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Abstract

Background: Telehealth has been widely adopted by patients during the COVID-19 pandemic. Many social determinants of
health influence the adoption.

Objective: This pilot study aimed to understand the social determinants of patients’ adoption of telehealth in the context of the
pandemic.

Methods: A survey methodology was used to capture data from 215 participants using Amazon Mechanical Turk. The study
was guided by the technology acceptance model and the social determinants of health framework. The questionnaire included
technology acceptance model variables (eg, perceived usefulness [PU] and perceived ease of use [PEOU]), social determinants
(eg, access to health care, socioeconomic status, education, and health literacy), and demographic information (eg, age, sex, race,
and ethnicity). A series of ordinary least squares regressions were conducted to analyze the data using SPSS Statistics (IBM
Corp).

Results: The results showed that social determinant factors—safe neighborhood and built environment (P=.01) and economic
stability (P=.05)—are predictors of the PEOU of telehealth adoption at a statistically significant or marginally statistically
significant level. Furthermore, a moderated mediation model (PROCESS model 85) was used to analyze the effects of COVID-19
on the neighborhood, built environment, and economic stability. PEOU and PU significantly positively affected users’ intention
to use technology for both variables.

Conclusions: This study draws attention to 2 research frameworks that address unequal access to health technologies. It also
adds empirical evidence to telehealth research on the adoption of patient technology. Finally, regarding practical implications,
this study will provide government agencies, health care organizations, and health care companies with a better perspective of
patients’ digital health use. This will further guide them in designing better technology by considering factors such as social
determinants of health.

(JMIR Hum Factors 2023;10:e47982) doi: 10.2196/47982
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Introduction

Background
The COVID-19 pandemic has become a global health
emergency, leading to several catastrophic events, leaving
thousands dead, millions susceptible, economies disrupted,
factories shunted, and cities under lockdown [1,2]. Although
the crisis presented the US health care delivery system with
unprecedented challenges, it also catalyzed the rapid adoption
of digital health tools [3]. Health care organizations rapidly
adopted alternative modes of health care delivery, such as
telehealth, to help minimize the spread of COVID-19 [4].
Telehealth is considered an effective alternative for providing
health care services without the need for close contact and the
risk of exposure for patients and clinicians [5,6]. Furthermore,
these technologies can potentially increase real-time data sharing
and collaboration between health care providers and patients
[7].

Telehealth is being leveraged with enormous speed and scale,
turning into the forward front line of the battle against the
pandemic. The emerging literature on the role of telehealth in
response to COVID-19 has focused on the health informatics
infrastructure and primary care visits [8-10]. However, some
barriers prevent telehealth from being widely adopted; these
include limited reimbursement, lack of financial stability, lack
of education on how to access health care information through
the internet, and lack of comfort with telehealth technologies
(video chat or webcam and mobile phone) [9,11,12]. Previous
literature highlights that patients from underserved populations
are mostly affected by these barriers [11,13]. Social determinant
factors, such as socioeconomic determinants, education level,
insurance status, access to technology, and race impact the
acceptance and adoption of health technologies [7,14-16].
Although research on health care systems has been actively
exploring social determinants in clinical settings, there is limited
research on how these determinants may impact patients’
acceptance of telehealth.

Adopting information technologies has immediate and long-term
advantages such as improved productivity, streamlined
processes, cost-effectiveness, time efficiency, and improved
communication [17]. These benefits of technology adoption
have motivated researchers to learn more about the acceptance
of innovative technologies by people from various backgrounds.
However, only a limited number of studies have explored
acceptance of telehealth technology. Numerous conceptual
frameworks have been proposed to evaluate acceptance and
behaviors related to the adoption of technology [18]. The most
renowned among these is the technology acceptance model
(TAM), introduced in 1989 [18,19]. Over the years, it has been
widely applied and tested across a diverse range of information
and communication technologies, including health care. TAM
is one of the most widely used research frameworks to predict
an individual’s intention to use (IU) technology, assess a
particular behavior, and assess overall acceptance [20].

Guided by the social determinants of the health framework and
TAM, this study aims to investigate how social determinants
predict patients’ adoption of telehealth in the context of the

COVID-19 pandemic. Specifically, this study seeks to answer
the following questions: (1) do social determinants of health
(SDOH) predict patients’ acceptance of telehealth? If so, (2)
how do different social factors lead to barriers to the adoption
of telehealth? and (3) does being infected with COVID-19
facilitate the acceptance of telehealth? This study intends to
highlight areas within this field that may need assessment,
improvement, and complete development and, in turn, improve
standards and quality of patient care.

Literature Review
This study uses the TAM to assess how SDOH influence the
acceptance and adoption of telehealth during the COVID-19
pandemic. The literature review section outlines 3 main
concepts: models of technology acceptance, SDOH (economic
stability, access to education, access to health care,
neighborhood and built environment, and social and community
context), and how COVID-19 facilitated the adoption of
telehealth.

The History and Use of TAM
The concept of technology adoption became popular in the
1980s. It is imperative to establish accurate metrics for studying
the attitudinal elements that mediate the link between
information systems’characteristics and their use. A theoretical
model, such as the theory of reasoned action (TRA), has been
used to assess technology use, acceptance, and adoption during
that period [18]. The TRA was developed in 1967 by Martin
Fishbein and Icek Ajzen [18] and is used to explain the
relationship between attitudes and behaviors in human action.
On the basis of the TRA, Fred D Davis developed the TAM
[19]. The TAM depicts the acceptance and adoption of
technology based on 3 users’ perceptions related to the use of
technology. The first one is the perceived usefulness (PU) of
technology, which is defined as “an individual’s perception of
the extent to which the use of a given technology improves
performance.” The second belief is perceived ease of use
(PEOU), which is defined as “the degree to which a person
believes that using a particular system is free of effort” [20].
The third belief is the IU, defined as “an individual’s intention
or willingness to adopt and use technology” [20].

There are many variants of TAM, such as the original TAM,
TAM2, and TAM3 [19]. TAM2 was developed to focus more
on factors impacting PU, whereas TAM3 was designed to focus
more on factors predicting PEOU [21]. We aimed to investigate
the impacts of social determinants as external variables in the
context of COVID-19. Therefore, we selected the original TAM
as our framework because of its proven effectiveness in
accurately predicting outcomes across a range of contexts.
TAM2 and TAM3 introduced additional variables that are not
necessary for our research [20].

SDOH as External Variables of Technology Acceptance
The US Department of Health and Human Services defines
SDOH as “the conditions in the environments where people are
born, live, learn, work, play, worship, and age that affects a
wide range of health, functioning, and quality-of-life outcomes
and risks [22].” There are 5 main categories of SDOH: (1)
economic stability, (2) access to education, (3) access to health
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care, (4) neighborhood and built environment, and (5) social
and community context. These categories impact an individual’s
and the community’s health status. Disparities in any category
affect a measure called socioeconomic status (SES) [23].
Previous literature suggests that the lower the SES score, the
poorer the health care outcomes, which would further lead to
decreased life expectancy [19,24,25].

The first category, economic stability, includes subcategories
such as employment, food security, and housing stability. The
second category, education, primarily includes literacy levels
and levels of education (lower than high school, middle or high
school, college, and university graduates). Evidence suggests
that higher levels of education correlate with increased life
expectancy, largely because of enhanced access to health care
services [25]. Low health literacy makes it difficult for patients
to understand medical advice. Therefore, health care staff must
provide medical information, keeping patients’ literacy and
education levels in mind. Research also indicates that patients
with health insurance are more likely to use health care services
than patients without health insurance [26]. The fourth category,
neighborhood and built environment, includes housing
conditions, crime rates in the area, transportation, access to
healthy food, and the quality of air and water. People living in
deprived areas are more prone to stress than those living in
better areas. The fifth category, social and community context,
concerns where a person lives, learns, and works. The US
Substance Abuse and Mental Health Services Administration
emphasizes that access to technology and information plays a
crucial role in making informed and health-conscious choices;
therefore, technology should be regarded as a primary social
determinant [27].

In addition, previous studies indicate that technological factors
must be included as primary SDOH [28,29]. In our study, we
have therefore included a sixth category, “technological factors,”
because of the increased use of telehealth platforms during the
COVID-19 pandemic. It could be argued that matters related
to technology, ranging from availability to credibility, have
significantly transformed communities nationwide throughout
the pandemic, particularly affecting senior citizens and minority

groups from underserved populations [30]. All of the above
categories were connected and played an essential role in
understanding health care access during the COVID-19
pandemic.

Health disparities are a long-standing issue in the US owing to
the complex intersection of race, poverty, education quality and
access, and the urban and rural divide [30]. Owing to the lack
of access to services such as telehealth, the PEOU, PU, and IU
technology among underserved populations are significantly
less [30]. On the basis of the SDOH and the original TAM
framework, we propose the following hypothesis:

• Hypothesis 1: SDOH factors, including economic stability,
access to education, access to health care, neighborhood
and built environment, and social and community context,
will predict users’ PEOU, PU, and IU telehealth.

COVID-19 as a Facilitating Condition of Telehealth
Adoption
TAM also includes the effects of moderators. Research on the
moderator effect began with the study by Adams et al [31] as
early as the 1990s. TAM moderators are important because they
provide a deeper understanding of the factors that influence
individuals’ acceptance and use of technology [31,32]. TAM
moderators enhance a model’s explanatory power by considering
various contextual and individual factors that can influence the
relationships within the model. Many studies have confirmed
the significant influence of moderating factors in existing models
of user technology acceptance [31,33]. Some moderators, such
as experience, voluntariness, gender, and age, have been outlined
in previous studies [33]. In this study, we sought to investigate
the role of COVID-19 as both a predictor and moderator.
Therefore, we propose 2 more hypotheses and a conceptual
model outlining the relationships among all the variables (Figure
1):

• Hypothesis 2: having had COVID-19 before will predict
their PEOU, PU, and IU related to telehealth.

• Hypothesis 3: having had COVID-19 before moderates the
relationship between SDOH and PEOU, PU, and IU related
to telehealth.

Figure 1. Conceptual model. IU: intention of use; PEOU: perceived ease of use; PU: perceived usefulness; SDOH: social determinants of health.
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Methods

Participants
To test the study’s hypotheses, 215 participants were recruited
through Amazon Mechanical Turk (MTurk) in May 2022 [34].
The survey was designed to be open and voluntary in nature.
MTurk is a web-based crowdsourcing website owned and
operated by Amazon. The platform allows participants to
complete tasks for a small payment. Since 2010, numerous
researchers have explored the viability of MTurk in recruiting
participants for experiments [35-37]. The findings show that
participants in MTurk are more demographically diverse than
those in other web-based samples. Data for this study were
collected from March 2022 to June 2022. Individuals >18 years
of age were included in this study. Vulnerable groups such as
children, pregnant women, individuals in nursing homes, and
hospitalized individuals were excluded from this study. A total
of 10 participants were excluded from the study because of
missing data. Upon data cleaning, the sample size was reduced
to 205 participants. All participants received compensation of
US $1.

Ethics Approval and Informed Consent
The institutional review board of the University of Pittsburgh
approved this study (ID: STUDY21100192). We received a
waiver for informed consent, as this study had no more than
minimal risk. All information collected as part of the survey
was stored in a secure password-protected device at the
University of Pittsburgh. Only the research team (authors) had
access to survey data.

Survey Instrument
The web-based survey was conducted in accordance with the
CHERRIES (Checklist for Reporting Results of Internet
E-Surveys) checklist (Multimedia Appendix 1). The survey
questionnaire comprised 4 sections: (1) SDOH, (2) telehealth
and COVID-19, (3) TAM, and (4) demographics. All questions
were obtained from validated questionnaires from previous
research studies. The first part pertained to SDOH and was
adopted from the study by Gold et al [38]. This section consists
of 24 questions covering the following domains: economic
stability, health care, education, neighborhood and build
environment, social factors, and technological factors.

The second part consisted of 25 telehealth and
COVID-19–related questions. The survey questions focused on
whether participants had confirmed COVID-19 (tested positive)
and their experiences of using telehealth services in general.
The questionnaire items were averaged to obtain an overall scale
score of 1 to 7. We included standard validated questions about
the quality of services from the study by Imlach et al [39], with
minor modifications.

The third section consisted of TAM-related questions adopted
from the study by Kamal et al [33]. This section consisted of
22 questions. The questions in this section focused on 3 primary
TAM constructs: PEOU, PU, and IU. Each construct included
2 or 3 dimensions. PEOU included questions related to telehealth
and how the user interacts with the system (eg, interacting with
telemedicine systems would be clear and understandable for

me). PU included the usefulness of health care, the usefulness
of access to health care, and the usefulness of daily routine (eg,
using telemedicine would improve the quality of my health
care). IU included more behavioral questions (eg, assuming that
I was given a chance to access telemedicine, I intend to use
telemedicine services). The response categories ranged from 1
(strongly disagree) to 7 (strongly agree). Analyzing these data
through the lens of the TAM can provide insights into the factors
affecting users’acceptance of telehealth services. These insights
can guide the improvement of telehealth platforms, user training,
and communication strategies to enhance the adoption rates and
overall user satisfaction.

The last section included 10 demographic questions on age,
gender, ethnicity, education level, monthly income, and the
presence of chronic conditions. The order of the sections
presented in the questionnaire was SDOH, telehealth and
COVID-19, technology acceptance variables, demographics,
and control variables.

Statistical Analysis
A total of 3 main analytical techniques were used in this study:
descriptive analysis, ordinary least squares regression, and
PROCESS moderation-mediation analysis. Data cleaning was
conducted before data analysis, including consistency checks
and the treatment of missing responses. Consistency checks are
used to identify data that are out of range, are logically
inconsistent, or have extreme values. Surveys with missing
responses were excluded from the data set. All analyses were
performed using SPSS Statistics (version 29; IBM Corp) [40].

Descriptive Analysis
The first part of the data analysis used descriptive statistical
analysis of variables by producing frequencies, means, ranges,
and SDs to describe the sociodemographic details, whereas the
clinical characteristics of patients were calculated for the
usability and telehealth sections of the questionnaire.

Descriptive Analysis of TAM Variables
TAM items were calculated and averaged based on the responses
of 205 participants. Participants reported means on a scale from
1 (strongly disagree) to 7 (strongly agree) when they were asked
about PEOU, PU, and IU telehealth services.

Ordinary Least Squares Regression
The second part includes regressions to test the main effects of
the SDOH and COVID-19. The analysis shows the standardized
β (with 95% CIs) of TAM variables.

PROCESS Moderated-Mediation Analysis
The third part used Hayes’ [41] PROCESS
moderation-mediation analysis to determine the interaction and
indirect effects. This study used the PROCESS model 85 with
5000 bootstrap samples and a 95% CI to test the proposed
model.
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Results

Descriptive Analysis
Table 1 summarizes the demographic characteristics of the
participants. Approximately 55.1% (113/205) of the total
participants were male. The age of respondents varied from 20
to 60 years, with a maximum frequency of respondents observed
in the age groups of 30 and 40 years (85/205, 41.4%). The
academic qualification of participants was observed primarily
in the university category (129/205, 62.9%), followed by the
postgraduate category (59/205, 28.7%). Approximately 94.6%
(194/205) of the respondents had access to the internet, and
88.7% (181/205) had health insurance. Approximately 44.8%
(92/205) of the respondents reported having tested positive for
COVID-19. Among the respondents, 65.8% (135/205) used

telehealth services. The population consisted of the following
ethnic backgrounds: 85.3% (175/205) White; 5.8% (12/205)
African American; 2.4% (5/205) Asian; 3.4% (7/205) Spanish,
Hispanic, or Latino; and 1.9% (4/205) other. To assess the
income and economic status of the participants, we asked them
whether they were worried about losing their housing; 51.2%
(105/205) of them reported being worried. In addition, we asked
them whether they were unable to obtain utilities (heat,
electricity, water, etc) when needed; 39% (80/205) of the
participants were unable to do so. The study sample
characteristics were in line with those found in other studies
that examined MTurk demographic characteristics [42]. A
specific study conducted on MTurk found that most respondents
had an average age <50 years, were primarily White
(approximately 75%), highly educated (attended university),
and were currently employed (approximately 75%) [37].
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Table 1. The demographic characteristics of the participants (N=205).

Frequency, n (%)Variable

Sex

113 (55.1)Male

87 (42.4)Female

5 (2.4)Unknown

Age (years)

1 (0.4)<20

41 (20.0)20-30

85 (41.4)30-40

45 (21.9)40-50

19 (9.2)50-60

8 (3.9)>60

6 (2.9)Unknown

Qualification

17 (8.2)High school or general educational development

129 (62.9)University

59 (28.7)Postgraduation

0 (0.0)Less than high school

Do you have any access to internet facilities?

194 (94.6)Yes

11 (5.3)No

Do you have a health insurance?

181 (88.7)Yes

23 (11.2)No

1 (0.4)Unknown

Have you ever been diagnosed with COVID-19?

92 (44.8)Yes

112 (54.6)No

1 (0.4)Unknown

Which of the following best describes your racial or ethnic background?

175 (85.3)White

12 (5.8)Black or African American

2 (0.8)American Indian or Alaska Native

5 (2.4)Asian

7 (3.4)Spanish, Hispanic, or Latino

4 (1.9)Other

Did you use any specific telehealth apps or websites to get in touch with a physician virtually?

135 (65.8)Yes

70 (34.1)No

Are you worried about losing your housing?

105 (51.2)Yes

100 (48.7)No

Within the past 12 months, have you been unable to get utilities (heat, electricity, water, etc) when it was really needed?
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Frequency, n (%)Variable

80 (39.0)Yes

125 (60.1)No

Descriptive Analysis of TAM Variables
Table 2 presents the descriptive statistics of the theoretical
variables. The results showed that most respondents reported
high scores on all 3 TAM variables (ranging from 4.73 to 5.14

out of 7), and the means of IU were the highest. Overall, these
statistics suggest that the individuals who participated in the
study had a moderately high perception of ease of use and
usefulness of the technology, and a strong intention to use it in
the future.

Table 2. Descriptive Analysis of technology acceptance model variables.

ExampleValues, mean (SD)Response categoriesConstruct (numbers of items; Cronbach α)

Learning to use telemedicine would not be very
difficult for me.

4.730 (1.140)From 1 to 7, 1=strongly
disagree

Perceived ease of use (2; .517)

Using telemedicine would improve the quality of
my health care.

5.053 (1.23)From 1 to 7, 1=strongly
disagree

Perceived usefulness (3; .695)

Whenever I would need remote medical care from
professionals, I would gladly use telemedicine ser-
vices.

5.14 (1.06)From 1 to 7, 1=strongly
disagree

Intention to use (3; .613)

Ordinary Least Squares Regression
Table 3 displays TAM variables’ standardized β (with 95%
CIs). This table presents the results of a series of ordinary least
squares regression analyses with PEOU, PU, and IU as the
dependent variables. The model includes 7 independent
variables: 6 variables are social determinants (ie, economic
stability, health care, education, neighborhood and built
environment, social factors, and technological factors), and 1
variable is whether respondents have had COVID-19.

For PEOU, the results show that neighborhood and built
environment are statistically significant (P=.01), whereas
economic stability is marginally significant (P=.05). Other
independent variables, including access to health care, education,
social factors, and technological factors, were not statistically
significant. Overall, these results suggest that neighborhood
and built environment have the strongest positive impact on
PEOU, whereas economic stability and COVID-19 are
associated with higher PEOU. However, health, education,
social, and technological factors did not appear to have a
significant impact on PEOU.

For PU, the results show that the respondents’ access to health
care and COVID-19 were statistically significant (P=.007 and
P=.04, respectively), whereas the other independent variables
were not statistically significant. The strongest predictor of PU
is access to health care, with a β value of .193, indicating that
a 1-SD increase in access to health care is associated with a
0.193 SD increase in PU. Similarly, COVID-19 was associated
with higher PU scores. Overall, these results suggest that
health-related factors and COVID-19 have a positive impact on
PU, whereas economic stability, education, neighborhood and
built environment, social factors, and technological factors do
not appear to have a significant impact on PU. Regarding IU,
the results show that none of the independent variables are
statistically significant at the conventional significance level of
.05.

Therefore, these results show that better access to health care
services (including access to health insurance), safe
neighborhoods, living conditions, and a stable economic status
are all good predictors of PEOU and PU related to telehealth
services. There was no significant difference in IU telehealth
services.

Table 3. Ordinary least squares regression modeling of the impact of social determinants of health on the adoption of telehealth shows the standardized
β of technology acceptance model variables (N=205).

COVID-19Technological factorsSocial fac-
tors

Neighborhood and built
environment

EducationAccess to
health care

Economic sta-
bility

Technology accep-
tance model param-
eters

0.103a−0.042−0.0010.191b−0.0490.1030.140aPerceived ease of
use

0.150−0.057−0.0180.053−0.0530.193b0.093Perceived useful-
ness

0.07−0.1200.014−0.0620.020.043−0.02Intention to use

aP<.05.
bP<.01.
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PROCESS Moderated-Mediation Analysis
Economic stability, and neighborhood and built environment
are 2 predictors of PEOU. We ran 2 moderated mediation
analyses using them as predictors. In both analyses, COVID-19
was the moderator, IU was the dependent variable, and PEOU
and PU were the mediators (Figure 1).

Table S4 in Multimedia Appendix 2 shows the moderated
mediation model for economic stability. For the PEOU variable,
the independent variable “environment” (neighborhood and
built environment) had a significant positive effect (β=.2361;
P=.02) on the mediator variable. No other independent variables
had a significant effect on the mediator variables. For the PU
variable, the independent variables “economic stability”
(β=.8074; P=.01) and “access to health care” (β=.6001; P=.007)
had significant positive effects. No other independent variables
had a significant effect on the outcome variables.

For the IU variable, the independent variables “PEOU” (β=.131;
P=.02) and “PU” (β=.5707; P<.001) had significant positive
effects, whereas “economic stability,” “COV,” “access to health
care,” “education,” “social factors,” and “technological factors”
did not have a significant effect on the dependent variable. This
table suggests that the PEOU of technology is positively
associated with its PU, which, in turn, is positively associated
with users’ IU telehealth. Moreover, economic stability,
COVID-19, access to health care, and PEOU have significant
positive effects on PU. PEOU and PU have significant positive
effects on users’ intentions to use technology.

Table S5 in Multimedia Appendix 3 shows the direct and
indirect effects, and the difference between the conditional
indirect effects in the proposed model. On the basis of the
moderated mediation model results, there is an unconditional
interaction effect of COVID-19 and economic stability on PU.
The conditional effects showed that the interaction effects of
COVID-19 and economic stability were significant among those
who did not have COVID-19, but perceived the usefulness of
telehealth. The unconditional interaction effect of COVID-19
and economic stability was not significant for PEOU and IU.

This moderated mediation path analysis also revealed 2 indirect
effects of COVID-19 on IU. One was related to those who did
not have COVID-19, whereas the other was related to those
who had COVID-19. For those who did not have COVID-19
(COV=0), only economic stability had an indirect effect on IU
through PEOU. For those with COVID-19 (COV=1), economic
stability had an indirect effect on IU through both PEOU and
PU. This finding indicates that the indirect effects of economic
stability on IU were moderated by COVID-19, resulting in 2
different mediation relationships between people who have had
COVID-19 and those who have not.

The second mediation-moderation analysis uses the variable
neighborhood and built environment as predictors to test the
direct and indirect effects and the difference between conditional
indirect effects in the proposed model (see Tables S6 and S7 in
Multimedia Appendices 4 and 5, respectively). First, the
predictors (neighborhood and built environment) had a
significant positive effect on PEOU (β=.3069; P=.03), indicating
that a better neighborhood and built environment leads to an
increased perception of ease of use. Similarly, in the PU model,
PEOU (β=.4232; P<.001) and access to health care (β=.5373;
P=.01) were significant predictors of PU. Finally, in the IU
model, PEOU (β=.1252; P=.03) and PU (β=.5793; P<.001)
were significant predictors of IU telehealth services.

Regarding the interaction effects, there was an unconditional
interaction effect of COVID-19 and the neighborhood and built
environment on PU. The conditional effects showed that the
interaction effects of COVID-19 and neighborhood and built
environment were significant among those who had COVID-19.
For PEOU and IU, the unconditional interaction effect of
COVID-19 with neighborhood and built environment was not
significant. The moderated mediation path analysis also revealed
an indirect effect of COVID-19 on IU through both PEOU and
PU, which showed that the environment could impact people’s
IU telehealth services directly but also indirectly through PEOU
and usefulness. Figure 2 shows the revised conceptual model.

Figure 2. Revised conceptual model. IU: intention of use; PEOU: perceived ease of use; PU: perceived usefulness; SDOH: social determinants of
health.
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Discussion

Summary of Key Findings
A total of 3 hypotheses are proposed in this study. The first
hypothesis was that the SDOH predict telehealth’s PEOU,
usefulness, and IU. The findings of the study suggest that 2 out
of the 6 SDOH factors, namely economic stability, and
neighborhood and built environment, were strong predictors of
telehealth PU. Therefore, the first hypothesis is partially
supported. Our findings are in line with the results found in the
study by Chang et al [43], who show that SES or economic
stability plays a crucial role in telehealth adoption. The study
also emphasizes neighborhood and built environments, stating
that unsafe neighborhoods make the population more susceptible
to disasters and diseases, leading to a digital divide that shapes
their inability to take full advantage of their telehealth
capabilities [44].

The second hypothesis investigated whether COVID-19 is a
predictor of telehealth, PEOU, PU, and IU. Our findings indicate
that people diagnosed with COVID-19 were more likely to
report a higher IU telehealth, which partially supports the second
hypothesis. A possible explanation for this result is that the
pandemic has increased the use of telehealth services in the
country. Before the COVID-19 pandemic, telehealth was
primarily used to address the lack of appropriate health care
services in low-resource and rural settings [43]. With the surge
in the number of COVID-19 cases worldwide, there has also
been an advancement in technology that enables real-time care.
With this rapid change in care delivery, most previous telehealth
obstacles have almost disappeared. Telehealth was therefore
adopted very quickly by hospitals, making health care more
accessible to all in times of social distancing and other
virus-related concerns. A total of 1 study revealed that patients
largely appreciated and adopted telehealth as they did not have
to leave their houses and fear the risk of infection [38].

The last hypothesis tested whether COVID-19 moderates the
relationship between SDOH and telehealth. The results suggest
an interaction effect of COVID-19 and SDOH factors (economic
stability, and neighborhood and built environment) on the IU
telehealth.

The study also tested the potential moderating role of COVID-19
on telehealth adoption (through TAM variables). The results
suggest a conditional interaction effect of COVID-19 and
telehealth on the intention to use it. In particular, COVID-19
led to PEOU and PU among those who used telehealth services
during the pandemic. There were also 2 paths of conditional
indirect effects on COVID-19, leading to IU through PEOU
and PU. This finding suggests a moderated mediation
relationship between COVID-19 and TAM variables. One
explanation is that individuals who were not affected by
COVID-19 possibly wanted to avoid hospitalization and,
therefore, intended to use telehealth services. At the same time,
those infected with COVID-19 perceived telehealth’s usefulness
and intended to use it.

Comparison With Existing Research
There is scant literature available on SDOH and their effects
on telehealth adoption. Most of the available studies highlight
the influence of factors such as race, ethnicity, and access to
health care on the adoption of telehealth services [45-47].
Available evidence on ethnicity and race suggests that the
majority of COVID-19 cases are recorded among racial minority
groups [48]. For instance, even developed countries such as the
United Kingdom and the US saw a high number of COVID-19
cases from racial minority groups [49]. The disproportion in
the number of cases results from the health disparities and
inequities experienced by minority communities. Recently,
investigators have examined the effects of lower SES on health
disparities; the findings identify and highlight that median
household income is associated with a patient’s participation
in telehealth.

A telehealth video-visit study was conducted by researchers at
the Medical College of Wisconsin [48]. This study included
137,846 video visits involving 75,947 patients. The
sociodemographic results of the study show that there were 81%
White, 14% African American, 2% Asian, and less than 1%
Alaska Native or American Indian. Approximately 23% of the
study population were aged ≥65 years. Researchers primarily
studied whether calls were successfully completed, and analyzed
the reasons behind the drop-offs. Approximately 90% of the
calls were successful in this study, whereas approximately 10%
were unsuccessful. Upon further analysis, the researchers found
that people with higher annual incomes were more likely to see
successful visits. Some reasons were found to be that minority
populations face broadband and technological obstacles. The
study found that other sociodemographic factors, such as
technology literacy and educational attainment, could largely
influence the success of telehealth video visits.

Country- and state-wide lockdowns left families in isolation,
during which they had to rely on internet searches and other
digital means to obtain information about the COVID-19
pandemic [49]. Early studies indicate that although the internet
provides a lot of information, people do not correctly use these
resources [50,51]. In addition, these studies demonstrated that
individuals with greater health literacy were able to differentiate
between correct and incorrect COVID-19–related information.
Several papers show that the educational level of an individual
and digital literacy play a vital role in the adoption of telehealth
services, in contrast to the results of this study [27,51,52]. In
particular, racial minorities, older adults, and people with lower
educational levels are not likely to engage in web-based patient
portals despite having a stable internet connection [53-55].
Another interesting study compared whether an individual’s
educational level or SES had a significant influence on telehealth
use and adoption. The study found that a patient’s SES had a
greater influence on telehealth adoption than educational or
literacy levels.

Researchers have also studied other social determinant factors
such as the presence or absence of health insurance and its
influence on technology adoption [56]. A majority of these
studies show that patients with health insurance are more likely
to engage in virtual visits irrespective of their SES [56,57]. Of
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all the SDOH, limited literature is available on the influence of
an individual’s neighborhood and built environment and its
influence on technology adoption. The results of this study show
that an individual’s neighborhood and built environment can
influence telehealth adoption. However, more research is needed
to completely understand the influence of SDOH on technology
adoption.

Research Implications, Limitations, and Future
Directions
This pilot study shows that the SDOH influence technology
adoption, especially in the context of the COVID-19 pandemic.
The PEOU, PU, and IU telehealth among the general population
were found to be high, and acceptance rates were much higher
now than ever before. Further examining the data, we found
that economic stability, access to health care, safe
neighborhoods, and built environments play a vital role in
adopting new technology, especially among underserved
populations.

National and state governments must invest in educating people
about health literacy in general and digital health literacy. The
use and adoption of telehealth services were less common before
the COVID-19 pandemic. Although the pandemic has increased
the use of telehealth services, it is still bound by long-standing
rules and regulations. Governments play a vital role in advancing
the scope and impact of telehealth services. Therefore, robust
policies and regulations must make these services more
accessible to individuals from all backgrounds. Regarding
theoretical contributions, this study connects 2 research
frameworks to address unequal access to health technology.
This study also adds empirical evidence to the telehealth
research on patient adoption. Regarding practical implications,
this study will give government agencies and health care
organizations a better perspective on patients’digital health use.

This study had several limitations. First, although factors
associated with telehealth acceptance were included in this
study, the actual behaviors of adopting telehealth were not
analyzed. Second, our cross-sectional data could only provide
a snapshot of participants’ responses at a particular point in

time, highlighting the need for future longitudinal studies in the
context of telehealth adoption. Third, this study did not consider
other SDOH factors that may influence telehealth acceptance.
Future studies should aim to incorporate these determinants to
provide a more comprehensive understanding of barriers and
facilitators to telehealth adoption. Fourth, although our pilot
study leveraged MTurk for swift, cost-effective data collection,
this might have led to sampling bias. We acknowledge the
importance of a broader demographic representation and will
pursue various recruitment strategies in future research. In
addition, as this study focused solely on the US population, its
findings may not be applicable to countries with distinct medical
systems. Future studies should encompass more diverse
international samples to enhance the findings’ applicability and
generalizability of the findings.

Considering the broader picture, although there was an increase
in the use of health technology during the COVID-19 pandemic,
some studies have shown that people’s awareness of
cybersecurity and data privacy also played an important role in
adoption [58,59]. This study does not assess whether
cybersecurity issues and data privacy are barriers to telehealth
adoption. Future research should focus on incorporating these
variables.

Conclusions
We observed that disparities in the SDOH were an important
indicator of telehealth adoption during the COVID-19 pandemic.
Factors that influence adoption include gender, race, SES, level
of education, and insurance type. Few studies have investigated
the SDOH and telehealth adoption. Future studies should focus
on the underlying factors of telehealth acceptance and use. This
study adds to the literature that access to health care services,
economic stability, neighborhood and built environment, and
COVID-19 are primarily responsible for telehealth adoption
among individuals. With the ever-increasing demand and
implementation of telehealth services, governments and health
care organizations across the globe must design better strategies
to address barriers of technology adoption, especially among
underserved populations.
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