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Abstract
Background: Consumer use of mobile devices as health service delivery aids (mHealth) is growing, especially as smartphones
become ubiquitous. However, questions remain as to how consumer traits, health perceptions, situational characteristics, and
demographics may affect consumer mHealth usage intentions, assimilation, and channel preferences.
Objective: We examine how consumers’ personal innovativeness toward mobile services (PIMS), perceived health conditions,
health care availability, health care utilization, demographics, and socioeconomic status affect their (1) mHealth usage intentions
and extent of mHealth assimilation, and (2) preference for mHealth as a complement or substitute for in-person doctor visits.
Methods: Leveraging constructs from research in technology acceptance, technology assimilation, consumer behavior, and
health informatics, we developed a cross-sectional online survey to study determinants of consumers’ mHealth usage intentions,
assimilation, and channel preferences. Data were collected from 1132 nationally representative US consumers and analyzed by
using moderated multivariate regressions and ANOVA.
Results: The results indicate that (1) 430 of 1132 consumers in our sample (37.99%) have started using mHealth, (2) a larger
quantity of consumers are favorable to using mHealth as a complement to in-person doctor visits (758/1132, 66.96%) than as a
substitute (532/1132, 47.00%), and (3) consumers’ PIMS and perceived health conditions have significant positive direct influences
on mHealth usage intentions, assimilation, and channel preferences, and significant positive interactive influences on assimilation
and channel preferences. The independent variables within the moderated regressions collectively explained 59.70% variance in
mHealth usage intentions, 60.41% in mHealth assimilation, 34.29% in preference for complementary use of mHealth, and 45.30%
in preference for substitutive use of mHealth. In a follow-up ANOVA examination, we found that those who were more favorable
toward using mHealth as a substitute for in-person doctor visits than as a complement indicated stronger intentions to use mHealth
(F1,702=20.14, P<.001) and stronger assimilation of mHealth (F1,702=41.866, P<.001).
Conclusions: Multiple predictors are shown to have significant associations with mHealth usage intentions, assimilation, and
channel preferences. We suggest that future initiatives to promote mHealth should shift targeting of consumers from coarse
demographics to nuanced considerations of individual dispositions toward mobile service innovations, complementary or
substitutive channel use preferences, perceived health conditions, health services availability and utilization, demographics, and
socioeconomic characteristics.
(J Med Internet Res 2013;15(8):e149) doi: 10.2196/jmir.2635
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Introduction
Background
Mobile health (mHealth) is defined as, “using wireless mobile
communication technology to aid health services delivery” [1].
According to a recent health care market research study, 31%
of US adults have used their mobile phones for accessing health
information [2]. In addition, 19% of US adults who own a
smartphone have at least 1 health application on their phone,
with exercise, diet, and weight apps among the most popular
[2]. Approximately half of the patients surveyed in a recent
mHealth opinion survey believed that mHealth could increase
their control over their health care, provide more convenient
access to needed health information, and ultimately improve
their health care costs and quality [3]. Such results are not
surprising because mHealth can provide many benefits,
including portable access to continuous streams of information
and powerful interactive functionality driven by devices that
often support a wide array of health applications [4]. However,
questions remain as to what determines whether consumers will
use and assimilate mHealth and whether or not channel
preferences will play a significant role.
The introduction of mHealth represents a drastic shift in focus
from traditional medical informatics based on industrial age
concepts (eg, provider driven) to consumer health informatics
based on the ubiquity of information and interconnected mobile
computing infrastructure [5]. In practice, mHealth is often used
for transmitting electronic medical records between medical
staff and patients [6], monitoring patients remotely [6,7], sending
electronic alerts for disease control [8], and providing useful
applications, information, and functionality to health consumers
[2]. The general category of mHealth innovations considered
in this paper are typically used by consumers for activities
relating to obtaining health advice (eg, the WebMD mobile app
[9]), promoting compliance and adherence to medical treatments
(eg, the iPharmacy Pill ID & Rx Reminder app [10]), staying
connected with health care provider(s) (eg, the Mayo Clinic
Patient app [11] and the eClinicalMobile app [12]), personal
health management (eg, the GoMeals app [13], the Livestrong
app [14], and the WellDoc app [15]), and chronic disease
management (eg, the Glucose Buddy app [16] for diabetics).
Research in the mHealth context has demonstrated that intrinsic
motivations facilitate mHealth adoption whereas perceived risks,
such as perceived privacy risks and perceived psychological
risks associated with making choices that may be regretted later,
can inhibit mHealth adoption [17]. Perceptions and attitudes
toward mHealth have been shown to positively affect an
individual’s intention to use these types of services [18]. It has
been suggested that the digital revolution brought by mobile
and other technology has enriched doctor-patient
communications [19]. Use of gamification in mHealth has
recently been shown to increase glucose monitoring in diabetic

http://www.jmir.org/2013/8/e149/

XSL• FO
RenderX

adolescents [20]. Studies have also examined mHealth trends
and associated risks [21,22], the impact of mHealth interventions
on outcomes in specific clinical areas (eg, smoking cessation
[4], HIV [23], and diabetes [24]), economic implications of
mHealth usage (eg, [25]), and the use of mHealth to broaden
access to health care in developing countries (eg, [26,27]).
Although expectations of the transformative (and disruptive)
potential of mHealth are enormous and research is expanding
in this area, little is known about how this digital health care
service channel is viewed by consumers, given a traditionally
hands-on provider-patient direct service channel. Given recent
calls for more consumer health informatics research, especially
in regards to consumer information seeking needs and behaviors
[28], mHealth [29], and our presently limited knowledge of how
consumers’ traits and health perceptions affect consumers’
mHealth usage intentions, assimilation, and channel preferences,
our study is motivated by the substantial research opportunities
in this interesting and emerging space. We specifically focus
on what determinants are associated with consumer mHealth
usage intentions, assimilation, and channel preferences.

Theoretical Foundation and Research Model
Past work on the individual adoption of information technology
(IT) has identified that consumer characteristics (eg,
socioeconomic characteristics [30]), individual differences (eg,
personal innovativeness [31,32]), and situational factors (eg,
access to and utilization of health care services [33,34])
significantly impact IT adoption preferences. A recent
systematic review of consumer health technology acceptance
studies pointed out that many studies have assessed the effects
of consumer traits (eg, age, income, education) on health
technology acceptance, but theoretically motivated constructs,
interaction effects (moderators), and health status variables have
not yet been fully considered in consumer health technology
acceptance studies [33]. Additionally, mHealth studies have not
yet jointly examined consumer traits, health perceptions, and
consumer preferences for mHealth as a substitute or complement
to in-person doctor office visits.
Drawing upon technology adoption [33,35], technology
assimilation [36,37], consumer behavior [38,39], and health
informatics literature (eg [33,40-42]), we seek to fill this gap
by focusing on determinants of consumer mHealth usage
intentions, assimilation, and channel preferences in the United
States. We aim to contribute to the health informatics and
mHealth literature by assessing the following: (1) predictors of
consumer mHealth usage intentions and assimilation, including
personal innovativeness toward mobile services (PIMS), health
care availability, health care utilization, socioeconomic status,
and demographics, (2) consumer preferences for mHealth as a
substitute or complement to in-person provider-patient
interactions, and (3) the direct and interactive (moderating)
effects of perceived health conditions (Figure 1).
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Figure 1. Research model.

Dependent Variables: Behavioral Intention to Use
mHealth and Extent of mHealth Assimilation
Based on the literature on technology acceptance [33,35] and
technology assimilation [36,37], we conceptualize 2 dependent
variables associated with consumers’ mHealth acceptance: (1)
mHealth usage intentions (ie, intention to use mHealth for
nonadopters and intention to continue using mHealth for
adopters) and, (2) mHealth assimilation (ie, combined, staged
measure ranging from extent of awareness to frequency of use).
Self-reported behavioral intention to use an information system
is a widely used dependent variable in technology acceptance
research (eg, [43]) and is designed to measure intention of initial
technology usage or continued usage (referred to collectively
as intention to use for the remainder of this paper). Technology
assimilation is often used as an indicator of the process of
learning and applying a technology through multiple stages,
ranging from very early stages of evaluation of options
(awareness) to later stages of extensive use in which the
technology has been incorporated into routines (frequent use)
[44] (referred to collectively as assimilation for the remainder
of this paper). The use of these 2 dependent variables in our
analyses is meant to explore commonalities and differences in
predictors between self-reported mHealth usage intentions and
self-reported mHealth assimilation.

Dependent Variables: mHealth Substitutive and
Complementary Use
Drawing from consumer behavior literature [38,39], we consider
2 dependent variables that reflect consumers’ mHealth channel
preferences: (1) substitutive use (ie, the willingness to use
mHealth as a replacement for in-person doctor visits) and, (2)
complementary use of mHealth (ie, the willingness to use
mHealth to augment in-person doctor visits). Consumer behavior
http://www.jmir.org/2013/8/e149/
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literature has suggested that offering alternative channels for
service consumption (eg, self-service technologies) affords
many conveniences and benefits to consumers [45,46]. However,
such conveniences and benefits may come at a cost of taking
the time to learn how to use the new channel, expending
additional individual effort perhaps not required when
interacting in-person, and concerns about overall service
performance given the new production and consumption medium
[47]. Given that health care has traditionally been conducted
via hands-on in-person interactions, an important consideration
is whether or not consumers will accept technology
intermediation. Therefore, we assess consumers’ willingness
to use mHealth as either a substitute or a complement to
in-person doctor visits, irrespective of whether or not they are
currently mHealth users.

Independent Variable: Personal Innovativeness
Toward Mobile Services
We draw on marketing and information systems research to
identify personal innovativeness toward mobile services (PIMS)
as a key individual difference for evaluating consumer adoption
of technology innovations. Based on prior work [31,48-50], we
define PIMS as the degree to which an individual is willing to
try out any new mobile technology service. We suggest that
PIMS is a proxy for personal innovativeness toward information
technology (PIIT) [31] in the context of mobile services. Prior
research on PIIT has suggested that individuals who are more
open to experiences with technology typically have stronger
technical self-efficacy (positive beliefs and abilities associated
with technical tasks, such as using a computer) [51,52]. Those
with higher PIIT are often associated with higher levels
technology use, such as Internet and e-commerce use [53-55].
Recent studies have found personal innovativeness to be also
a positive predictor in models assessing acceptance of mobile
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services [56,57]. Given that the delivery of health services on
mobile platforms is currently at the very early stages of
diffusion, it is likely that individuals with a predisposition for
seeking out the latest innovations are more likely to initially
adopt and use mHealth. Therefore, we extend the examination
of PIIT to the context of mHealth using the PIMS construct.

Independent Variables: Perceived Health Conditions
Health promotion and prevention research has widely
acknowledged that individual beliefs about health conditions
(eg, perceived healthiness and perceived vulnerability to chronic
disease) predict individuals’ health behaviors (see reviews by
[40,42]). We expect that consumers who feel healthier may be
more open to trying health innovations. We base this expectation
on evidence that those with lower perceived health may already
have strong preexisting relationships with service providers
(physicians and clinicians, in our case) and established
therapeutic routines that may result in resistance to alternative
service delivery and consumption options [46]. We also expect
that people who feel more vulnerable to chronic diseases (eg,
diabetes, heart disease, cancer, high blood pressure, and stroke)
will have stronger needs and motivations to use health
innovations. This expectation is based on evidence suggesting
that those who currently report using mHealth often do so to
mitigate negative long-term health consequences associated
with health risk factors such as high blood pressure, obesity,
inactivity, and high blood glucose levels [2].

Moderating Effects: Personal Innovativeness Toward
Mobile Services and Perceived Health Conditions
Prior research on technology acceptance has shown that PIIT
and compatibility with work style (CMP) typically have positive
interactive (PIIT*CMP) effects on technology usage intentions,
suggesting that higher PIIT combined with higher CMP has an
even greater positive impact on technology usage intentions
than PIIT alone (eg, [48]). Compatibility is typically viewed as
the degree of congruence between the innovation and the
adopter’s preferences, needs, past experience, and/or values
(eg, [58,59]). Drawing upon this literature, we propose the
perceived health condition of an individual as a proxy for CMP,
given that perceived health conditions often reflect health care
needs (eg, [60]). We expect PIMS and health conditions to have
both direct and indirect (moderating) effects. Specifically, we
propose that PIMS and perceived healthiness (PIMS*HLTH)
and PIMS and perceived vulnerability to chronic disease
(PIMS*VULN) will have significant interactive effects on
mHealth usage intentions, assimilation, and channel preferences.

Independent Variables: Health Care Availability and
Health Care Utilization
Consumers’ situational characteristics have been found to affect
their technology adoption preferences [33] and product attraction
and avoidance [61]. Specifically, access to health care and health
care utilization have been considered in prior studies as
important predictors and controls of technology adoption in the
consumer health context (eg, [41]). However, the direction of
the influence of these situational factors on consumers’
disposition to health care technologies and technology services
channels, such as mHealth, is unclear. Frequent usage of
http://www.jmir.org/2013/8/e149/
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in-person health services may imply that strong relationships
have been established with health providers and technology
intermediation may only be considered when patients are
dissatisfied with their providers (eg, [62]). However, a recent
study suggested the opposite and those who had strong
relationships with their providers were more likely to use
personal health records [63]. Therefore, we consider variation
in the following consumer-level situational characteristics
specific to health care availability and utilization: (1) distance
to health facilities (both primary care and specialty facilities)
as a proxy for health care access and, (2) whether or not the last
health checkup was recent as a proxy for recent routine health
care utilization.

Independent Variables: Socioeconomic Status and
Demographics
Although research results on the influence of socioeconomic
status (SES) and demographic variables on innovation adoption
are sometimes mixed (eg, [33]), in general, younger people [64],
people with higher levels of education [65,66], and people with
higher levels of income [65] are often found to be more
innovative toward technology, including mobile services.
However, mHealth also has the potential to be attractive to those
who do not have a computer and Internet connection at home,
but are still users of convenient mobile services (eg, [67,68]).
Therefore, we account for the influence of SES and demographic
characteristics on mHealth usage intentions, assimilation, and
channel preferences by considering age, gender, income, and
education in our research model.

Methods
Survey Design, Development, and Pretesting
Based on our research model, we designed a cross-sectional
survey to measure consumers’ mHealth usage intentions,
mHealth assimilation, and preference to use mHealth as a
complement or substitute to in-person doctor visits. In addition,
data regarding PIMS, health care availability, health care
utilization, health perceptions, SES, and demographics were
collected. Existing instruments were applied whenever possible.
All questions were adapted to the mHealth context. Extensive
pretesting was conducted before final administration of the
survey. We invited a total of 20 reviewers, including physicians,
technologists, researchers, and managers working in or very
familiar with the mHealth industry, to examine the survey
instrument in detail before pilot-testing the survey. Although
most of the expert feedback indicated that the questions were
clear and easy to understand, necessary revisions were made
according to their suggestions. After initial survey refinement,
we conducted an online pilot study with 134 consumers in the
United States to further assess the psychometric properties of
the measures. Further refinements were made to the survey
wording on the basis of pilot study results. A summary of final
survey items and measures is available in Multimedia Appendix
1.

Survey Sample, Recruitment, and Administration
To facilitate the data collection and administration process, we
recruited a market research company. We worked closely with
J Med Internet Res 2013 | vol. 15 | iss. 8 | e149 | p. 4
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this company to ensure that the sample was stratified to represent
the US population in terms of age, gender, education, and
income (following the US census) and that nonresponse bias
was minimized. Using the online panel from the market research
company, 8673 invitation emails were sent in 5 successive
waves during a 2-week data collection period. In an effort to
obtain a final sample that was nationally representative, we
systematically monitored the demographics of incoming
responses in each of the 5 waves and compared the means of
the aggregate demographics to US census distributions.
Oversampling was conducted in the subsequent waves for
underrepresented strata (including those in younger and
less-educated strata) to yield a final sample that was reasonably
representative of the US census.
Each participant was provided with a unique passcode to access
the online questionnaire. This design protected personal
information from unauthorized access and also prevented
duplicate responses from the same individual. Reminder emails
were sent to participants to encourage them to complete the
survey within the fieldwork period. The potential for
nonresponse bias was mitigated by placing an emphasis on
obtaining a nationally representative sample, following up with
nonresponders and requesting participation, and including key
demographic (age and gender) and socioeconomic (education
and income) variables in the final models. Institutional Review
Board (IRB) approval was obtained before survey
administration. All participants acknowledged informed consent
before taking the survey. Each participant took approximately
20 minutes to complete all 34 questions on the 17 screens of
the online survey.

Analysis
Measurement quality of the multi-item measures was assessed
through confirmatory factor analysis (CFA) and detailed
assessment of construct reliability and validity. The details of
the measurement quality analysis are available in the next
section and further detail is available in Multimedia Appendix
2. Final estimation for the primary models was completed using
hierarchical ordinary least squares (OLS) regressions with robust
standard error estimation. Several additional models and tests
(eg, 2-stage least square analyses, mediated models with the
demographic variables affecting the dependent variables through
PIMS as well as directly, models with additional interactions)

http://www.jmir.org/2013/8/e149/

XSL• FO
RenderX

Rai et al
were evaluated to examine the robustness of the OLS results.
The results stood up to the robustness checks. The OLS
estimations are reported for the primary results because of their
straightforward interpretation. Secondarily, we used ANOVA
to assess differences in mHealth usage intentions and mHealth
assimilation between respondents who preferred substitutive
use of mHealth more strongly than complementary use versus
those who preferred complementary use of mHealth more
strongly than substitutive use.

Results
Descriptive Statistics
Complete data from 1132 respondents were collected. We
carefully examined the distribution of respondents in our sample
and found it to be nationally representative as compared with
the distributions reported in the 2012 US Census [69] (Table
1). We obtained a final response rate of 13.05%, which is similar
to response rates obtained in other online surveys conducted in
comparable contexts (eg, [41,63]). Early- and late-stage
respondents differed only by age and education. These
differences were expected because of later-stage purposive
oversampling of underrepresented strata. As such, the earlyversus late-stage respondent analyses did not reveal any
evidence of nonresponse bias. We conducted a marker variable
analysis [70] and did not find evidence of common method bias.
The sample was relatively balanced in terms of gender (513
male and 619 female). The average age was 45 years (range
18-86, SD 16.20); 227 respondents (20.05%) were older than
60 years. Most respondents lived more than 6 miles from general
and specialized health care facilities. Respondents had varying
levels of education and individual income, representing
reasonable variation in socioeconomic status. Additionally, 611
of 1132 respondents (53.98%) felt that they were healthy or
very healthy, and there was substantial variance among
respondents on the level of concern for vulnerability to chronic
disease. Of the 1132 respondents, 430 (37.99%) reported that
they had started using mHealth and 215 individuals (18.99%)
reported use of mHealth on a regular basis. Further, 532 of 1132
respondents (47.00%) indicated that they would use mHealth
as a substitute to in-person doctor visits, whereas 758 individuals
(66.96%) indicated that they would use mHealth as a
complement.
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Table 1. Sample characteristics (N=1132).
Variables and categories

Sample, n (%)

US Census (%)

18-29

218 (19.27)

22.1

30-39

269 (23.76)

17.1

40-49

169 (14.93)

18.6

50-59

249 (22.00)

17.9

60-69

155 (13.69)

11.8

≥70

72 (6.36)

12.5

Male

513 (45.31)

49.2

Female

619 (54.68)

50.8

Not a high school graduate

18 (1.59)

12.9

High school graduate

211 (18.64)

31.2

Some college, but no degree

344 (30.39)

16.8

Associate’s degree

154 (13.60)

9.1

Bachelor’s degree

286 (25.27)

19.4

Advanced degree

119 (10.51)

1.5

Less than 24,999

430 (37.99)

55.0

25,000-49,999

344 (30.39)

24.0

50,000-74,999

214 (18.90)

22.0

75,000-99,999

85 (7.50)

5.0

≥100,000

59 (5.21)

5.0

<1 mile

34 (3.00)

—

1-5 miles

90 (7.95)

—

6-10 miles

472 (41.70)

—

≥11 miles

375 (33.13)

—

Do not know

161 (14.22)

—

<1 mile

86 (7.60)

—

1-5 miles

57 (5.04)

—

6-10 miles

341 (30.12)

—

≥11 miles

381 (33.66)

—

Do not know

267 (23.59)

—

No

125 (11.04)

—

Yes, with the past 5years

37 (3.27)

—

Demographics
Age (years)

Gender

Socioeconomic status
Education

Individual income (US $)

Health care availability
Distance to primary health care facility

Distance to specialized health care facility

Health care utilization
Recent health checkup
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Variables and categories

Sample, n (%)

US Census (%)

Yes, within the past 3 years

128 (11.31)

—

Yes, within the past 1 year

842 (74.38)

—

Measurement Quality
Before conducting hierarchical multivariate OLS regression
analyses of the response data, we performed a series of checks
to ensure the quality of the survey measures. Multimedia
Appendix 2 provides a summary of means, standard deviations,
and correlations for all variables as well as reliability and
validity measures for multi-item constructs (eg, composite
reliabilities and average variances extracted). The CFA was
performed using AMOS 7.0 to assess the measurement
properties of the 4 multi-item constructs (behavioral usage
intention, substitutive use, complementary use, PIMS) at the
model and item levels [71]. The 4-factor model yielded an
adequate model fit (comparative fit index=0.98, goodness-of-fit
index=0.96, and standardized root mean square residual=0.03)
[72]. The factor loadings for each indicator on its corresponding
construct were greater than 0.70 and were significant at P<.05,
thus supporting convergent validity. For each construct, the
average variance extracted (AVE) was greater than 0.5,
suggesting that the explained variance was more than the
unexplained variance [73]. Additionally, the square root of the
AVE for each construct was more than all its interconstruct
correlations, thereby establishing discriminant validity [74]. In
terms of reliability, Cronbach alphas and composite reliabilities
were all greater than the recommended 0.70 level [75]. These
results suggest that the measurement scales exhibit good
psychometric properties.

Data Analysis
Multivariate OLS regressions were used to analyze the
determinants of mHealth usage intentions, assimilation, and
channel preferences. We evaluated 4 models per dependent
variable in hierarchical fashion: (1) demographic and SES
variables, (2) model 1 plus health variables (ie, distance to
primary and specialized health care facilities, perceived
healthiness, perceived vulnerability, and recency of health
checkup), (3) model 2 plus PIMS, and (4) model 3 plus
interaction effects. We also controlled for whether or not the
respondent currently used mHealth (adopter or nonadopter
dummy variable) to obtain generalizable results across the
pooled sample of adopters and nonadopters.

mHealth Behavioral Usage Intention and Assimilation
Results
Table 2 (models A1-A4) reports behavioral usage intention
regression results and Table 3 (models B1-B4) reports
assimilation regression results.
In models A1 and B1 (demographic and SES variables only),
40.31% and 23.04% of variation in behavioral usage intention
and assimilation was explained, respectively. Older respondents
were associated with a lower level of behavioral usage intention
(beta=–0.02, P<.001) and a lower level of assimilation
(beta=–0.04, P<.001). In addition, individual income had a
significant positive association with both behavioral usage
http://www.jmir.org/2013/8/e149/
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intention (beta=0.12, P=.009) and assimilation (beta=0.71,
P<.001). Moreover, level of education was negatively associated
with assimilation (beta=–0.11, P=.02), but not significantly
associated with behavioral usage intention (beta=0.00, P=.97).
When controlling for differences between mHealth adopters
and nonadopters with a dummy variable (adopter=1,
nonadopter=0) in the behavioral usage intention models
(A1-A4), we found the adopter group to have significantly
increased intentions to continue using mHealth as compared to
nonadopters’ intentions to begin using mHealth.
In models A2 and B2, health care access, health care utilization,
and perceived health condition variables were added to the
models, resulting in 44.06% and 44.86% variance explained,
respectively. Respondents who felt healthier were positively
associated with behavioral usage intention (beta=0.30, P<.001)
and assimilation (beta=0.71, P<.001). Respondents who felt
more vulnerable to chronic disease were associated with stronger
behavioral usage intention (beta=0.36, P<.001) and stronger
assimilation (beta=0.90, P<.001). In addition, the recency of
health checkup significantly increased the level of assimilation
(beta=0.17, P=.001), but was not significantly associated with
behavioral usage intention (beta=0.04, P=.90). Distance to
primary and specialized facilities were not significant predictors
of either behavioral usage intention (primary: beta=–0.05, P=.43;
specialized: beta=0.09, P=.08) or assimilation (primary:
beta=0.09, P=.14; specialized: beta=0.01, P=.82).
In models A3 and B3, PIMS was added, increasing the explained
variance (∆R2) for behavioral usage intention by 15.55% and
for assimilation by 8.47%. The significant positive coefficients
indicate that PIMS was positively related to both behavioral
usage intention (beta=1.11, P<.001) and assimilation (beta=0.84,
P<.001).
In models A4 and B4, the interaction between PIMS and
perceived healthiness (ie, PIMS*HLTH) and the interaction
between PIMS and perceived vulnerability (ie, PIMS*VULN)
were added, increasing the explained variance (∆R2) for
behavioral usage intention by 0.09% and for assimilation by
7.08%. Although the main effects were significant (HLTH,
VULN, and PIMS) predictors of both behavioral usage intention
and assimilation, the interactions were not significant predictors
of behavioral usage intention (PIMS*HLTH: beta=0.03, P=.41;
PIMS*VULN: beta=0.06, P=.10), but were significant predictors
of assimilation (PIMS*HLTH: beta=0.50, P<.001;
PIMS*VULN: beta=0.43, P<.001). These results indicate that
the main effects of PIMS, HLTH, and VULN are important
factors that predict mHealth behavioral usage intention.
Additionally, these factors not only independently, but also
jointly, influence assimilation.
To develop a more nuanced understanding of the significant
interaction effects in the mHealth assimilation model (B4), we
plotted the interaction effects between PIMS and perceived
healthiness (PIMS*HLTH) as well as between PIMS and
J Med Internet Res 2013 | vol. 15 | iss. 8 | e149 | p. 7
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perceived chronic disease vulnerability (PIMS*VULN). We
performed simple slope tests of the effects of HLTH and VULN
on assimilation at different levels of the moderator (ie, PIMS)
as recommended by Aiken and West [76]. We observed that
(1) respondents with high PIMS reported higher levels of
assimilation when they reported higher health perceptions or

higher perceived health vulnerability, whereas (2) respondents
with low PIMS reported lower levels of assimilation than those
with high PIMS, with the reported assimilation being even lower
if respondents perceived themselves to be healthier or more
vulnerable to chronic disease (Figures 2 and 3).

Table 2. Hierarchical ordinary least squares (OLS) regressions for consumer mHealth behavioral usage intention.
Variables

mHealth behavioral usage intention, OLS estimation (robust SE)
Model A1:

Model A2:

Model A3:

Model A4:

Demographics and SES Health variables

Personal innovativeness Interaction effects

Age (continuous in years)

–0.02 (0.00)c

–0.02 (0.00)c

0.00 (0.00)

0.00 (0.00)

Gender (female=1)

0.11 (0.10)

0.06 (0.09)

–0.00 (0.08)

–0.01 (0.08)

0.05 (0.04)

0.03 (0.03)

0.03 (0.03)

0.03 (0.04)

–0.06 (0.04)

–0.06 (0.04)

2.33 (0.10)c

1.97 (0.11)c

1.17 (0.11)c

1.14 (0.11)c

Distance to primary facility

—

–0.05 (0.06)

–0.02 (0.05)

–0.03 (0.05)

Distance to specialized facility

—

0.09 (0.05)

0.08 (0.05)

0.08 (0.05)

—

0.04 (0.05)

–0.01 (0.04)

–0.01 (0.04)

Perceived healthiness (HLTH)

—

0.30 (0.05)c

0.12 (0.05)b

0.10 (0.05)a

Perceived vulnerability (VULN)

—

0.36 (0.05)c

0.18 (0.04)c

0.16 (0.05)b

Demographics

Socioeconomic status
Education (5=Master’s degree+)
Individual income (5≥US $100K)

0.00 (0.04)
0.12 (0.04)

b

Dummy
Adopter (1)/nonadopter (0)
Health care availability

Health care utilization
Recent health checkup
Perceived health conditions

Personal innovativeness toward mobile services (PIMS)

a

PIMS

—

—

1.11 (0.06)c

1.11 (0.06)c

PIMS*HLTH

—

—

—

0.03 (0.04)

PIMS*VULN

—

—

—

0.06 (0.04)

Constant

3.95 (0.21)c

4.05 (0.24)c

3.53 (0.20)c

3.50 (0.21)c

R2

0.4031

0.4406

0.5961

0.5970

∆R2

—

0.0375

0.1555

0.0009

Fdf statistic

—

16.845,1121c

358.131,1120c

1.742,1118

P<.05.

b

P<.01.

c

P<.001.
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Table 3. Hierarchical ordinary least squares (OLS) regressions for consumer mHealth assimilation.
Variables

mHealth assimilation, OLS estimation (robust SE)
Model B1:

Model B2:

Model B3:

Model B4:

Demographics and SES

Health variables

Personal innovativeness

Interaction effects

Age (continuous in years)

–0.04 (0.00)c

–0.04 (0.00)c

–0.02 (0.00)c

–0.01 (0.00)c

Gender (female=1)

0.04 (0.12)

–0.10 (0.10)

–0.15 (0.09)

–0.16 (0.09)

Education (5=Master’s degree+)

–0.11 (0.04)a

0.02 (0.04)

0.00 (0.04)

0.03 (0.03)

Individual Income (5≥US $100K)

0.71 (0.06)c

0.38 (0.05)c

0.28 (0.05)c

0.24 (0.04)c

Distance to primary facility

—

0.09 (0.06)

0.11 (0.06)

0.05 (0.05)

Distance to specialized facility

—

0.01 (0.05)

0.01 (0.05)

0.01 (0.04)

—

0.17 (0.05)b

0.10 (0.05)a

0.10 (0.04)*

Perceived healthiness (HLTH)

—

0.71 (0.06)c

0.51 (0.06)c

0.38 (0.06)c

Perceived vulnerability (VULN)

—

0.90 (0.05)c

0.69 (0.05)c

0.43 (0.05)c

Demographics

Socioeconomic status

Health care availability

Health care utilization
Recent health checkup
Perceived health conditions

Personal innovativeness toward mobile services (PIMS)

a

PIMS

—

—

0.84 (0.57)c

0.85 (0.05)c

PIMS*HLTH

—

—

—

0.50 (0.05)c

PIMS*VULN

—

—

—

0.43 (0.04)c

Constant

4.09 (0.26)c

4.11 (0.25)c

3.27 (0.24)c

2.95 (0.23)c

R 2

0.2304

0.4486

0.5333

0.6041

∆R2

—

0.2182

0.0847

0.0708

Fdf statistic

—

71.155,1122c

219.251,1121c

151.242,1119c

P<.05.

b

P<.01.

c

P<.001.
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Figure 2. Moderating effect of personal innovativeness toward mobile services (PIMS) on perceived healthiness for mHealth usage assimilation: Model
B4 PIMS*HLTH.

Figure 3. Moderating effect of personal innovativeness toward mobile services (PIMS) on perceived vulnerability for mHealth usage assimilation:
Model B4 PIMS*VULN.
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mHealth Substitutive and Complementary Use
Preference Results

perceived health conditions jointly influence consumers’
preferences between in-person doctor visits and mHealth.

Table 4 (models C1-C4) reports substitutive use preference
regression results, and Table 5 (models D1-D4) reports
complementary use preference regression results. In models C1
and D1, 27.48% and 18.43% of the variance was explained,
respectively. Age was negatively associated with both
substitutive use preference (beta=–0.03, P<.001) and
complementary use preference (beta=–0.02, P<.001). In
addition, individuals with higher levels of income were
associated with higher substitutive use preference (beta=0.13,
P=.003), but not complementary use preference (beta=0.05,
P=.23). Moreover, females were more favorable to using
mHealth as a complement to in-person doctor visits (beta=0.24,
P=.009) than males, yet there was not a significant gender
difference for using mHealth as a substitute to in-person doctor
visits (beta=0.15, P=.11). The adopter group (adopter=1,
nonadopter=0) was associated with higher substitutive use
preference than nonadopters in all substitutive models (C1-C4)
and in all complementary models (D1-D3), except for the
interaction effects model (D4).

We again plotted the interaction effects and conducted simple
slope tests. For respondents with high PIMS, we observed a
greater preference for mHealth as a substitute to in-person doctor
visits when they felt healthier or more vulnerable to chronic
disease (Figures 4 and 5). In contrast, for respondents with low
PIMS, those who felt healthier were marginally less likely to
use mHealth as a substitute for in-person doctor visits, but those
who felt more vulnerable were more likely to prefer mHealth
as a substitute.

In models C2 and D2, health care access, health care utilization,
and perceived health condition variables were added, increasing
the explained variance (∆R2) by 6.91% for substitutive use
preference and by 4.52% for complementary use preference.
Perceived healthiness and perceived vulnerability were
positively related to both substitutive use preference (perceived
healthiness: beta=0.30, P<.001; perceived vulnerability:
beta=0.46, P<.001) and complementary use preference
(perceived healthiness: beta=0.20, P<.001; perceived
vulnerability: beta=0.34, P<.001). Although a recent health
checkup was not significantly associated with complementary
use preference (beta=0.03, P=.56), it was significantly negatively
associated with substitutive use preference (beta=–0.16, P<.001).
In models C3 and D3, PIMS was included, increasing explained
variance (∆R2) by 9.56% for substitutive use preference and by
10.79% for complementary use preference. The positive and
significant PIMS coefficients indicate that PIMS was a predictor
of both substitutive use preference (beta=0.76, P<.001) and
complementary use preference (beta=0.75, P<.001).
In models C4 and D4, the interaction between PIMS and
perceived healthiness (ie, PIMS*HLTH) and the interaction
between PIMS and perceived vulnerability (ie, PIMS*VULN)
were added to the models, resulting in modest increases in
explained variance (∆R2) by 1.35% for substitutive use
preference and by 0.55% for complementary use preference.
Both interaction terms were significant predictors for
complementary use preference (PIMS*HLTH: beta=0.19,
P<.001; PIMS*VULN: beta=0.14, P<.001), whereas only
PIMS*HLTH was a significant predictor for substitutive use
preference (PIMS*HLTH: beta=0.12, P=.02 PIMS*VULN:
beta=0.07, P=.11). Overall, these results indicate that PIMS and
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As for the interaction effects associated with complementary
use preference (Figure 6), respondents with high PIMS who felt
healthier showed a greater preference for mHealth as a
complement to in-person doctor visits relative to those who felt
less healthy. For respondents with low PIMS, those who felt
healthier indicated a marginally weaker preference for using
mHealth as a complement relative to those who felt less healthy.
The interaction between PIMS and VULN (PIMS*VULN) was
not significant for model D4; thus, it is not presented here as a
graph.
Given that the correlation of complementary use and substitutive
use is 0.73, the preferences for complementary and substitutive
use of mHealth can be interpreted to be mutually reinforcing.
To further explore differences in those with stronger preferences
for complementary use of mHealth than substitutive use of
mHealth, we conducted an ANOVA analysis of differences in
behavioral usage intention and assimilation between the
following 2 groups: (1) stronger preference for complementary
use than substitutive use (complementary > substitutive), and
(2) stronger preference for substitutive use than complementary
use (substitutive > complementary). We found that behavioral
usage intention was significantly higher for the substitutive >
complementary group (behavioral usage intention mean 4.69,
SD 1.68) than for the complementary > substitutive group
(behavioral usage intention mean 3.92, SD 1.79; F1,702=20.14,
P<.001). Similarly, assimilation was significantly higher for
the substitutive > complementary group (assimilation mean
3.78, SD 2.21) than for the complementary > substitutive group
(assimilation mean 2.66, SD 1.66; F1,702=41.866, P<.001).
Perceived health and perceived vulnerability to chronic disease
were not significantly different between the 2 groups. These
results reveal that although more respondents in our sample
were willing to use mHealth as a complement than as a substitute
for in-person doctor visits, the substitutive > complementary
group indicated stronger behavioral usage intention and
assimilation than the complementary > substitutive group.
Additionally, respondents in the substitutive > complementary
group, relative to the complementary> substitutive group, were
younger (mean age 39.00 years, SD 14.20 vs 46.35 years, SD
16.81; F1,702=21.284, P<.001), had higher PIMS (PIMS mean
4.72, SD 1.68 vs 3.96, SD 1.76; F1,702=19.699, P<.001), and
were less likely to be female (46%, SD 0.50 vs 55%, SD 0.50;
F1,702=4.033, P=.045).
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Table 4. Hierarchical ordinary least squares (OLS) regressions for mHealth substitutive use preference.
Variables

mHealth substitutive use preference, OLS estimation (robust SE)
Model C1:

Model C2:

Model C3:

Model C4:

Demographics and SES

Health variables

Personal innovativeness

Interaction effects

Age (continuous in years)

–0.03 (0.00)c

–0.03 (0.00)c

–0.01 (0.00)b

–0.01 (0.00)b

Gender (female=1)

0.15 (0.09)

0.14 (0.09)

0.10 (0.08)

0.09 (0.08)

Education (5=Master’s degree+)

–0.05 (0.04)

0.01 (0.03)

–0.00 (0.03)

0.00 (0.03)

Individual Income (5≥US $100K)

0.13 (0.04)b

0.06 (0.04)

–0.00 (0.04)

–0.01 (0.04)

1.42 (0.11)c

1.06 (0.11)c

0.50 (0.11)c

0.40 (0.11)c

Distance to primary facility

—

0.01 (0.06)

0.03 (0.05)

0.01 (0.05)

Distance to specialized facility

—

0.03 (0.05)

0.02 (0.04)

0.02 (0.04)

—

–0.16 (0.04)c

–0.20 (0.04)c

–0.19 (0.04)c

Perceived healthiness (HLTH)

—

0.30 (0.05)c

0.18 (0.05)c

0.15 (0.05)b

Perceived vulnerability (VULN)

—

0.46 (0.05)c

0.34 (0.05)c

0.26 (0.05)c

Demographics

Socioeconomic status

Dummy
Adopter (1)/nonadopter(0)
Health care availability

Health care utilization
Recent health checkup
Perceived health conditions

Personal innovativeness toward mobile services (PIMS)
PIMS

—

—

0.76 (0.06)c

0.78 (0.06)c

PIMS*HLTH

—

—

—

0.19 (0.05)c

PIMS*VULN

—

—

—

0.14 (0.04)c

Constant

4.72 (0.21)c

5.15 (0.22)c

4.79 (0.21)c

4.71 (0.21)c

R 2

0.2748

0.3439

0.4395

0.4530

∆R2

—

0.0691

0.0956

0.0135

171.531,1120c

14.122,1118b

Fdf statistic
a

—

24.915,1121

c

P<.05.

b

P<.01.

c

P<.001.
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Table 5. Hierarchical ordinary least squares (OLS) regressions for mHealth complementary use preference.
Variables

mHealth complementary use preference, OLS estimation (robust SE)
Model D1:

Model D2:

Model D3:

Model D4:

Demographics and SES Health variables

Personal innovativeness Interaction effects

Age (continuous in years)

–0.02 (0.00)c

–0.02 (0.00)c

–0.01 (0.00)a

–0.01 (0.00)a

Gender (female=1)

0.24 (0.09)b

0.20 (0.09)a

0.16 (0.08)

0.15 (0.08)

Education (5=Master’s degree+)

0.03 (0.03)

0.08 (0.03)a

0.07 (0.03)a

0.07 (0.03)a

Individual income (5≥US $100K)

0.05 (0.04)

–0.02 (0.04)

–0.07 (0.04)

–0.08 (0.04)a

1.07 (0.09)c

0.76 (0.10)c

0.21 (0.10)a

0.15 (0.10)

Distance to primary facility

—

0.03 (0.06)

0.05 (0.05)

0.03 (0.05)

Distance to specialized facility

—

0.05 (0.05)

0.05 (0.04)

0.05 (0.04)a

—

0.03 (0.04)

–0.01 (0.04)

–0.01 (0.04)

Perceived healthiness (HLTH)

—

0.20 (0.05)c

0.09 (0.05)

0.07 (0.05)

Perceived vulnerability (VULN)

—

0.34 (0.05)c

0.22 (0.04)c

0.17 (0.05)b

Demographics

Socioeconomic status

Dummy
Adopter (1)/nonadopter (0)
Health care availability

Health care utilization
Recent health checkup
Perceived health conditions

Personal innovativeness toward mobile services (PIMS)

a

PIMS

—

—

0.75 (0.06)c

0.76 (0.06)c

PIMS*HLTH

—

—

—

0.12 (0.05)a

PIMS*VULN

—

—
c

5.09 (0.22)

—
c

0.07 (0.05)

4.73 (0.21)

c

4.69 (0.21)c

Constant

5.09 (0.19)

R 2

0.1843

0.2295

0.3374

0.3429

∆R2

—

0.0452

0.1079

0.0055

Fdf statistic

—

15.435,1121c

140.901,1120c

4.002,1118a

P<.05.

b

P<.01.

c

P<.001.
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Figure 4. Moderating effect of personal innovativeness toward mobile services (PIMS) on perceived healthiness for preferring mHealth as a substitute
to doctor visits: Model C4 PIMS*HLTH.

Figure 5. Moderating effect of personal innovativeness toward mobile services (PIMS) on perceived vulnerability for preferring mHealth as a substitute
to doctor visits: Model C4 PIMS*VULN.
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Figure 6. Moderating effect of personal innovativeness toward mobile services (PIMS) on perceived healthiness for preferring mHealth as a complement
to doctor visits: Model D4 PIMS*HLTH.

Discussion
Principal Findings and Implications
The market for mHealth is growing rapidly, but research in this
emerging area has been limited. Before this study, there was
limited understanding as to what determinants were associated
with mHealth usage intentions, extent of mHealth assimilation,
and why mHealth might be preferred as a complementary or
substitutive service consumption channel in a context
traditionally associated with hands-on, in-person interactions.
This study has provided novel insights by examining how
consumer usage intentions and assimilation of mHealth, as well
as consumer channel preferences for health services are affected
by PIMS, perceived health conditions, health care availability,
health care utilization, demographics, and socioeconomic status.
Our primary findings are as follows: (1) more consumers are
favorable to using mHealth as a complement to in-person doctor
visits than as a substitute, but those who prefer mHealth as a
substitute report stronger usage intentions and higher
assimilation than those who prefer mHealth as a complement
although not being significantly different in health perceptions,
and (2) PIMS and perceived health conditions have direct effects
on usage intentions, assimilation, and channel preferences and
mutually reinforcing effects on assimilation and channel
preferences. Of particular interest is the finding that the
combination of higher PIMS and increased perceptions of
healthiness as well as the combination of higher PIMS and
increased perceptions of chronic disease vulnerability are
significantly associated with higher mHealth assimilation and
substitutive use of mHealth. The combination of higher PIMS
http://www.jmir.org/2013/8/e149/

XSL• FO
RenderX

and increased perceptions of healthiness is also significantly
positively associated with the complementary use of mHealth.
These interesting findings suggest that current health status is
not the only predictor of mHealth usage and, perhaps
counterintuitively, it is not necessarily those who perceive
themselves as the least healthy who are the most likely to adopt
and use mHealth.
We also demonstrate that PIMS and perceived chronic disease
vulnerability are important positive predictors. Given these
results, individuals worried about diet, weight, blood pressure,
exercise, and other health issues might consider proactively
using apps such as MyFitnessPal [77], InstantHeartRate [78],
Macaw [79], and Livestrong [14]. Such proactive management
of one’s health could significantly reduce the incidence of
chronic disease and reduce the burden of such conditions on
our health system [80].
Additionally, our results demonstrate that more than one-third
of respondents specified current use of mHealth, whereas almost
one-fifth of respondents report currently using mHealth on a
regular basis. In addition, approximately two-thirds of
respondents said they would use mHealth as a complement to
in-person doctor visits. These findings elaborate prior research
suggesting that individual innovativeness [50], individual traits
[32], and health self-perceptions [81] are associated with usage
intentions. Our findings extend prior research by considering
the influence of these constructs, including the interaction effects
of perceived health conditions, on consumers’ intentions,
assimilation, and channel preferences for mHealth use. However,
as suggested by the IT-enabled self-service literature, the
infusion of technology into a service encounter may be met with
resistance by those who prefer a hands-on relationship (vs a
J Med Internet Res 2013 | vol. 15 | iss. 8 | e149 | p. 15
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high-tech relationship) [46]. Our results support such findings
in the mHealth context, in that health care utilization (ie, recent
health checkup) had a positive effect on mHealth assimilation,
but a negative effect on using mHealth as a substitute to
in-person doctor visits. These results may indicate that personal
relationships in health care settings will be difficult to augment
(or replace) with technology for certain consumer segments.
Although other technologies, such as telemedicine, have
provided mechanisms to extend health services to those with
limited access (eg, [82]), the issue of how mHealth can improve
health care access while not adversely affecting patient-provider
relationships will be an essential consideration.
Finally, we find that increased age is associated with decreased
usage intentions and assimilation of mHealth in many of our
models, whereas increased income is associated with increased
usage intentions and usage of mHealth in some models. Similar
findings have been reported in other technology acceptance
studies [33,64,65]. Additionally, somewhat contrary to prior
research suggesting that higher levels of education are often
positively associated with technology adoption [65,66], we find
a mix of significant and nonsignificant effects of education in
our models. We did find that education was a positive and
significant predictor within many of our models associated with
using mHealth as a complement to in-person doctor’s office
visits. This could be an area for further research.

Strengths and Limitations
The strengths of our study include: (1) a theoretically driven
model, based on technology acceptance, technology assimilation,
consumer behavior, and health informatics literature, on the
determinants of consumer mHealth usage intentions,
assimilation, and channel preferences, (2) the inclusion of direct
and interactive (moderating) effects of PIMS and perceived
health conditions (vulnerability and healthiness) as determinants,
and (3) robust survey, sampling, and analysis methods. Our
study is limited by the cross-sectional nature of our survey. We
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note that our robustness checks included 2-stage estimation
models and mediated models. All our findings held up to these
checks, but future research could consider longitudinal research
designs to elaborate our understanding of the mechanisms
through which usage intentions and assimilation of mHealth
develop. We are also limited by the use of an online survey,
which may be biased toward those who complete surveys online
or respondents who are more technologically sophisticated.
Future research could consider other surveying and sampling
strategies. Although our models have the feature of parsimony,
they may exclude other situational, demographic, or individual
characteristics. Future research could expand upon our findings
by including such additional characteristics. Finally, our results
are generalizable to the general population because the chosen
sampling strategy and the use of statistical controls. However,
future research could delve deeper into subgroup differences
(adopters vs nonadopters, health respondents vs unhealthy
respondents, resource-rich respondents vs resource-poor
respondents, etc) and provide more nuanced findings regarding
between and within group heterogeneity.

Conclusions
This study has provided insights into the usage intentions,
assimilation, and channel preferences associated with mHealth.
These findings contribute to the health informatics literature
and to health policy initiatives by demonstrating that mHealth
will face both acceptance and resistance. Targeting the most
receptive consumer segments may be the best strategy to
encourage widespread diffusion. Multiple predictors have been
shown to have significant impacts on mHealth preferences and
both direct and interactive effects were observed. We suggest
that future initiatives to promote mHealth should shift targeting
of consumers from coarse demographics to individual
dispositions toward mobile service innovations, complementary
or substitutive channel use preferences, and perceived health
conditions.
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