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Abstract

Background: Sharing data from wearable health and activity trackers (wearables) with others may improve the health and
behaviora outcomes of wearable usersby generating social support and improving their ability to managetheir health. Investigating
individual factors that influence US adults willingness to share wearable data with different types of individuals may provide
insights about the population subgroups that are most or least likely to benefit from wearable interventions. Specifically, it is
necessary to identify digital health behaviors potentially associated with willingness to share wearabl e data given that the use of
and engagement with various technologies may broadly influence web-based health information—sharing behaviors.

Objective: Thisstudy aimsto identify sociodemographic, health, and digital health behavior correlates of US adults’ willingness
to share wearable data with health care providers and family or friends.

Methods: Datafor the analytic sample (N=1300) were obtained from the 2019 Health Information National Trends Survey of
the National Cancer Ingtitute. Digital health behavior measures included frequency of wearable device use, use of smartphones
or tablets to help communicate with providers, use of socia networking sites to share health information, and participation in a
web-based health community. Multivariable logistic regression analysis of weighted data examined the associations between
digital health behaviors and willingness to share wearable device data, controlling for sociodemographics and health-related
characteristics.

Results: Most US adultsreported willingnessto share wearable datawith providers (81.86%) and with family or friends (69.51%).
Those who reported higher health self-efficacy (odds ratio [OR] 1.97, 95% CI 1.11-3.51), higher level of trust in providersas a
source of health information (OR 1.98, 95% CI 1.12-3.49), and higher level of physical activity (OR 2.00, 95% CI 1.21-3.31)
had greater odds of willingnessto share datawith providers. In addition, those with a higher frequency of wearable use (OR 2.15,
95% Cl 1.35-3.43) and those who reported use of smartphones or tablets to help communicate with providers (OR 1.99, 95% Cl
1.09-3.63) had greater odds of willingnessto share datawith providers. Only higher level of physical activity was associated with
greater odds of willingnessto share wearable datawith family or friends (OR 1.70, 95% CI 1.02-2.84). Sociodemographic factors
were not significantly associated with willingness to share wearable data.

Conclusions: The findings of this study suggest that, among US adult wearable users, behavior-related factors, rather than
sociodemographic characteristics, are key drivers of willingnessto share health information obtained from wearabl eswith others.
Moreover, behavioral correlates of willingness to share wearable data are unique to the type of recipient (ie, providers vs family
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or friends). Future studies could use these findings to inform the development of interventions that aim to improve the use of
patient-generated data from wearable devices in health care settings.

(JMIR Mhealth Uhealth 2021;9(12):€29190) doi: 10.2196/29190
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Introduction

Background

In 2019, nearly one-quarter of US adultsreported using wearable
health and activity trackers (wearables) [1-3], which is
approximately twice the reported use in 2015 [4]. Wearables
are mobile health (mHealth) technol ogiesworn on the body that
can detect, record, and report information about behaviors (eg,
step count and dietary intake) and health indicators (eg, heart
rate and calories burned) [5]. Wearables may improve health
and behavioral outcomes, such as physical activity participation
[1,6] and weight status [7], by prompting users to set health
goals, providing automated personalized feedback about health
and activity data, motivating healthy habit formation, and
encouraging social data sharing and competition [6-9].

Connected devices, such as mHealth apps on smartphones or
computer tabl ets, enable usersto share health information from
wearableswith others, such as health care providers and family
or friends. Sharing wearable data may improve the health and
behavioral outcomes of users by generating socia support and
improving their ability to managetheir health [9-12], increasing
patient—provider engagement, and facilitating individualized
counseling and clinical decision making [12-15]. Studies also
suggest that wearable data sharing among behaviora
i ntervention participants may increaseintervention effectiveness
[16].

When used as a health communication tool, the potential of
wearable technologies to improve health may not be fully
realized without an understanding of the willingness to share
wearable data, particularly with providers. Reasons for not
sharing wearable datawith providersinclude lack of awareness
of the social sharing features of wearables, uncertainty about
the relevance or usefulness of the data to providers, low
expectation of supportive feedback, and concerns about privacy
or control over data shared from the device[12-14]. Past studies
of patient data sharing from various mHealth technologies also
suggest that willingness to share wearable data may vary by
individual characteristics, such as sociodemographics (eg, sex,
age, race, or ethnicity), health-related factors (eg, weight status
or having achronic condition), and trust [17-19]. However, the
correlates of willingnessto share datafrom wearable health and
activity trackers, specifically, need further examination, as the
characteristics of mHealth usersvary by type of device used for
health and behavioral tracking [20].

Following evidence that the use of and engagement with digital
health can influence health and communication behavior
[21-23], digital hedlth behaviors may be additional factors
associated with the willingness to share wearable data. For
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example, individuals who use mHealth technologies such as
smartphones or tabletsto help communicate with providers may
have greater technol ogy self-efficacy [21], which may influence
their willingness to share health information from wearable
devices. Frequency of wearable use, one aspect of engagement
with mHealth technologies for health and behavioral tracking
[22], could &l so be afactor associated with willingnessto share
data from these devices. Moreover, other digital health
behaviors, such as sharing health information on social
networking sites (SNSs; eg, Facebook) or within web-based
health communities (eg, online cancer support groups), may be
associated with willingness to share wearable data if social
sharing of health information across digital media is broadly
perceived as useful or beneficial [9,11,23]. However, to the best
of our knowledge, such relationships between digital health
behaviors and willingness to share data from wearables have
not been examined in a nationally representative sample of US
adults.

A better understanding of the factors that influence willingness
to share data from wearables could have implications for the
use of patient-generated data in clinical practice [24],
particularly given the growing number of interventionsthat use
wearable devices to track health and activity [25] and recent
cals for integration and use of these data in interventions
[26,27]. ldentifying the sociodemographic, heath, and
behavioral correlates of willingnessto share datafrom wearables
could provide insights on the population subgroups that are
most or least likely to engage with, and benefit from, wearable
interventions or multicomponent behavioral interventions that
involve wearable use. In addition, exploring the correlates of
willingness to share wearable data with providers, as well as
with family or friends, may identify different drivers of
willingness to share data with different types of recipients.

Objectives

This study has 2 primary aimsto address gaps in the literature.
The first aim is to describe the sociodemographic and
health-related correl ates of the reported willingness of wearable
users to share data with health care providers and with family
or friends. The second aim is to investigate the relationship
between different digital health behaviors (ie, use of
smartphones or tablets to help communicate with providers,
frequency of wearable use, sharing health information on SNSs,
and participation in a web-based health community) and the
willingness of users to share wearable data with health care
providers and with family or friends.
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Methods

Sample Population

Datafrom the 2019 Health Information National Trends Survey
(HINTS) of the National Cancer Institute wereanalyzed. HINTS
isanationally representative, probability-based cross-sectional
survey. Self-administered questionnaires were completed by
adult, civilian, noninstitutionalized individuals (N=5438)
between January and April 2019 (Multimedia Appendix 1).
Respondents compl eted mailed paper questionnaires (paper-only
group) or completed the questionnaire on the web as part of a
push-to-web pilot study. Individuals participating in the web
pilot were randomly assigned to aweb-option group (choice of
responding by paper or web) or a web-bonus group (choice of
responding by paper or web, with aUS $10 bonusincentive for
responding via web). There were no significant differencesin
response rates for the paper-only group (30.2%), the web-option
group (29.6%), and the web-bonus group (31.5%). Additional
information about HINTS data, resources, and methodology
has been described el sawhere [28], and information specific to
HINTS 5 Cycle 3 (2019) can be found in publicly available
methods reports [29].

To beincluded in the analytic sample, respondents had to report
the use of a wearable device to track their health or activity.
Thus, respondentswereincluded if they selected “yes’ (vs“no”)
in response to the item “In the past 12 months, have you used
an electronic wearable device to monitor or track your health
or activity? For example, a Fitbit, Apple Watch, or Garmin
Vivofit.” In addition, respondents must have reported data for
the outcome variables of interest, as described in the following
sections.

M easures

Willingnessto Share Wearable Data

Willingnessto share wearabl e datawith providers was measured
with the item “Would you be willing to share health data from
your wearable device with your health care provider?’ (“yes’
or “no”). Willingness to share wearable data with family or
friends was measured by asking respondents, “Would you be
willing to share health data from your wearable device with
your family or friends?’ (*yes’ or “no”).

Digital Health Behaviors

To evaluate web-based health information sharing, the reported
use of SNSs to share health information and participate in a
web-based health community were examined. The use of SNSs
was measured with the item “In the past 12 months, have you
used the Internet for any of the following reasons? To share
health information on social networking sites, such as Facebook
or Twitter” (“yes’ or “no”). To measure participation in a
web-based health community, respondents were asked: “In the
past 12 months, have you used the Internet for any of the
following reasons? To participate in an online forum or support
group for people with asimilar health or medical issue” (“yes’
or “no”).

The use of mHealth technologies to help communicate with
providers was measured with the item “Has your tablet or
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smartphone helped you in discussions with your health care
provider?’ (“yes’ or “no”). Frequency of wearable use was
evaluated by asking respondents: “1n the past month, how often
did you use awearable deviceto track your health?’ Responses
were dichotomized into higher frequency use (“amost every
day” or “every day”) and lower frequency use (“1-2 times per
week,” “less than once per week,” or “did not use a wearable
device in the past month™).

Health-Related Characteristics

Health-related correl atesincluded perceived hedth status, health
self-efficacy, BMI, multimorbidity, and level of physical
activity. Perceived health status was measured with the item
“In general, would you say your hedlthis...?” Responses were
dichotomized into good health (“excellent,” “very good,” or
“good”) and “fair” or “poor” health. Health self-efficacy was
measured with the item “Overall, how confident are you about
your ahility to take good care of your health?’ Responses were
dichotomized into higher health self-efficacy (“very confident”
or “completely confident”) and lower hedlth self-efficacy
(“somewhat confident,” “a little confident,” or “not confident
at all”). Self-reported height and weight were used to calculate
and classify BMI [30]; underweight respondentswere excluded
from analysis due to low frequency of BMI indicative of
underweight (BMI1<18.5) among wearable users (n=13). A
composite multimorbidity variable (0 conditions, 1 condition,
or =2 conditions) combined datafrom itemsthat assessed history
of chronic conditions (“yes’ or “no”), including diabetes, heart
disease, lung disease, depression or anxiety, and any cancer
except nonmelanoma skin cancer. On the basis of the Physical
Activity Guidelines for Americans for minutes per week of
moderate-intensity physical activity [31], level of physical
activity was assessed with a discrete numerical response to the
item “On the days that you do any physical activity or exercise
of at least moderate intensity, how long do you typically do
these activities?’ Responses were dichotomized as higher level
of physical activity (=150 minutes per week) versuslower level
of physical activity (<150 minutes per week).

Additional health-related measures included having a regular
health care provider, trust in health information from a
physician, and trust in health information from family or friends.
Having a regular health care provider (“yes’ or “no”) was
measured with the item “Not including psychiatrists and other
mental health professionals, isthere a particular doctor, nurse,
or other health professional that you see most often?’ Trust in
health information from a physician was evaluated with the
item “In general, how much would you trust information about
health or medical topics from each of the following? A doctor.”
Trust in health information from family or friendswas evaluated
with the item “In general, how much would you trust
information about health or medical topics from each of the
following? Family or friends.” Response options for both trust
items were dichotomized as higher trust (“alot”) versus lower
trust (“some,” “alittle,” or “not at al”).

Sociodemographic Characteristics

Sociodemographic variables included sex (women and men),
age (18-34, 35-49, 50-64, and =65 years), race (White, Black,
and other races, which combined low-frequency responses for
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American Indian or Alaska Native, Asian Indian, Chinese,
Filipino, Japanese, Korean, Vietnamese, other Asian, Native
Hawaiian, Guamanian or Chamorro, Samoan, and other Pacific
Islander), ethnicity (Hispanic and non-Hispanic), education
(high school graduate or less; technical, vocational, or some
college; and college graduate or postgraduate), annual household
incomein US dollars (<US $35,000, US $35,000-$49,999, US
$50,000-$74,999, US $75,000-$99,999, and =US $100,000),
and geographic area (urban vsrural [32]). Dueto the relatively
high proportion of missing datain the annual household income
measure, an imputed variable provided in the data set was used
to avoid losing respondents in the analytic sample.

Statistical Analysis

Frequencies, weighted percentages, and chi-square statistics
were calculated to describe the distribution of US adults who
reported using a wearable device to track health or activity.
Binomial logistic regression analysiswas conducted to examine
correlations between individual characteristics
(sociodemographic, health-related, and digital health behavior
variables) and willingness to share wearable data with health
care providers, and correlations between individual
characteristics and willingness to share wearable data with
family or friends. Intotal, 2 regression modelswere constructed.

For the model predicting willingness to share wearable data
with providers, al sociodemographic and health-related
variables (excluding trust in health information from family or
friends) were entered first to address the first aim of this study.
Because digital health behaviors were factors of particular
interest, the second aim was addressed by adding digital health
behavior variables stepwise in the following order: frequency
of wearable use, use of mHealth technologies to help
communicate with providers, use of SNSs to share hedlth
information, and participation in aweb-based health community.
The order in which variables were added to the model was based
on the extent of supporting literature [21-23] that suggests a
potential association between the respective digital health
behavior and willingness to share wearable data, such that
variables with agreater evidence base were added to the model

first. Pseudo R? was examined after adding each digital health
behavior variable to the model to determine how much
variability could be explained by each of these key predictor
variables. For themodel predicting willingnessto sharewearable
data with family or friends, covariates were entered using a
similar stepwise approach; however, variables pertaining to
interactions with providers were excluded (ie, use of mHealth
technologies to help communicate with providers, having a
regular health care provider, and trust in health information
from a physician), whereas trust in health information from
family or friends was added.

Statistical analysiswas conducted using SAS (version 9.4; SAS
Ingtitute). Complete-case analysis with listwise deletion was

https://mhealth.jmir.org/2021/12/€29190

Rising et a

used for the regression models. Group differences by survey
modality (paper-only, web-option, and web-bonus) for the
outcome variables of interest were assessed using thejackknife
replication variance estimation method, applying afinal sasmple
weight and replicate weights created using the Rizzo method
[33]. Because group differences were not significant in our
analysis of outcomes by modality, the full-sample weight was
applied to calculate population estimates for the combined
sample without controlling for group differences by survey
modality. Replicate weights were also used to compute SEs of
estimates using the jackknife replication method for the
combined sample without controlling for group differences by
survey modality.

Results

Sample Population

The analytic sample comprised 1300 wearable users. Analysis
of weighted data showed that women (55.03%) and men
(44.97%) each constituted approximately half of the sample.
The mgjority were under 50 years of age (64.1%), urban
residents (88.07%), non-Hispanic White (64.69%), and reported
having an education beyond high school (85%). Individuals
with annual household income under US $75,000 comprised
44.02% of the sample, with the remaining 55.98% having an
annual household income of US $75,000 or more (Table 1).
The characteristics of the HINTS anaytic sample can be
referenced alongside the characteristics of the analytic sample
of wearable users in Multimedia Appendix 2. Similar to other
health-based surveys, HINTS respondents tend to be female,
older, non-Hispanic White, urban-dwelling, and more educated,
and have a higher annua household income than the general
population [28].

Most individuals reported having agood health status (89.65%),
higher health self-efficacy (77.15%), and aregular health care
provider (64.73%). Moreindividualsreported higher (vslower)
trust in health information from a physician (75.55%) and |ower
(vs higher) trust in health information from family or friends
(90.89%). A majority of individualshad aBM1=24.9 (69.44%),
and just over haf reported having one or more chronic
conditions (53.71%). Approximately half of the individuals
reported a higher (48.54%) versus lower (51.46%) level of
physical activity.

Most individualsincluded in the analytic sampl e reported using
their wearables“ every day” or “amost every day” (72%). They
were relatively evenly divided on the use of other mHealth
technol ogies (eg, smartphones and tabl ets) to hel p communicate
with providers (47.93% “yes’ vs 52.07% “no”). A minority of
individuals reported sharing health information on SNSs
(19.54%) or participating in a web-based health community
(11.95%).
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Table 1. Weighted, unadjusted population estimates for sociodemographic and health-related characteristics of wearable users willing to share data
with providers and with family or friends, HINTS 20192 (N=1300).

Characteristics Users, n (weighted %, SE)

Wearable users (N=1300) Willing to share datawith

providers (n=1033")

Willing to share datawith family
or friends (n=853°)

Sex
Men
Women
Age (years)
18-34
35-49
50-64
=65
Race and ethnicity
White, non-Hispanic
Black, non-Hispanic
Hispanic
Other race or ethnicity
Education
College graduate or postgraduate
Technical, vocational, or some college
High school graduate or less
Annual household income (US $)
=>100,000
75,000-99,999
50,000-74,999
35,000-49,999
<35,000
Geographic area
Urban
Rural
Perceived health status
Poor or fair
Good

Health self-efficacy
Lower
Higher

Regular health care provider
No

Yes

Trust health information from physician

Lower

Higher

486 (44.97, 2.08)
787 (55.03, 2.08)

272 (33.62, 2.08)
339 (30.48, 1.85)
411 (26.37, 1.89)
257 (9.53, 0.81)

788 (64.69, 1.83)
141 (8.86, 1.19)
169 (17.66, 1.64)
106 (8.79, 1.18)

796 (42.55, 1.97)
344 (42.45, 2.39)
130 (15, 2.07)

526 (38.26, 2.25)
211 (17.72, 1.56)
219 (16.18, 1.58)
142 (13.8, 1.81)

192 (14.04, 1.77)

1196 (88.07, 1.91)
104 (11.93, 1.91)

113 (10.35, 1.65)
1174 (89.65, 1.65)

278 (22.85, 1.97)
1006 (77.15, 1.97)

379 (35.27, 2.28)

904 (64.73, 2.28)

321 (24.45, 1.9)

955 (75.55, 1.9)

387 (44.44, 2.24)
630 (55.56, 2.24)

234 (36.42, 2.46)
265 (29.82, 2.32)
315 (24.81, 2.11)
205 (8.95, 0.87)

645 (66.21, 2.03)
114 (9.26, 1.54)
129 (16.29, 1.81)
78(8.24,1.32)

647 (43.98, 2.41)
276 (43.38, 2.84)
90 (12.64, 2.05)

424(38.41, 2.17)
175 (19.18, 1.94)
176 (16.02, 1.74)
105 (12.6, 2.1)

145 (13.79, 1.82)

951 (88.25, 2.26)
82 (11.75, 2.26)

85 (9.67, 1.85)
938 (90.33, 1.85)

200 (20.32, 2.17)
813 (79.68, 2.17)

288 (33.6, 2.74)

735 (66.4, 2.74)

226 (20.96, 2.24)

794 (79.049, 2.24)

310 (44.68, 2.62)
527 (55.32, 2.62)

211 (36.87, 3.03)
237 (30.62, 2.49)
245 (23.91, 2.3)
152 (8.6, 0.97)

533 (66.04, 2.6)
96 (9.82, 1.92)
103 (15.93, 1.86)
70(8.21, 1.47)

541 (43.69, 2.63)
220 (41.83, 3.1)
76 (14.48, 2.57)

357 (39.39, 2.76)
138 (17.5, 2.1)
142 (16.33, 2.03)
96 (13.38, 2.22)
112 (13.4, 1.85)

780 (86.07, 2.65)
73 (13.93, 2.65)

51(7.42,2.1)

793 (92,58, 2.1)

161 (18.54, 2.33)

683 (81.46°% 2.33)

Not examined’

Not examined’

Not examined’

Not examined’
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Characteristics Users, n (weighted %, SE)

Wearable users (N=1300) Willing to share datawith

providers (n= 1033b)

Willing to share datawith family
or friends (n=853%)

Trust health information from family or friends

Lower
Higher

BMI

18.5-24.9 (normal)
25-29.9 (overweight)

>30 (obese)
Multimor bidity

0 conditions

1 condition

>2 conditions

Level of physical activity

Lower

Higher

1167 (90.89, 1.64)

89 (9.11, 1.64)

389 (30.56, 1.92)
472 (38.87, 2.44)
395 (3057, 2.15)

545 (46.29, 2.3)
398 (31.56, 2.31)
326 (22.15, 2.02)

674 (51.46, 2.18)
595 (48.54, 2.18)

Not examined”

Not examined”

313 (30.28, 2.34)
374 (39.45, 2.93)
318 (30.27, 2.41)

429 (46.04, 2.83)
320 (31.46, 2.6)
263 (22.5, 2.55)

521 (47.97, 2.53)

490 (52.03, 2.53)

772 (89.55, 2.42)

66 (10.45, 2.42)

263 (30.09, 2.39)
321 (40.46, 3.1)
244 (29.45, 2.78)

368 (47.62, 3.02)
271 (33.35, 3.02)
193 (19.03, 2.38)

430 (47.06, 2.81)

408 (52.94, 2.81)

3HINTS 2019: Health Information National Trends Survey 5, Cycle 3.

BA total of 18 wearable users had missi ng datafor willingnessto share wearable datawith providers, therefore the denominator for weighted percentages

in this columnis 1282.

CA total of 22 wearable users had missing data for willingness to share wearable data with family or friends, therefore the denominator for weighted

percentages in this column is 1278.
42,=5.9; P=.02.
&?,=7.2; P=.0L.

fProvider-specific variables were not examined in the model predicting willingness to share wearable data with family or friends (see section Satistical

Analysis).
9%,=8.0; P=.007.

PEami ly or friend-specific variables were not examined in the model predicting willingness to share wearabl e datawith providers (see section Satistical

Analysis).
'x?1=12.5; P<.001.
1x?,=7.6; P=.008.

Willingnessto Share Wear able Data

A small number of wearable users had missing data regarding
willingness to share wearable data with providers (n=18) and
willingnessto share wearable datawith family or friends (n=22);
therefore, the analytic sample comprised 1282 respondents for
willingness to share wearable data with providers and 1278
respondents for willingness to share wearabl e data with family
or friends. A mgjority of individuals reported that they would
be willing to share wearable data with health care providers
(81.86%) and with family or friends (69.1%). In the bivariate
analyses, willingnessto share wearable datawith providerswas
significantly associated with trust in health information from a
physician and level of physical activity. Willingness to share
wearable datawith family or friendswas significantly associated
with perceived hedlth status, health self-efficacy, and level of
physical activity (Table 1).

Willingness to share wearable data with providers was also
significantly associated with each of the 4 measured digital

https://mhealth.jmir.org/2021/12/€29190
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health behaviors: frequency of wearable use, use of mHealth
technologies to help communicate with providers, use of SNSs
to share health information, and participation in a web-based
health community. Only the use of SNSs to share health
information was significantly correlated with reported
willingnessto share wearable datawith family or friends (Table
2).

Regression analysis showed that individual swho reported higher
(vs lower) health self-efficacy (odds ratio [OR] 1.97, 95% ClI
1.11-3.51), higher (vs lower) trust in health information from
aphysician (OR 1.98, 95% Cl 1.12-3.49), and higher (vslower)
levels of physical activity (OR 2.00, 95% CI 1.21-3.31) had
significantly greater odds of reported willingness to share
wearable data with providers. Among the digital health
behaviors, higher (vs lower) frequency of wearable use (OR
2.15, 95% CI 1.35-3.43) and use of mHealth technologies to
help communicate with providers (OR 1.99, 95% CI 1.09-3.63)
were significantly associated with willingnessto share wearable

datawith providers (Table 3). On the basis of pseudo R? values,
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the model fit improved with the addition of each digital health
behavior variable.

Intheregression analysis, only individual swho reported higher
(vslower) levelsof physical activity had higher odds of reported
willingness to share wearable data with family or friends (OR

Rising et a

1.70, 95% CI 1.02-2.84; P=.04). Of the 3 digital health behaviors
included in the model, none were significantly associated with
willingness to share wearable data with family or friends (data
not shown). Asin the first model, the model fit improved with
the addition of each digital health behavior variable.

Table 2. Weighted, unadjusted population estimates for digital health behaviors of wearable users willing to share data with providers and with family

or friends, HINTS 2019? (N=1300).

Characteristic Users, n (weighted %, SE)
Wearable users (N=1300) Willing to share datawith Willing to share datawith fam-
providers (n=1033") ily or friends (n=853°)
Freguency of wearable use
Lower 396 (28, 1.69) 295 (25.84, 2.02) 237 (26.52, 2.42)
Higher 888 (72, 1.69) 735 (74.16% 2.02) 615 (73.48, 2.42)

Use of mHealth® technologies to help communicate with providers
No 635 (52.07, 2.18)
Yes 617 (47.93, 2.18)

Use social networking sitesto share health information
No 1056 (80.46, 1.75)
Yes 229 (19.54, 1.75)

Participating in an online health community

No 1143 (88.05, 1.58)
Yes 145 (11.95, 1.58)

482 (47.98, 2.68) Not examined’

521 (52.029, 2.68) Not examined’
830 (78.51, 2.24) 670 (77.57, 2.35)
192 (21.49", 2.24) 174 (22.43', 2.35)
901 (86.52, 2.08) 737 (86.7, 2.21)
122 (13.48), 2.08) 108 (13.3, 2.21)

3HINTS 2019: Health Information National Trends Survey 5, Cycle 3.

BA total of 18 wearable usershad miss ng datafor willingnessto share wearable datawith providers, therefore the denominator for weighted percentages

in this columnis 1282.

CA total of 22 wearable users had missing data for willingness to share wearable data with family or friends, therefore the denominator for weighted

percentagesin this column is 1278.
21=4.27, P=.04.
€mHealth: mobile health.

fProvider-specific variables were not examined in the model predicting willingness to share wearable data with family or friends.

92,=11.13; P=.002.
hy?,=5.55; P=.02.
'x%=5.56; P=.02.
1x?,=5.67; P=.02.
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Table 3. Correlates of willingness to share wearable data with providers, weighted, fully adjusted binomial logistic regression model, HINTS 2019%

(n=1070).
Characteristic OR® (95% CI) P vaue
Sex
Men Reference Reference
Women 1.13(0.68-1.89) 63
Age (years)
18-34 Reference Reference
35-49 0.49 (0.25-0.98) .05
50-64 0.51 (0.24-1.09) .08
265 0.45 (0.17-1.22) 11
Race and ethnicity
White, non-Hispanic Reference Reference
Black, non-Hispanic 1.26 (0.50-3.18) .62
Hispanic 0.53(0.25-1.11) .09
Other race or ethnicity 0.54 (0.20-1.49) .23
Education
College graduate or postgraduate Reference Reference
Technical, vocational, or similar college 1.05 (0.58-1.91) .87
High school graduate or less 0.73 (0.34-1.58) 42
Annual household income (US $)
=100,000 Reference Reference
75,000-99,999 1.69 (0.76-3.76) .20
50,000-74,999 1.38(0.72-2.64) .32
35,000-49,999 0.86 (0.37-2.01) 72
<35,000 1.61 (0.64-4.06) .30
Geographic area
Urban Reference Reference
Rural 0.56 (0.25-1.22) 14
Perceived health status
Poor or fair Reference Reference
Good 0.96 (0.33-2.76) 94
Health self-efficacy
Lower Reference Reference
Higher 1.97 (1.11-351) .02
Regular health care provider
No Reference Reference
Yes 1.40 (0.75-2.61) 28
Trust in health information from a physician
Lower Reference Reference
Higher 1.98 (1.12-3.49) 02
BMI
18.5-24.9 (normal) Reference Reference
25-29.9 (overweight) 1.00 (0.48-2.08) .99
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Characteristic OR® (95% ClI) P value
>30 (obese) 0.97 (0.46-2.05) 93
Multimor bidity
0 conditions Reference Reference
1 condition 0.98 (0.53-1.83) .94
>2 conditions 1.16 (0.49-2.76) 74
Leve of physical activity
Lower Reference Reference
Higher 2.00(1.21-3.31) .008
Frequency of wearable use
Lower Reference Reference
Higher 2.15(1.35-3.43) .002
Use of mHealth® technologies to help communicate with providers
No Reference Reference
Yes 1.99 (1.09-3.63) .03
Use of SNSs? to share health information
No Reference Reference
Yes 1.50 (0.72-3.12) 27
Participation in a web-based health community
No Reference Reference
Yes 1.64 (0.65-4.15) .29

8HINTS 2019: Health Information National Trends Survey 5, Cycle 3.
POR: odds ratio.

®mHealth: mobile health.

dSNS: social networking site.

Discussion

Principal Findings

The purpose of this study was to describe the willingness to
share hedth information collected on wearable health and
activity trackerswith health care providers and family or friends
inanationally representative sample of US adult wearable users.
The findings of this study suggest that most individuals who
used wearableswere willing to share data generated from these
devices with providers (approximately 80%), as well as with
family or friends (approximately 70%); however, willingness
to share this information varied with behavior-related factors.
Health self-€efficacy, trust in providers as an information source,
frequency of wearable use, use of other mHealth technologies
to help communicate with providers, and being physicaly active
appeared to be key factors that influenced willingness to share
wearable data with providers. Being physically active also
appeared to play an important role in willingness to share data
from wearables with family or friends, whereas other factors
such as sociodemographics, health-related characteristics, and
digital health behaviors played aless prominent role.

These findings contribute to the literature by identifying
individual characteristics associated with willingness to share

https://mhealth.jmir.org/2021/12/€29190

RenderX

data from wearable health and activity trackers in the adult
population and distinguishing the correlates of willingness to
share on the basis of the recipient of the data. Interestingly, our
study revealed no differential willingnessto share according to
the sociodemographic characteristics of wearable users.
Although the HINTS response rate was relatively low for al
survey modalities (approximately 30%), differences by survey
modality group (paper, web, and web-bonus) were not
significant for the response rate and for the outcome variables
of interest.

Willingnessto Share Wear able Data With Health Care
Providers

Thefindings of this study suggest that willingnessto exchange
health- and activity-related information with providers via
mHealth technol ogies may beincreasing. For example, in 2013,
approximately 50% of US adultswho used smartphones, tablets,
or other mobile devicesreported that they would be “ somewhat”
or “very” willing to use these technologies to exchange health
information about lifestyle behaviors with a provider [18].
Similar to the results of this study, Hyde et a [2] found that
approximately 76% of adults reported willingnessto share data
from wearable health and activity monitors or fitness trackers
with providers.
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In contrast to prior studies examining willingness or sharing of
datafrom mHesalth technol ogies, factors such as sex, age, weight
status [17], race and ethnicity [17,34], income [18,19], and
education [ 18] were not significantly associated with willingness
to share wearable data with providers. In addition, having a
regular health care provider and having a chronic condition,
such as diabetes or hypertension, were not key predictors of
willingness to share wearable data. Past studies of US adults
have found these to be significant correlates of reported data
sharing from electronic medical devices (eg, glucometers and
blood pressure monitors) [19]. Therefore, along with prior
research [20], the findings of this study demonstrate the
importance of examining behavioral predictors and outcomes
of patient-generated data sharing for different types of
technology.

In this study, level of physical activity and health self-efficacy
were significant health-related correlates of willingnessto share
wearable datawith providers. Previous research has shown that
wearable userstend to be more physically active than the general
population [1]; however, the association between physical
activity and willingness of wearable users to share data with
providers has been unclear to date [2]. Therefore, our study
results contribute to the literature that, among wearable users,
those with higher versus lower levels of physical activity may
be more willing to share their data with providers. Moreover,
although research suggests that using a wearable device may
increase health self-efficacy [21,35], our findings suggest that
users with relatively high versus low health self-efficacy may
be morewilling to share their wearable data. Because wearable
users with lower levels of physical activity or lower health
self-efficacy may benefit the most from sharing wearable data
with receptive providers (eg, individualized counseling), future
mHealth intervention studies could include these factors in
intervention design and explore how to overcome these potential
barriers to data sharing. An increasingly acknowledged digital
divide that has arisen from disparate health or behavioral
outcomes among technology users [36] makes such research
particularly important.

The results of this study also showed that trust in health
information from providersis astrong predictor of willingness
to share wearable datawith them. Previous studies of US adults
also found an association between trust in providers and
willingness to exchange lifestyle behavior information via
mHealth technol ogies, such as smartphones or tablets [18]. To
increase willingness to share wearable data among those with
lower levels of trust in providers as information sources, future
mHealth intervention studies could explore ways to build trust
in health information exchange  within the
pati ent—provider—technology relationship.

The second aim of our study wasto investigate the relationship
between digital health behaviors and willingness of users to
share wearable data. The study findings showed that those who
reported using their wearables every day or amost every day
were more likely to report willingness to share data with
providers than those who used them less often. Those who
reported using (vs not using) smartphones or tablets to help
communicate with providers were also more likely to report
willingnessto share. Consistent with prior research [21,22,25],
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these results suggest that greater use and technology
self-efficacy, specifically in the context of health care and the
patient—provider relationship, may increase the intention to
share wearable health information with providers. These may
be important targets for future intervention research focused on
increasing health information exchange with providers via
wearables.

By contrast, using SNSs to share health information and
participating in a web-based health community were not
significantly correlated with willingness to share health
information from wearables with providers. These findings
suggest that health information—sharing behaviors may vary
based on the context (eg, health care setting or online support
group), the audience or recipient (eg, health care providers or
peers), and the technology through which the information is
shared. Because SN Ss and web-based health communities may
be helpful to individuals through the visibility, availability,
control, and reach they offer [37,38], future mHealth
intervention studies that aim to improve wearable data sharing
with providers could consider how to incorporate these factors
into the intervention design.

Willingness to Share Wearable Data With Family or
Friends

This study also aimed to explore the correlates of willingness
to share data with family and friends, as there may be different
drivers of willingness to share data based on the recipient of
the information [2]. Controlling for other factors, including
sociodemographics, health-related characteristics, and digital
health behaviors (frequency of wearable use, use of SNSs to
share health information, and participation in aweb-based health
community), only higher (vs lower) levels of physical activity
weresignificantly associated with willingnessto share wearable
data with family and friends. As shown by Hyde et a [2], our
findings suggest that there are distinctive drivers of intention
to share health information via wearable health and activity
trackers. However, we contribute to the literature the finding
that physical activity of US adult wearable users appearsto be
a particularly important individual factor associated with
willingness to share wearable health information given that
physical activity was a strong predictor of willingnessto share
with both providers and family or friends.

One explanation for these findings is that individuals already
engaged in health-promoting behaviors have higher health
self-efficacy and are more willing to share their data because
these dataimprovetheir ability to managetheir health. Because
socia support and health self-efficacy are beneficial outcomes
of sharing wearable health data with family or friends [9-11],
individuals who may need support the most (those with low
levels of physical activity) may be missing these benefits. To
overcome barriers to sharing wearable data, such as lack of
confidence in level of physical activity, mHealth interventions
could be designed to work with participantsin web-based health
communities to focus on progress and on generating esteem
support rather than focusing predominantly on social
competition.
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Limitations

One of the limitations of this study is the reliance on
self-reported and cross-sectional data. In addition, our study
waslimited by theinability to distinguish between varioustypes
of wearable headth and activity trackers, which can vary
considerably in their functionality. Due to limitations of the
data set, we also could not assess other factors that potentially
affect willingness to share wearable data with others, such as
technology self-efficacy or concerns about privacy or data
security.

Conclusions

This study contributes to understanding the willingness of US
adults to share data from wearable health and activity trackers
with health care providers and family or friends. Severa
behavior-related factors were independently associated with
willingness to share wearable data with providers, including
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level of physical activityy, health  self-efficacy,
information-related trust in providers, frequency of wearable
use, and use of mHealth technol ogiesto help communicate with
providers. Only level of physical activity was significantly
associated with willingness to share wearable data with family
or friends, controlling for other factors. Future behavioral
surveillance research could assess attitudes associated with
willingness to share wearable data, as well as factors that may
influence these attitudes (eg, concerns about privacy), given the
strong relationship between attitudes and behavioral intention
[39]. In addition, given that attitudes about mHealth technologies
and use of patient-generated data from wearables involve both
patientsand providers, researchers could use participatory action
approachesthat include these stakeholdersin intervention design
and implementation. When used as a communication tool, the
potential of wearablesto improve popul ation health may not be
fully realized without attention to these individual and relational
factors.
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