0.93)0.801PSU1

3.41 (0.90)0.881PSU2

3.74 (0.85)0.809PSU3

.8450.8460.528PEe

3.65 (0.88)0.608PE1

3.85 (0.72)0.717PE2

3.38 (0.78)0.651PE3

3.45 (0.75)0.750PE4

3.73 (0.72)0.878PE5

.8920.9110.775EEf

3.41 (0.82)0.892EE1

3.41 (0.85)0.808EE2

3.40 (0.77)0.936EE3

.9030.9040.758SIg

3.62 (0.78)0.872SI1

3.56 (0.77)0.872SI2

3.79 (0.71)0.867SI3

.7810.7810.545FCh

3.63 (0.71)0.699FC1

3.85 (0.65)0.679FC2

3.56 (0.72)0.828FC3

.9220.9210.797BIi

3.55 (0.76)0.945BI1

3.44 (0.75)0.817BI2

3.39 (0.75)0.911BI3

aAVE: average variance extracted.
bCR: composite reliability.
cPSE: perceived severity.
dPSU: perceived susceptibility.
ePE: performance expectancy.
fEE: effort expectancy.
gSI: social influence.
hFC: facilitating condition.
iBI: behavioral intention.
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Table 3. The square root of average variance in the latent variables and correlation coefficient matrix.

BIgFCfSIeEEdPEcPSUbPSEaConstruct

——————i0.835 hPSE

—————0.8310.632PSU

————0.7270.1850.219PE

———0.8800.5370.048−0.004EE

——0.8710.6130.6950.1330.143SI

—0.7380.6960.6140.6080.1050.130FC

0.8930.6330.7030.4920.5890.0730.072BI

aPSE: perceived severity.
bPSU: perceived susceptibility.
cPE: performance expectancy.
dEE: effort expectancy.
eSI: social influence.
fFC: facilitating condition.
gBI: behavioral intention.
hItalicized values represent the square root of the average variance extracted; the values below them indicate the correlation coefficients.
iNot applicable.

Table 4. Fit indexes of the research model.

IFIfRMSEAeCFIdNFIcAGFIbGFIaχ2:dfFit index

0.9310.0510.9300.920.8940.9122.922Research model

>0.9<0.05>0.9>0.9>0.9>0.9<3Recommended value

aGFI: goodness-of-fit index.
bAGFI: adjusted goodness-of-fit index.
cNFI: normed fit index.
dCFI: comparative fit index.
eRMSEA: root mean square error of approximation.
fIFI: incremental fit index.

Structural Model
Overall, the model explained 63.8% of the variance in BI (Table
5). Table 5 shows that SI, PE, and FCs positively influenced BI
(β=.463, P<.001; β=.153, P=.02; and β=.257, P=.004,

respectively). Perceived susceptibility, PSE, and EE had no
significant impact on BI (all P>.05). Demographics, including
sex, age, education, and family income had no significant impact
on BI (all P>.05).
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Table 5. Structural model explaining behavioral intention.

BIa （R2=63.8%）

P valueβ

Hypothesis

.02.153PEb→BI

.67−.02EEc→BI

<.001.463SId→BI

.004.257FCe→BI

.73.014PSUf→BI

.08−.078PSEg→BI

Confounders

.62.015Sex

.39.26Age (y)

.39−.26Education

.95−.002Annual family income

aBI: behavioral intention.
bPE: performance expectancy.
cEE: effort expectancy.
dSI: social influence.
eFC: facilitating condition.
fPSU: perceived susceptibility.
gPSE: perceived severity.

Factors Associated With the Use of Telemedicine in
Patients With Diabetes
The total BI scores of patients who had been vaccinated for
COVID-19 showed no difference from those of patients who
had not been vaccinated (mean 10.40, SD 2.09 vs mean 10.14,
SD 2.28, P=.41). Similarly, the total BI scores of the patients
who had been infected with COVID-19 showed no difference
from those of the patients who had not been infected (mean
10.54, SD 2.01 vs mean 10.29, SD 2.15, P=.19).

Univariate logistic regression analysis showed that gender, age,
education, family income, diabetes type, and BI score were
related to patients’ telemedicine use (Table 6). Then, we entered
all the variables in the multivariate analysis to obtain the
multivariable adjusted ORs and found that age, education, family

income, and BI score were still related to patients’ telemedicine
use. The rate of telemedicine use was higher in patients aged
40 to 59 years and those aged 18 to 39 years than in patients
aged ≥60 years (OR 4.35, 95% CI 1.84-10.29, P=.001; OR 9.20,
95% CI 3.40-24.88, P<.001, respectively). The use of
telemedicine was higher among the high school group and the
university and more group than among the junior middle school
education and less group (OR 2.45, 95% CI 1.05-5.73, P=.04;
OR 2.63, 95% CI 1.11-6.23, P=.03, respectively). The patients
with a higher family income had a higher use of telemedicine
than those with an annual family income of less than ¥10,000
(CNY ¥1=US $0.1398; ¥10,000-¥50,000 group: OR 3.90, 95%
CI 1.21-12.51, P=.02; ¥50,000-¥100,000 group: OR 3.91, 95%
CI 1.19-12.79, P=.02; ¥>100,000 group: OR 4.63, 95% CI
1.41-15.27, P=.01).
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Table 6. Factors associated with telemedicine use by logistic regression analysis (N=514).

Multivariate modelUnivariate modelVariables

P valueOR (95% CI)P valueORa (95% CI)

Sex

N/AN/AN/AN/AcMaleb

.081.56 (0.95-2.56).011.73 (1.12-2.67)Female

Age (y)

N/AN/AN/AN/A≥60b

.0014.35 (1.84-10.29)<.0014.94 (2.19-11.17)40-59

<.0019.20 (3.40-24.88)<.00111.45 (4.88-26.90)18-39

Education

N/AN/AN/AN/AJunior middle school or lessb

.042.45 (1.05-5.73).022.47 (1.15-5.29)High school

.032.63 (1.11-6.23)<.0014.01 (1.98-8.14)University or more

Diabetes history (y)

N/AN/AN/AN/A<1b

.621.21 (0.57-2.55).131.65 (0.86-3.15)1-5

.591.25 (0.55-2.83).421.26 (0.72-2.22)6-10

.201.70 (0.76-3.84).801.08 (0.59-2.0)>10

Residence

N/AN/AN/AN/AUrbanb

.171.61 (0.82-3.19).860.95 (0.55-1.64)Rural

Annual family incomed

N/AN/AN/AN/A¥<10,000b

.023.90 (1.21-12.51).033.44 (1.16-10.20)¥10,000-¥50,000

.023.91 (1.19-12.79).014.18 (4.14-12.38)¥50,000-¥100,000

.014.63 (1.41-15.27).0016.17 (2.10-18.11)¥>100,000

Diabetes type

N/AN/AN/AN/AT1DMb,e

.950.98 (0.50-1.92).0110.49 (0.28-0.85)T2DMf

.232.15 (0.62-7.48).321.72 (0.59-5.05)Others

.431.51 (0.54-4.22).810.90 (0.39-2.08)Unknown

Vaccinated for COVID-19

N/AN/AN/AN/ANob

.531.34 (0.54-4.22).281.58 (0.69-3.63)Yes

COVID-19 infection

N/AN/AN/AN/ANob

.760.92 (0.53-1.59).221.32 (0.85-2.04)Yes

BIg score

N/AN/AN/AN/ALow BIb (range 3-9)

.011.98 (1.17-3.35).0012.24 (1.37-3.66)High BI (range 10-15)
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aOR: odds ratio.
bReference group.
cN/A: not applicable.
dCNY ¥1=US $0.1398.
eT1DM: type 1 diabetes mellitus.
fT2DM: type 2 diabetes mellitus.
gBI: behavioral intention.

Discussion

Determinants of BI to Use Telemedicine
Our study found that SI was the most important determinant of
BI to use telemedicine in patients with diabetes, which is
consistent with our previous study on the determinants of
patients’ intentions to use diabetes management apps [33]. The
study by Hennemann et al [41] also found that SI was the most
important determinant of patients’ acceptance of web-based
aftercare. The study by Alaiad and Zhou [32] replicated this
finding in home health care robots. Diabetes is a chronic disease
that requires long-term follow-up. The medical behavior
intentions of patients with diabetes are inclined to be affected
by the advice of their health care professionals, patients with
the same disease, and family members’ support [42]. Tsai et al
[43] found that the trust in family members was an important
factor for older adult patients with diabetes to continue to choose
telemedicine. Burden in the use of telemedicine and, in
particular, the shortage of medical resources in mainland China
has greatly restricted its recommendation of telemedicine to
patients [44]. The introduction of artificial intelligence into
telemedicine shows the potential to reduce the burden on health
care professionals and improve telemedicine efficiency.
Moreover, inadequate or no reimbursement remains an obstacle
to the wider recommendation of telemedicine [45]. In addition,
high-quality clinical research on the effectiveness of
telemedicine in diabetes management is limited [46]. Evidence
that medical staff recommend telemedicine to patients is
insufficient [44,47]. Therefore, telemedicine should be included
in the scope of hospital performance assessment and additional
high-quality clinical research should be conducted to provide
sufficient evidence for medical staff to recommend telemedicine
to patients.

PE and FCs had a moderate impact on the BIs of patients with
diabetes to use telemedicine. Our survey also found that the
main concern of patients with diabetes using telemedicine was
effectiveness, followed by safety. The research by Hoque and
Sorwar [15] on the willingness of older adults to use mHealth
found that PE was the most important determinant of BI. The
study by Dou et al [26] on the BI of patients with hypertension
to use mobile apps for hypertension management yielded similar
findings. If patients with diabetes perceive that using
telemedicine is effective for glycemic control, saves travel time,
and can reduce the risk of infectious diseases such as
COVID-19, they may be more willing to use telemedicine.
However, the study by Scott et al [48] of telemedicine in patients
with type 1 diabetes found that a remarkable decline occurred
in the proportion of patients who were willing to continue with
telemedicine beyond the pandemic. Therefore, we should select
the most effective telemedicine model and platform so that

patients with chronic diseases such as diabetes can perceive the
benefits of telemedicine. There are many platforms and modes
of telemedicine, such as telephone, videoconference, web portal,
mobile app, wearable technology, and SMS text messaging [49].
Diabetes management mobile apps connected to Internet of
Things devices show potential as an effective method for
administering diabetes telemedicine, and many studies have
confirmed the effectiveness of this model [6,50,51]. Patients
can upload their health monitoring data at home (eg, blood sugar
value) to the telemedicine platform through Internet of Things
technology. Medical staff can remotely monitor patients’health
data, guide drug adjustment, and provide diabetes education
and support. More patient-centered telemedicine models require
further investigation.

The study by Wang et al [29] on consumer acceptance of health
care wearable devices found that FCs positively influenced BI.
The study by Lee et al [34] on patients’ emergency use
intentions for mHealth services in Taiwan also found this
relationship. Although smartphones have been popularized in
China and the country encourages qualified hospitals to offer
telemedicine services, medical resources and telemedicine
services in low-income countries are relatively limited, and
many patients with diabetes may not know how to find
telemedicine platforms [3]. Telemedicine departments should
be established to provide ongoing technology and internet
support.

Our study did not find a positive impact of EE on BI, which
was consistent with our previous web-based survey on the
willingness of patients with diabetes to use diabetes management
mobile apps [33]. The study by Dou et al [26] on hypertensive
patients’ acceptance of mHealth technology for hypertension
management and the research by Jewer [28] regarding patients’
intention to use web-based postings of emergency department
wait times also did not find this impact. The possible reasons
are related to the differences in the ages, education levels, and
technology proficiencies of the investigated population and the
complexity of the investigated technology. For example,
patients, such as older adults who are unskilled in the use of
telemedicine technologies may find EE to be an important
determinant of BI [52,53]. Our research was based on the
WeChat network, and the respondents may have a high
proficiency in using social apps. This might be the reason we
did not find a significant impact of EE on BI.

Our study did not find an influence of perceived COVID-19
susceptibility or perceived COVID-19 severity on BI, and we
found no significant difference in the willingness and behaviors
of telemedicine use between patients who had been vaccinated
and those who had not been vaccinated or between those who
had been infected with COVID-19 and those who had not been
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infected with COVID-19. A possible reason is that China has
popularized its knowledge of COVID-19 through various
channels. Before the change in COVID-19’s defense strategy,
China publicized Omicron’s greater infectivity and lower
severity in the official media. Therefore, the individual
heterogeneity of the perceptions of COVID-19 susceptibility
and PSE among the patients with diabetes was not significant,
so it did not have a significant impact on BIs. Additional
research is required to determine this relationship.

Demographic Characteristics Associated With
Telemedicine Use in Patients With Diabetes
We divided the sample into 2 groups (a low BI group and a high
BI group). Univariate logistic regression analysis found that
age, gender, education, family income, and BI were associated
with telemedicine use. There were no significant correlations
among the use of telemedicine and residence, diabetes duration,
type of diabetes, whether the patients were COVID-19
vaccinated, or whether they had been infected with COVID-19.
We then entered all the variables in the multivariate analysis to
obtain the multivariable adjusted ORs and found that age,
education, family income, and BI score were still related to
patients’ telemedicine use. Previous studies on telemedicine
also indicate that the use of telemedicine is higher for young
patients and patients with higher education [3,21-23,54]. After
adjusting for the BI of patients to use telemedicine, our study
found that the use of telemedicine was higher in younger
patients, those with higher education levels, and those with
higher family income. A possible reason is that young patients
and highly educated patients can access more telemedicine
resources and there are fewer barriers to its actual use; thus, it
may be easier for them to take action after they have an intention
to use telemedicine. Horrell et al’s [21] survey of telemedicine
use in patients with chronic conditions during COVID-19 found
a higher proportion of individuals in households earning more
than US $100,000 engaged in telehealth than those earning less
than US $30,000. A survey in Korea also found that households
with a monthly household income of ≥US $ 6000 had higher
odds of approving telemedicine [22]. Because telemedicine is
not included in insurance reimbursement programs in most
regions, patients with low family income may not use
telemedicine because of economic constraints, even if they show

BIs. Thus, telemedicine should be included in insurance
programs in the future. The correlation between sex and
telemedicine use has been inconsistent across studies [21,23].
In our study, univariate logistic regression analysis showed that
telemedicine use was higher among female patients than among
male patients. However, after adjusting for multiple variables,
such as BI, we found no correlation between sex and
telemedicine use.

Strengths and Limitations
Our study was the first to investigate the telemedicine use
behavior of patients with diabetes after China lifted most of its
COVID-19 restrictions. We confirmed the UTAUT model using
telemedicine in patients with diabetes in China. We identified
the determinants of BI to use telemedicine and analyzed the
demographic characteristics associated with telemedicine use
in patients with diabetes, which are important for the promotion
of telemedicine in the post–COVID-19 pandemic era.

However, our study had several limitations. First, our survey
was based on the WeChat network, which might induce potential
selection bias. However, the sample representation is not
essential in causal inference analysis [55,56], and our study
could inform research on factors influencing the BIs and use
behaviors of telemedicine in patients with diabetes. Second, the
sample size of subgroups for some of the characteristics in our
study was insufficient. Larger samples are required for further
investigation. Finally, our survey was a cross-sectional survey.
Patients currently have BIs, but their conditions may not be
suitable for internet treatment at present. In the future,
prospective studies are needed to observe the correlation
between BIs and other relevant factors and the use of
telemedicine.

Conclusions
SI, PE, and FCs positively affected the BIs of patients with
diabetes to use telemedicine. After adjusting for BI, young
patients, highly educated patients, and patients with a high
family income used telemedicine more frequently. We need to
take action to promote BI and pay special attention to the needs
of older adult patients, patients with low income, and patients
with low levels of education.
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