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Does Health Information Technology Promote Healthy Behaviors? The Mediating
Role of Self-Regulation
Lin Li and Wei Peng

Department of Media and Information, Michigan State University

ABSTRACT
Health information technology (health IT) has the potential to facilitate the self-regulation of fruit and
vegetable intake (FVI) and physical activity (PA). This study explores whether using health IT for self-
regulation mediates the relationship between sociodemographic factors and health behaviors including
FVI and PA among U.S. adults. Bayesian mediation analysis was used to analyze a nationally representa-
tive sample of the U.S. adults (N = 3285) from Cycle 1 of the 2017 Health Information National Trends
Survey (HINTS). The 95% credibility intervals (CI) were calculated for each sociodemographic factor and
the mediator using health IT for self-regulation in relation to FVI and PA. About 58% of the participants
used at least one type of health IT for self-regulation. Age was negatively associated with using health IT
for self-regulation, whereas being a female and having a higher income and education were positively
associated with it. Using health IT for self-regulation partially mediated the positive relationships
between income, education, and FVI, but it is unrelated to PA. The findings support the efficacy of
using health IT to regulate healthier eating. Nevertheless, the digital divide is a critical issue to consider
when applying health IT to promote behavior change.

Introduction

Non-communicable chronic diseases (NCDs), such as cardiovas-
cular diseases, cancers, respiratory diseases, and diabetes, account
for 71% of death globally (World Health Organization, 2018).
Empirical research has suggested that fruit and vegetable intake
(FVI) is negatively associated with the risks of diabetes, obesity,
strokes, high blood pressure, body weight, and fat mass (Alonso
et al., 2004; He, Nowson, & MacGregor, 2006; Rolls, Ello-Martin,
& Tohill, 2004; Sargeant et al., 2001). Meanwhile, physical activity
(PA) is associated with decreased risks of chronic illnesses, such as
cardiovascular disease, diabetes, cancer, hypertension, obesity,
depression, osteoporosis, and premature death (Warburton,
Nicol, & Bredin, 2006). However, despite the benefits, only 1 in
5 adults meet the recommended level of PA, and only 1 in 10
adults consume enough fruits and vegetables in the U.S. (Centers
for Disease Control and Prevention, 2016, 2018).

Health information technology (health IT) has the poten-
tial to facilitate the self-regulation of FVI and PA. The social
cognitive theory of self-regulation has boosted the central role
of continuous self-influence through psychological sub-
functions including self-monitoring, self-judgment, and self-
reaction in building a healthy lifestyle (Bandura, 1991). These
sub-functions are to some degree implemented in modern
health IT. Health IT’s integration of theories and techniques
of behavior changes is fruitful in interventions (Kohl,
Crutzen, & de Vries, 2013; Webb, Joseph, Yardley, &
Michie, 2010), but its effectiveness in promoting healthy
behaviors at the population level is under-investigated. As

health IT further takes place in the health and wellness
realm with the promise of delivering personalized care, we
ask whether individuals who use these technologies for self-
regulation, including wearable activity trackers (WATs) and
mobile apps, adopt a healthier lifestyle (i.e., more FVI and
PA). We also explore how sociodemographic factors are
related to the uptake of various health IT as well as the
mediating role of using health IT for self-regulation between
socioeconomic status (SES) and FVI/PA.

Literature review

Health IT for self-regulation and healthy behaviors

With the increasing medical costs created by NCDs and the
convenience of delivering health interventions via web- and/
or mobile phone (Kohl et al., 2013; Webb et al., 2010), how to
utilize health IT to motivate behavior change has become
a growing field (Evenson, Goto, & Furberg, 2015; O’Brien,
Troutman-Jordan, Hathaway, Armstrong, & Moore, 2015;
Spanakis et al., 2016). As of 2018, 77% of Americans own
smartphone(s) (Pew Research Center, 2018) and there are
about 325,000 mobile health apps in the iTunes and Google
Play store by 2017 (Research2Guidance, 2017). One in four
Americans now owns a wearable device (Adams, Shankar, &
Tecco, 2016). The widespread use of health IT attributes to
consumers’ interests in new technologies that support healthy
lifestyle practices (Baldwin, Singh, Sittig, & Giardina, 2017).
For example, more than half of the respondents believed that
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WATs help people become more physically active (Alley et al.,
2016), and participants who use health mobile apps were
more likely to report intentions in increasing FVI and PA
(Carroll et al., 2017).

Why health IT works may be explained by the theory of self-
regulation within the framework of social cognitive theory
(Bandura, 2005). According to the social cognitive theory of self-
regulation, the self-regulative mechanism works through three
sub-functions: self-monitoring, self-judgment, and self-reaction.
First, self-monitoring refers to people’s attention to the perfor-
mances, conditions, and effects of their behaviors, meanwhile,
the accuracy, authenticity, regularity, consistency, and temporal
proximity of such monitoring will partially shape the outcomes
of self-regulation. Self-monitoring provides essential informa-
tion for setting realistic goals and keeping track of individuals’
progress. Second, self-judgment refers to the process of compar-
ing one’s performance against one’s goal or others’ performance
after adopting goals and developing standards that can be self-
prescribed or socially influenced. Third, the last sub-function
refers to the creation of tangible or intangible incentives or the
enlistment of social support to maintain change and sustain
further goal-setting (Bandura, 1991, 2005). By rewarding oneself
contingent on progress, individuals will be more motivated to
achieve their goals. Self-regulatory behaviors have been posi-
tively associated with healthier eating (Anderson, Winett, &
Wojcik, 2007; Pelletier, Dion, Slovinec-d’angelo, & Reid, 2004;
Schnoll & Zimmerman, 2001) and PA (Anderson, Winett,
Wojcik, & Williams, 2010; Anderson, Wojcik, Winett, &
Williams, 2006; Cerin, Vandelanotte, Leslie, & Merom, 2008).
Empirical evidence supports that interventions based on the
social cognitive theory result in increase of FVI and PA, which
is mediated by self-regulation, i.e., individuals in the treatment
group monitored, set goals, and planned activities more often
than people in the control group, and these self-regulatory
efforts contributed to greater FVI and PA (Anderson-Bill,
Winett, Wojcik, & Winett, 2011).

Health IT facilitates all three sub-functions of self-
regulation. For instance, it is not easy to monitor calories
one has consumed and PA (particularly light PA) one has
done. Pedometers, most recently WATs, make it easier to
monitor one’s walking distance or step counts. Additionally,
with the associated mobile apps, people can easily set goals,
view history of performance, compare their performance to
goals or to others on social media, making the self-judgment
process effortless. Similarly, the ability of a mobile app to
record and track FVI makes self-monitoring much easier
and more accurate. Finally, many health IT also includes
virtual or tangible rewards that facilitate self-reactance
(King, Greaves, Exeter, & Darzi, 2013; Zahry, Cheng, &
Peng, 2016).

Therefore, using health IT that supports self-regulation
should promote healthier behaviors, given that previous inter-
vention studies have identified the effectiveness of self-
regulatory behaviors (Martin, Chater, & Lorencatto, 2013;
Plaete, De Bourdeaudhuij, Verloigne, & Crombez, 2016).
Thus, this study proposes:

H1: Using health IT for self-regulation is positively associated
with a) fruit intake, b) vegetable intake, and c) PA.

Sociodemographic factors and technology use

The digital divide is an inevitable issue when it comes to health IT
use. One survey found that being male, being unemployed, and
having lower education was associated with lowered odds of
tracker usage (defining tracker as including pedometers, acceler-
ometers, smartphone applications) (Alley et al., 2016). Another
study identified that individuals who are older, male, and have
lower educationwere less likely to adopt health apps (Carroll et al.,
2017). Activity trackers’ use was also associated with being female,
being younger than 60 years old, beingmarried, and having at least
some post-secondary education (Macridis, Johnston, Johnson, &
Vallance, 2018). Based on such evidence, this study hypothesizes:

H2: Sociodemographic factors will be related to individuals’ use
of health IT for self-regulation, specifically, (a) income, (b)
education, and (c) being a female will be positively related to
individuals’ use of health IT for self-regulation, while d) age will
be negatively related to the use of health IT for self-regulation.

Sociodemographic factors, FVI, and PA

Consistent determinants of FVI include age, sex, and SES. For
instance, one survey in Denmark found that those who are
women, older, and more educated are more likely to meet diet-
ary guidelines that encourage FVI (Dynesen, Haraldsdóttir,
Holm, & Astrup, 2003). Education and age are positively related
to FVI (Anderson, Hunt, Ford, & Finnigan, 1994; Azagba &
Sharaf, 2011; Subar et al., 1995). Higher household income was
consistently related to more FVI (Kamphuis et al., 2006).
Sociodemographic factors are also related to PA, though the
relationships are not always conclusive for every population.
Being older and being a female are predominantly found to be
inversely correlated with PA (Bauman et al., 2012). Having
a lower education and lower income were associated with
lower PA (Choi, Lee, Lee, Kang, & Choi, 2017). Based on this
evidence, this study hypothesizes:

H3: Sociodemographic variables, specifically, a) income, b)
education, c) being a female, and d) age will be positively
related to fruit intake.

H4: Sociodemographic variables, specifically, a) income, b)
education, c) being a female, and d) age will be positively
related to vegetable intake.

H5: Sociodemographic variables, specifically, a) income and
b) education will be positively related to PA; c) being a female
and d) age will be negatively related to PA.

Sociodemographic factors, technology use, FVI, and PA

As new technologies revamp how we approach health promo-
tion in the digital era, scholars have argued that digital tech-
nologies are reinforcing and reproducing the health disparities
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using theories including Bourdieu’s theories of social inequi-
ties, the diffusion of innovations theory, and fundamental
cause theory (Baum, Newman, & Biedrzycki, 2014; Glied &
Llears-muney, 2008; Korda, Clements, & Dixon, 2011; Weiss
et al., 2018). The main argument is that innovative technolo-
gies are usually first adopted by individuals of a higher SES,
due to their access to “an array of resources, such as money,
knowledge, prestige, power, and beneficial social connections,
that protect health no matter what mechanisms are relevant at
any given time (Phelan, Link, Diez-Roux, Kawachi, & Levin,
2004, p. 265).” Such uneven distribution of technology will
increase the health disparities as low SES individuals are being
caught in a vicious cycle of not being able to access, use, and
benefit from health technologies (Baum et al., 2014).
Meanwhile, people with higher SES are better informed
about health-related innovations and are more adept at imple-
menting them (Glied & Llears-muney, 2008). Using morbid-
ity, mortality, and the uptake of certain types of new
procedure as outcome measures, previous research has argued
that the impact of SES on them is mediated by technological
developments in health care (Glied & Llears-muney, 2008),
and has found that the association between SES and mortality
is stronger for preventable causes of death (Glied & Llears-
muney, 2008; Phelan et al., 2004). Along the same line, we ask
whether the influence of SES on lifestyle-related health beha-
viors (i.e., PA and FVI), which are crucial for preventing
chronic diseases, is mediated by individual’s usage of health
IT for self-regulation. As SES is most commonly measured by
income and education (American Psychological Association,
n.d.; Bornstein & Bradley, 2003), we propose the following
research questions:

RQ1: Does individuals’ usage of health IT for self-regulation
mediate the relationship between SES (i.e., income and educa-
tion) and a) fruit intake, b) vegetable intake?

RQ2: Does individuals’ usage of health IT for self-regulation
mediate the relationship between SES (i.e., income and educa-
tion) and PA?

Method

Data source and participants

Cycle 1 of the 2017 Health Information National Trends
Survey (HINTS) was used for this study (National Cancer
Institute, 2018). The survey was conducted from January 25
to May 5, 2017, with a response rate of 32.39%. HINTS has
been conducted every few years by the National Cancer
Institute (NCI) using a nationally representative sample
since 2003. The target population of HINTS is adults aged
18 or older in the U.S. The questionnaire asks about people’s
health information seeking behaviors, usage of the Internet,
health care, demographics, etc. More information about the
sampling methodology and survey instruments is available on
its website (National Cancer Institute, 2018). The American
Academy of Family Physicians Institutional Review Board

approved the HINTS. The sample included 3,285 participants,
which consists of 41% male and has an average age of
56 years-old (M = 56.34, SD = 16.14).

Measures

Using health IT for self-regulation was measured by three
variables related to the self-monitoring and self-judgment
sub-functions outlined by the theory of self-regulation.
Measurement of the self-reaction sub-function was not avail-
able in this dataset. Using health IT for self-monitoring was
measured by two questions (Yes = 1, No = 0). The first
question was “On your tablet or smartphone, do you have
any ‘apps’ related to health and wellness?” Participants who
indicated that they did not know if they have health and
wellness apps on their tablet or smartphone, or who did not
have a tablet or smartphone were coded as “No”. The second
question was “Other than a tablet or smartphone, have you
used an electronic device to monitor or track your health
within the last 12 months? Examples include Fitbit, blood
glucose meters, and blood pressure monitors.” Using health
IT for self-judgment was measured by one question: “Has
your tablet or smartphone helped you track progress on
a health-related goal such as quitting smoking, losing weight,
or increasing physical activity?” (Yes = 1, No = 0).
Participants who did not have a tablet or smartphone were
also coded as “No”. Participants’ answers to all three items
were summed together to create a measure of their usage of
health IT for self-regulation, with 0 indicating that they did
not use any technology for self-regulation, and 3 indicating
that they adopted all three technologies for self-regulation.

Fruit intake and vegetable intake were measured separately
by asking participants “About how many cups of fruit/vege-
tables do you eat or drink each day?” Participants selected
answers from seven categories (0 = None, 1 = ½ cup or less,
2 = ½ cup to 1 cup, 3 = 1 to 2 cups, 4 = 2 to 3 cups, 5 = 3 to 4
cups, 6 = 4 or more cups).

Physical activity was measured by asking participants “In
a typical week, how many days do you do any physical activity
or exercise of at least moderate intensity, such as brisk walk-
ing, bicycling at a regular pace, and swimming at a regular
pace?” and then asking them to recall the duration of those
activities in hours or minutes. Amount of physical activity was
calculated by multiplying the number of days per week with
duration of activities.

Sociodemographic factors were measured, including sex, age,
education (1 = Less than 8 years, 2 = 8 through 11 years,
3 = 12 years or completed high school, 4 = Post high school
training other than college, 5 = some college, 6 = college grad-
uate, 7 = postgraduate), and household income (1 = $0 to $9,999,
2 = $10,000 to $14,999, 3 = $15,000 to $19,999, 4 = $20,000 to
$34,999, 5 = $35,000 to $49,999, 6 = $50,000 to $74,999,
7 = $75,000 to $99,999, 8 = $100,000 to $199,999, 9 = $200,000
or more). Body mass index (BMI) was controlled for its relation-
ship with FVI and PA (Heo et al., 2011; Petersen, Schnohr, &
Sørensen, 2004). Internet use was included as a control variable
for its relationship with using technology for self-regulation
(Yes = 1, No = 0).
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Statistical analysis

For this analysis, primary predictor variables included socio-
demographic factors, Internet use, and BMI. The mediator was
using health IT for self-regulation, and the outcome variables
were fruit intake, vegetable intake, and PA. The ordinal nature of
the mediator made the analysis computationally cumbersome
and time-consuming using the maximum likelihood estimator.
Therefore, Bayesian analysis, which produces the same estimates
as the maximum likelihood estimator with greater efficiency
(Muthén & Asparouhov, 2012), was adopted for data analysis.
Given that there is no existing information regarding how the
independent variables could be related to using health IT for self-
regulation, the mediational model displayed in Figure 1 was
estimated using Bayes method with non-informative priors.
Model estimation was performed with 20,000 iterations using
the Markov chain Monte Carlo (MCMC) algorithm and the
Gibbs sampler (Fong & Ho, 2013; Muthén & Asparouhov,
2012). The Gelman-Rubin criterion was used to monitor con-
vergence (Gelman et al., 2013). The fit of the Bayesian mediation
model was evaluated using the posterior predictive p value and
its 95% credibility interval. A model with good fit should have
a posterior predictive p value of .50 and a symmetric 95%
credibility interval centering on zero (Stenling, Ivarsson,
Johnson, & Lindwall, 2015). The 95% credibility intervals, simi-
lar to the confidence intervals based on the frequentist approach,
were used to determine if the null hypothesis should be rejected.
Less than 10 percent of missingness was present in all variables.
With the Bayes estimator, the missing data is handled by Mplus
using a method similar to the full-information maximum like-
lihood (FIML) approach (Asparouhov &Muthen, 2010; Schafer,
1997). Descriptive statistics were generated in Stata 14, and the
final analysis of the mediational model was conducted in
Mplus 7.

Results

Tables 1 and 2 present the descriptive statistics. The average
length of PA was about four hours per week (M = 3.67,
SD = 7.64). Participants’ average BMI was around 28
(M = 28.47, SD = 6.50). About 31% of the participants ate 1

to 2 cups of fruits (n = 991), and 32.23% of participants
consumed 1 to 2 cups of vegetables (n = 1039). Only 1.77%
of the participants consumed 4 or more cups of fruits
(n = 57), and 2.70% consumed 4 or more cups of vegetables
(n = 87). About 41.77% of the participants (n = 1284) did not
use health IT for self-regulation, and 15.32% (n = 471) of the
participants adopted all three types of technologies for self-
regulation. Approximately 77% of the participants used the
Internet before. Table 3 shows the bivariate correlations
among the continuous variables.

The model depicted in Figure 1 was tested in a saturated
mediation model with using technology for self-regulation as
the mediator. Given the model is saturated, the posterior
predictive p value was .50. Table 4 displays the posterior
results for the estimated Bayesian model with fruit intake,
vegetable intake, and PA as dependent variables.

Bayesian estimates and 95% CIs for the associations among
the relevant variables are summarized in Table 4. H1 hypothe-
sized the positive relationship between using health IT for self-
regulation and a) fruit intake, b) vegetable intake, and c) PA. It
was found that using health IT for self-regulation was positively
associated with fruit intake (95% CI = [.046, .140]) and vegetable
intake (95% CI = [.115, .209]), but unrelated to PA (95%
CI = [−.078, .469]), offering support for H1a, H1b, but not H1c.

H2hypothesized that a) income, b) education, c) being a female
would be positively related to individuals’ usage of health IT for
self-regulation, while d) age would be negatively related to use of
health IT for self-regulation. Consistent with the hypotheses,
income (95% CI = [.082, .121]), education (95% CI = [.033,
.087]), and being a female (95% CI = [.086, .235]) were positively
associated with using health IT for self-regulation, while age (95%
CI = [−.015, −.010]) was negatively related to using health IT for

Figure 1. Diagram for the tested model.

Table 1. Sample characteristics.

Mean S.D. Min Max N Label

Weekly moderate
exercise

3.67 7.64 0 98 3223 In hours

BMI 28.47 6.50 16.1 75.2 3172 Body mass
index

Age 56.34 16.14 18 101 3146 In years

Sample sizes vary due to missing value
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self-regulation. Therefore, H2a, H2b, H2c, and H2d were
supported.

H3 and H4 hypothesized that a) income, b) education, c)
being a female, and d) age would be positively related to fruit
intake and vegetable intake. Results showed that income was
positively related to fruit intake (95% CI = [.007, .060]) and
vegetable intake (95% CI = [.033, .084]). Education also was
positively related to fruit intake (95% CI = [.060, .128]) and
vegetable consumption (95% CI = [.054, .121]). Being a female
had positive effects on fruit intake (95% CI = [.034, .223]) and
vegetable intake (95% CI = [.060, .249]). Age did not associate

with fruit intake (95% CI = [−.004, .002]) or vegetable intake
(95% CI = [−.003, .003]). Therefore, H3a, H3b, H3c, H4a,
H4b, and H4c were supported, while H3d and H4d were not
supported.

H5 hypothesized that a) income and b) education would be
positively related to PA, and c) being a female and d) age would
be negatively related to PA. Results showed that income (95%
CI = [−.239, .050]) and education (95% CI = [−.349, .042]) were
not related to PA. Both being a female (95% CI = [−2.601,
−1.527]) and age (95% CI = [−.040, −.004]) were negatively
associated with PA. Therefore, H5c and H5d were supported,
while H5a and H5b were not supported.

In testing the indirect effects of using health IT for self-
regulation on a) fruit intake, b) vegetable intake, and c) PA to
answer RQ1 and RQ2, the Bayesian 95% credibility interval for
the indirect effects of income (95% CI = [.005, .015]) and
education (95% CI = [.002, .010]) on fruit intake via using health
IT for self-regulation did not contain zero, neither were the 95%
credibility intervals for the indirect effects of income (95%
CI = [.011, .023]) and education (95% CI = [.005, .015]) on
vegetables intake via using health IT for self-regulation. These
results indicated that income and education had positive indirect
effects on FVI through using health IT for self-regulation. In
contrast, the Bayesian 95% credibility interval for the indirect
effects of income and education on PA via using health IT for
self-regulation all contained zero, suggesting that there were no
indirect effects between SES and PA (see Table 5).

Discussion

Based on a secondary dataset of a nationally representative sample,
this study investigated whether using health IT for self-regulation
facilitates FVI and PA and how sociodemographic factors are
associated with individuals’ usage of health IT for self-regulation
and FVI and PA. Findings were largely consistent with previous
literature. A summary of the findings is shown in Table 6.
Specifically, people who used health IT for self-regulation had
greater FVI, but not PA. Having a higher income and education
and being a female was positively related to FVI, while age and
being a female were negatively related to PA. Income, education,
and being a female were positively associated with using health IT
for self-regulation, while age was negatively related to using health
IT for self-regulation. Using health IT for self-regulationmediated
income and education’s effects on FVI. As a first attempt at
investigating health IT’s contribution to health behaviors based
on the theory of self-regulation, this study offers insights on how
health IT for self-regulation is adopted at the population level with
associations to sociodemographic factors and implications for
FVI/PA, and how to design and implement technology-based
health-promoting interventions in the future.

Using health IT for self-regulation and FVI/PA

When individuals adopt health IT for self-regulation, they con-
sume more fruits and vegetables, but they do not necessarily
become more physically active. One possible explanation for the
increases in FVI is that health IT is essentially superior tools for
self-regulation. Comparing to the traditional paper/pencil method
of self-monitoring, apps designed for healthy eating usually have

Table 2. Sample characteristics.

N %

Fruit
None 280 8.71
½ cup or less 592 18.42
½ cup to 1 cup 817 25.42
1 to 2 cups 991 3.83
2 to 3 cups 360 11.20
3 to 4 cups 117 3.64
4 or more cups 57 1.77
Vegetables
None 160 4.96
½ cup or less 460 14.27
½ cup to 1 cup 771 23.91
1 to 2 cups 1039 32.23
2 to 3 cups 509 15.79
3 to 4 cups 198 6.14
4 or more cups 87 2.70
Number of technologies/techniques used for self-

regulation
0 1284 41.77
1 780 25.37
2 539 17.53
3 471 15.32
Education
Less than 8 years 56 1.76
8 through 11 years 161 5.06
12 years or completed high school 616 19.36
Post high school training other than college (vocational or

technical)
228 7.17

Some college 714 22.45
College graduate 828 26.03
postgraduate 578 18.17
Household income
$0 to $9,999 214 7.22
$10,000 to $14,999 180 6.08
$15,000 to $19,999 165 5.57
$20,000 to $34,999 423 14.28
$35,000 to $49,999 386 13.03
$50,000 to $74,999 530 17.89
$75,000 to $99,999 369 12.46
$100,000 to $199,999c 521 17.59
$200,000 or more 174 5.87
Use Internet
Yes 2533 77.16
No 750 22.84
Sex
Female 1914 59.50
Male 1303 4.50

Sample sizes vary due to missing value

Table 3. Correlations.

1 2 3 4 5 6 7

1. Fruit 1
2. Vegetables .51*** 1
3. Exercise .06** .09*** 1
4. Exercise −.08*** −.09*** −.08*** 1
5. Education .16*** .18*** −.01 −.15*** 1
5. Age −.06** −.07*** −.04 .05* −.19*** 1
6. Income .12*** .18*** .003 −.16*** .47*** −.15*** 1

*p < .05, **p < .01, ***p < .001. Pearson correlation.
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a large database on the nutritional indicators of various types of
food. These apps offer guidelines on how to eat healthily based on
personalized recommendations, and they also allow easy docu-
mentation of one’s daily diet and search for food products’ nutri-
tion and ingredients. Adopting these tools for self-monitoring and
self-judgment contributes to greater accuracy in the self-
regulatory efforts toward one’s health-related goals and has
shown to be associated with better diet monitoring, healthier
eating, and weight loss (DiFilippo, Huang, Andrade, & Chapman-
Novakofski, 2015; Thompson-Felty & Johnston, 2016).

Using health IT for self-regulation was not associated with PA,
which is contradictory to small-scaled intervention studies
(Anderson-Bill et al., 2011; Orji & Moffatt, 2018). The specific
type of PA measured by HINTS is moderate-to-vigorous physical
activity (MVPA), which refers to activities that consume three to
six times as much energy as sitting quietly. Common examples of
MVPA are brisk walking, jogging, bicycling, and swimming, while
examples of light PA are fishing and slow walking (Ainsworth
et al., 1993). When engaging in MVPA, people may be able to
remember the duration of activities without technological devices.
However, it can be hard tomonitor the total amount of time spent
on light PA, such as walking. Therefore, using health IT for self-
regulation may contribute to the increase of light PA through
facilitating self-monitoring, but not necessarily to MVPA.
Additionally, self-reactancemechanism, a sub-function in the self-
regulation framework, was not measured in this dataset. The
effective use of self-incentives described in the self-reactance sub-
function can influence individuals’ motivations and self-efficacy,
and even determine the success (or failure) of self-regulatory
efforts (Perri & Richards, 1977; Zimmerman, 1989). When there
are rewards associated with achieving a certain goal, or the oppo-
site unpleasantness or punishments associated with failing to do
so, individuals aremore incentivized to take actions and to change
behaviors. Those who reward their own achievements are usually
more accomplished than those who engage in self-monitoring and

Table 4. Bayesian analysis with non-informative priors (N = 3285).

Outcome variable

Using health IT for self-
regulation Fruit intake

Vegetables
intake

Physical
activity

Estimate (SD) 95% PPI
Estimate
(SD) 95% PPI Estimate (SD) 95% PPI Estimate (SD) 95% PPI

Using health IT for self-
regulation

.09 (.02) * [.046, .140] .16 (.024) * [.12, .21] .20 (.14) [−.07, .47]

Age −.01(.001)* [−.015,
−.010]

−.001 (.002) [−.004,
.002]

.000 (.002) [−.003,
.003]

−.02 (.009)* [−.04,
−.004]

Income .10(.01)* [.082, .121] .03 (.01)* [.007, .060] .06(.01)* [.03, .08] −.09 (.07) [−.23, .050]
Sex (Male = 0) .16(.04)* [.086, .233] .13 (.05)* [.034, .223] .16 (.048)* [.06, .25] −2.06 (.27)* [−2.60,

−1.53]
Education .06(.01)* [.033, .087] .09 (.02)* [.060, .128] .09(.02)* [.05, .12] −.16 (.10) [−.35, .04]
BMI .02(.003)* [.011, .022] −.01 (.004)* [−.02,

−.005]
−.01(.004)* [−.02,

.-006]
−.12 (.02)* [−.16, −.07]

Internet use (No = 0) .30(.05)* [.199, .410] −.20 (.07)* [−.31,
−.05]

−.12 (.07) [−.25, .01] .08 (.39) [−.84, .67]

Model fit
95% Confidence Interval for the Difference Between the Observed and the
Replicated Chi-Square Values

[−31.35,
30.17]

Posterior Predictive P-Value .50

PPI = posterior probability interval.
*CI did not encompass zero.

Table 5. Unstandardized indirect effects of using health IT for self-regulation
(N = 3285).

Fruit
intake

Vegetables
intake

Physical
activity

Estimate
(SD) 95% CI

Estimate
(SD) 95% CI

Estimate
(SD) 95% CI

Age -> −.001
(.000)*

[−.002,
−.001]

−.002
(.000)*

[−.003,
−.001]

−.002
(.002)

[−.006,
.001]

Income -> .009
(.003)*

[.005,
.015]

.02(.003)* [.01,
.02]

.02 (.01) [−.008,
.05]

Sex ->
(Male = 0)

.014
(.005)*

[.006,
.026]

.03(.007)* [.01,
.04]

.03 (.02) [−.01,
.84]

Education -> .005
(.002) *

[.002,
.01]

.01(.003) * [.01,
.02]

.01 (.009) [−.005,
.03]

*CI did not encompass zero.

Table 6. A summary of hypotheses testing results and research questions
answers.

H1 Using health IT for self-regulation is positively
associated with a) fruit intake, b) vegetables
intake, and c) PA.

H1a, H1b
supported
H1c not supported

H2 (a) Income, (b) education, and (c) being a female
will be positively related to individuals’ use of
health IT for self-regulation, while d) age will be
negatively related to the use of health IT for self-
regulation.

H2a, H2b, H2c,
H2d supported

H3 a) Income, b) education, c) being a female, and d)
age will be positively related to fruit intake.

H3a, H3b, H3c
supported
H3d not supported

H4 a) Income, b) education, c) being a female, and d)
age will be positively related to vegetable intake.

H4a, H4b, H4c
supported
H4d not supported

H5 a) Income and b) education will be positively
related to PA; c) being a female and d) age will be
negatively related to PA.

H5a, H5b not
supported
H5c, H5d
supported

RQ1 Does individuals’ usage of health IT for self-
regulation mediate the relationship between SES
(i.e., income, and education) and a) fruit intake, b)
vegetable intake?

Yes

RQ2 Does individuals’ usage of health IT for self-
regulation mediate the relationship between SES
(i.e., income, and education) and PA?

No
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goal-setting but not rewarding themselves (Bandura & Cervone,
1986). In the context of PA, health apps and WATs can provide
virtual rewards, such as badges, trophies, and congratulatory
comments for users (Zahry et al., 2016). The non-significant
association here does not invalidate the relationships between
using health IT for self-regulation and PA, since users may have
well increased their PA from using functions relevant for self-
reactance that are not captured in this study.

Sociodemographic factors (age, sex) and using health IT
for self-regulation

Similar to the previous literature that found being a female is
predictive of adopting health technologies (Alley et al., 2016;
Carroll et al., 2017; Macridis et al., 2018), this study found
that females are more likely than males to use health IT for
self-regulation. The result is not surprising since females are
more interested in staying informed about health-related
information and behaviors than males (Ek, 2015; National
Center for Health Statistics, 2018; Rice, 2006).

Young people are also more likely to use health IT for self-
regulation, which is consistent with previous studies’ findings
on health IT adoption (Jhamb et al., 2015; Macridis et al.,
2018). Younger generations who are digital natives are less
likely to experience problems during technology use, while
older adults may meet various difficulties, including techno-
logical knowledge and self-efficacy. When the usage is speci-
fically about employing self-regulation techniques such as
self-monitoring and self-judgment, the issue regarding digital
literacy may be more prominent. A possible implication of
this finding is that the traditionally positive trend between age
and FVI (Dynesen et al., 2003) are now being reversed by the
usage of health IT by younger people, who are more health-
conscious in terms of diet and lifestyle choices than previous
generations (Nielsen, 2015; Watson, 2015). With the help of
technology, young people may be able to outperform the older
generations in achieving healthy eating goals.

Sociodemographic factors, FVI, and PA

Consistent with previous literature, those who are female,
earning a higher income, and have a higher level of education
are eating more fruits and vegetables (Azagba & Sharaf, 2011;
Riediger, Shooshtari, & Moghadasian, 2007). Individuals with
higher income are less sensitive to the high price of fruits and
vegetables (Drewnowski, Darmon, & Briend, 2004), and those
with higher education will be more informed about the nutri-
tional value and health benefits of FVI, as well as the risks
associated with inadequate FVI (Azagba & Sharaf, 2011). The
sex difference can also be explained by the differences in men
and women’s knowledge about dietary recommendations and
the associations between diet and diseases (Baker & Wardle,
2003). We also found that those who are male and younger
are more physically active, which is also consistent with pre-
vious studies (Trost, Owen, Bauman, Sallis, & Brown, 2002).

Using health IT for self-regulation mediates the
relationships between SES and FVI

Themediationalmodel showed that people who have a higher SES
aremore likely to use technology for self-regulation, which in turn,
was associatedwithmore FVI. These findings highlight the issue of
digital divide when it comes to the adoptions of health IT (Chae,
2017). People with lower SES are slower in adopting and are less
likely to benefit fromnew technologies. For example, in the case of
statin use, the initially positive relationships between income and
cholesterol in the 70s are reversed with the introduction of statins,
so are the associations between socioeconomic gradients and
cardiovascular mortality (Chang & Lauderdale, 2009). Those
who are of a lower SES suffered the consequences of increased
mortality due to the non-adoption of statin. As mentioned in the
literature review, the diffusion of innovations theory and funda-
mental cause theory are used to explain why innovative technol-
ogiesmayhave influenced social inequalities in health (Weiss et al.,
2018). Diffusion of innovations theory views inequalities in health
as being influenced by the speed of technology dissemination
(Weiss et al., 2018), and fundamental cause theory suggests that
individuals of a higher SES have more resources to gain protective
benefits of technology use (Phelan, Link, & Tehranifar, 2010).
Nevertheless, it is still debatable whether the inequalities would
disappear after universal access to technologies is achieved, given
individuals’ knowledge and proficiency of health technologies also
matter (Baum et al., 2014; Gonzales, Ems, & Suri, 2016). For
example, those who have a higher eHealth literacy perceive more
improvements, such as abilities to manage their health, under-
standings of symptoms, and usage of insurance, after their online
health information search (Neter & Brainin, 2012). Individuals
with lower SES are also less willing to use diet and fitness apps to
engage in self-monitoring (Régnier & Chauvel, 2018) and are less
likely to view self-management of one’s diet as priorities. The
differences resulted from using health IT for self-regulation may
accumulate and combine themselves with the existing social dis-
parities in other health behaviors, including smoking and alcohol
consumption, which further contribute to health disparities
(Kanjilal et al., 2006).

Practical implications

FVI and PA, as two types of health behaviors, are predicted by
different sets of variables. Technology as a self-regulatory tool
seems to be more influential for FVI, but not for MVPA. It is
important to know the affordances of different technologies when
integrating them in health interventions. Promoting technology
for self-monitoring and goal setting may be effective for FVI, but
additional techniques, such as rewards and social support, may be
needed forMVPA. Based on previous literature, we suggested that
people with lower SES and who are older andmale were less likely
to use health IT for self-regulation because of technology access,
knowledge, efficacy, and interest. However, more research is
needed to identify why individuals in these demographic groups
are less likely to utilize health IT for self-regulation.Understanding
their barriers can help technology designers to come upwithmore
targeted solutions to overcome barriers and promote adoption.
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More caution should be exercised in thinking about the benefits
of health IT in increasing the productivity of health care, given that
it is also capable ofwidening health disparities and alienating those
without themeans to buyor use newgadgets.When implementing
new technologies with the goal of increasing efficiency and redu-
cing costs, patients’ interests, access, and literacy need to be care-
fully evaluated in order to avoid the unintended consequences of
increasing health inequalities. Certain demographic groups iden-
tified in this study should be observed closely in terms of their
willingness and abilities to adopt health IT.

Limitations and directions for future research

Several limitations need to be acknowledged here. First, the mea-
surements are not ideal. In measuring using health IT for self-
regulation, technologies asked by the survey included tablet or
smartphone, health apps, and electronic device for self-tracking.
Not all of them afford the three sub-functions of self-regulation
since these technologies do not share the same technological
features. The differences in technologies’ capabilities to promote
self-regulation seems inevitable, and we acknowledge that our
measurements may not be a comprehensive reflection of indivi-
duals’ usage of health IT for self-regulation. This does not mean
that what’s captured in the measurements is inaccurate, rather the
incompleteness is a price to pay for testing the proposed model in
a secondary dataset of a nationally representative sample.
Additionally, items used to construct using health IT for self-
regulation were measured using “yes/no” questions, which failed
to capture themore nuanced frequency or intensity in individuals’
usage of health IT. For example, for someone to have a health app
does not mean that they use it regularly, and people who use their
tablet or smartphone to track progress on a health-related goal
may only do it once or do it on a daily basis. Such differences do
not register in answers to the binary questions. To facilitate
a better understanding of how using technology for self-
regulation may be related to sociodemographic factors, PA and
FVI, future studies need to measure the more specific level of
engagements with these technologies in terms of individual’s self-
regulatory behaviors (i.e., the specific sub-functions of self-
monitoring, self-judgment, and self-reactance). Furthermore,
measuring FVI using one question is relatively crude. Measuring
SES by income and education is also incomprehensive, given that
indicators such as wealth and occupation are also important for
SES (Shavers, 2007). Lastly, the dataset used in this study is cross-
sectional, which limited causal inferences.

For future research, first, all three sub-functions of self-
regulation for each health IT tool should be considered to fully
measure using health IT for self-regulation. Second, we discussed
the importance of equalizing both technology access and literacy
for different demographic groups, but there are no obvious
answers on how to achieve such equality based on statistical
associations. More qualitative work that asks about the specific
barriers for individuals who are male and who have lower SES to
adopt health IT should be conducted. Finally, besides the socio-
demographic factors, there are other psychosocial variables, such
as self-efficacy, social norms, and social support, that may also
influence people’s usage of health technologies. People with higher
self-efficacy may reap more benefits from using health IT than

those with a lower efficacy. The digital divide may be not only
based on SES, but also on psychosocial attributes.

In conclusion, based on the social cognitive theory of self-
regulation, this study relied on a secondary dataset of
a nationally representative sample and identified a positive
relationship between using health IT for self-regulation and
FVI. Using health IT for self-regulation also mediated the
relationships between sociodemographic factors (i.e., income,
education, age, sex) and FVI. The findings support the effi-
cacy of health IT for promoting a healthy lifestyle.
Nevertheless, the digital divide is a critical issue to consider
when applying health IT to promote behavior change.
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