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Abstract
Background: To track and reduce the spread of COVID-19, apps have been developed to identify contact with individuals
infected with SARS-CoV-2 and warn those who are at risk of having contracted the virus. However, the effectiveness of these
apps depends highly on their uptake by the general population.
Objective: The present study investigated factors influencing app use intention, based on the health belief model. In addition,
associations with respondents’ level of news consumption and their health condition were investigated.
Methods: A survey was administered in Flanders, Belgium, to 1500 respondents, aged 18 to 64 years. Structural equation
modeling was used to investigate relationships across the model’s constructs.
Results: In total, 48.70% (n=730) of respondents indicated that they intend to use a COVID-19 tracing app. The most important
predictor was the perceived benefits of the app, followed by self-efficacy and perceived barriers. Perceived severity and perceived
susceptibility were not related to app uptake intention. Moreover, cues to action (ie, individuals’ exposure to [digital] media
content) were positively associated with app use intention. As the respondents’ age increased, their perceived benefits and
self-efficacy for app usage decreased.
Conclusions: Initiatives to stimulate the uptake of contact tracing apps should enhance perceived benefits and self-efficacy. A
perceived barrier for some potential users is privacy concerns. Therefore, when developing and launching an app, clarification
on how individuals’ privacy will be protected is needed. To sustain perceived benefits in the long run, supplementary options
could be integrated to inform and assist users.
(JMIR Public Health Surveill 2020;6(3):e20572) doi: 10.2196/20572
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Introduction
The rapid spread of COVID-19 has led to numerous efforts to
contain the pandemic as scientists endeavor to develop potential
vaccinations. While policy makers have implemented several
measures, it has been proposed that technologies be integrated
into countries’ deconfinement strategies. To reduce the risk of
spreading SARS-CoV-2 when exiting lockdown measures,
several apps have been developed. At the core of these apps is
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contact tracing. Through contact tracing, the potential
transmission routes of a virus in the population can be assessed
to isolate and assist individuals who may have been in contact
with someone with COVID-19 [1]. By using an app that traces
contact with COVID-19–infected individuals and offers advice
on how to prevent infection, citizens can help limit the spread
of the virus.
However, the effectiveness of this app depends on uptake by
the population [1]. Therefore, this study investigated factors
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that can influence citizens’ willingness to use an app that traces
contact with COVID-19–diagnosed individuals and notifies app
users of this contact, without revealing the identity of the
diagnosed app user(s) or where this contact occurred. This
proximity tracing is made possible by the exchange of random
identification codes between smartphones that are running the
app and are in each other’s proximity. The smartphones save
this list of codes for a period of time (eg, the incubation period
of the virus). When a smartphone user is diagnosed with the
virus, they can upload anonymized data to the app’s server, with
the explicit permission of the user and approval of a health
professional. App users who have been in the proximity of the
infected app user during the incubation period of the virus will
be informed that they have been in contact with an individual
who has been infected with COVID-19 and therefore might be
at risk of having contracted the virus. This notification to at-risk
individuals can further advise users on what steps to undertake
(eg, getting tested, self-isolation).
A number of countries have integrated this kind of tracing app
into their deconfinement plans or are presently discussing this
option [2,3]. Research has concentrated on contact tracing and
symptom tracking systems [1,4-6] as well as the association
between app usage and the epidemiological spread of the virus
[7]. Some studies have focused on the differences between apps
implemented in several countries [3], while others have analyzed
the legal or ethical aspects (eg, data protection) [2,8,9].
Questions still remain about the factors that influence citizens’
uptake of COVID-19 contact tracing apps. Insight into these
factors provides developers and policy makers information on
aspects that need to be taken into account when launching an
app and stimulating app uptake.
The aim of this study is to investigate which factors influence
individuals’ intention to use a COVID-19 app by adopting the
health belief model (HBM) [10,11] perspective. The HBM states
that, in response to a threat, an individual’s health behavior is
determined by two cognitive processes: how severe one assesses
the consequences of a threat to be (ie, threat appraisal) and how
efficient and feasible a protection behavior is (ie, coping
appraisal) [12].
Applied to the current COVID-19 pandemic, threat appraisal
consists first of one’s perceived susceptibility or perceived risk
for contracting SARS-CoV-2. We expect that if someone
perceives themselves to be at risk of COVID-19 infection and
related health complications, the individual will be inclined to
use the app to assess potential COVID-19 infection risks.
Perceived severity refers to individuals’ perceptions of the
impact of infection for them. Therefore, individuals who assess
this risk to their personal health as high will be more inclined
to adopt the app.
Behavioral intention is further determined by the perceived
benefits—in this case, the expected positive consequences of
using the COVID-19 app. Individuals who are more convinced
of the app’s social (eg, using the app to contribute to knowledge
about the viral spread) and individual (eg, being informed of
potential infection) benefits would be more willing to use the
app. However, in the current debate on tracing apps, some have
voiced concerns about the protection of app users’ personal data
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[3]. These concerns can form perceived barriers to adopt the
app. Additionally, tensions may occur between infected and
healthy individuals [13], which could also present barriers to
using the app. By contrast, cues to action can stimulate
individuals to engage in protective behaviors. Since media
coverage of the COVID-19 pandemic is high, we assessed
respondents’ perceived exposure to (digital) media content. We
expect that the more individuals consult news platforms during
the pandemic, the more inclined they will be to use the app.
Users may have various expectations concerning their potential
mastery of the app. Individuals’ self-efficacy was added to the
original HBM [14], which is, in short, one’s belief of having
mastered performance of a requisite protective behavior [15].
We therefore expect that individuals’ adoption of the app will
be influenced by their belief in their competence to use the app.
The HBM is often complemented by factors that relate to the
particular behaviors being investigated [16]. We included health
conditions that increase respondents’ risk when infected with
the virus as an additional factor that may influence behavioral
intentions. Finally, we investigate potential differences in
gender, age, and education.

Methods
Procedure and Sample
Our study was conducted in Belgium, one of the top 15 countries
with the greatest number of cumulative confirmed COVID-19
cases (from January to April 2020) [17]. At the time of this
study, no contact tracing technology had been implemented in
Belgium.
An online survey was administered to respondents, aged 18 to
64 years. The study was approved by the University of Ghent
Ethics Committee. The data were collected from April 17 to
19, 2020. The recruitment of respondents was organized by a
professional research agency.
Using the statistical program G*Power, the calculation of an a
priori sample size, with an effect size of 0.1, a desired power
value of at least .80, and an alpha score of no greater than .05,
returned a recommended minimum sample size of 614
respondents.
A sample of 1500 respondents was recruited with the following
eligibility criteria: (a) a resident of Belgium, (b) aged 18-64
years, and (c) speak Dutch. To achieve a heterogeneous sample,
we followed a stratified sampling procedure. Based on Belgian
federal statistics, we stratified a priori the data regarding gender
(50.42% male and 49.58% female), age (33.28% between 18-34
years, 32.15% between 35-49 years, and 34.57% between 50-64
years), and educational degree (22.50% with lower secondary
education, 40.65% with upper secondary education, and 36.85%
with higher education) so that the proportion of the sample’s
strata would reflect the Flemish population. In total, 8000 panel
members were emailed an invitation to participate, which
included a short description of the study. When 1500
respondents were recruited, in accordance with the strata, data
collection was truncated. Respondents were not remunerated
for their participation but were entered into a contest organized
by the agency to win vouchers worth a maximum of 50 euros.
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The respondents were informed of study objectives and asked
for informed consent. They were then provided with a brief
description of the key features of a potential COVID-19
app—the use of Bluetooth or GPS signals to detect proximity,
the anonymous disclosure of users’ COVID-19–positive status
to other users who have been in their proximity, access to
supplementary information, and advice on dealing with
COVID-19. This information was based on available
explanations from apps that have been developed [18,19] since
a COVID-19 app was not available in Belgium at the time of
the study. This introduction and the questionnaire were assessed
by 3 respondents to check for clarity.

Measures
We measured HBM constructs following Champion’s
recommendations [20]. All answers were on 5-point Likert
scales ranging from disagree to agree. Perceived susceptibility
was measured with 3 items assessing respondents’ views on
how likely a COVID-19 infection would affect them. Perceived
severity was assessed with 3 items investigating how serious
respondents assess the consequences for their health of a
COVID-19 infection to be. In total, 6 items measured the
perceived benefits respondents find in using the COVID-19 app
(individual as well as social benefits). Based on current debates
about COVID-19 apps, 2 items measured perceived barriers.
This construct focused on privacy issues raised by the app and
how it could contribute to tensions among citizens with a
different COVID-19 status. Cues to action that would stimulate
individuals to use the app concentrated on (online) news
consumption during the COVID-19 crisis. This news
consumption was measured by asking respondents: “When you
think of the news you consult during the corona period (this is
the period since the Belgian government announced strict
measures on Friday, March 13, 2020), how often do you consult
the news through the sources below?”. In line with previous
research [21,22], respondents rated the online sources. Answers
were recorded using a 5-point scale ranging from never to
multiple times a day. Finally, 3 items were designed to capture
self-efficacy, which is the respondents’ own assessment of how
easy it would be for them to use the app. In addition, the
respondents’ gender, age, and education level were asked.
Finally, individuals’ COVID-19 personal health risk was
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assessed by asking if they suffered from one or several health
conditions that can be a risk factor when infected with
SARS-CoV-2 (ie, heart or lung condition, renal disease,
diabetes, cancer, weakened immune system, high blood
pressure).

Data Analysis
We applied structural equation modeling to the collected data
using Mplus 8.4 (Muthén & Muthén) to examine the
relationships among the HBM constructs [23]. First, we built a
measurement model to test whether the observed variables
reliably reflect the hypothesized latent variables (ie, intention,
perceived susceptibility, perceived severity, perceived benefits,
perceived barriers, cues to action, self-efficacy). Thereafter, we
examined the relationship between the study variables and our
covariates (ie, gender, age, education, COVID-19 personal
health risk). Finally, we estimated a structural model with
intention to use the COVID-19 app as the outcome.
We evaluated the model fits of the measurement and path
models according to several fit indices. Given that the χ2 is
almost always significant and not an adequate test of the model
fit [24,25], we also report the comparative fit index (CFI), root
mean square error of approximation (RMSEA), and the
standardized root mean square residual (SRMR). The CFI ranges
from 0 to 1.00, with a cut-off of .95 or higher indicating that
the model provides a good fit [24,26]. RMSEA values below
.05 indicate a good model fit [27]. The SRMR is a standardized
summary of the average covariance residuals [25]. A relatively
good model fit is indicated when the SRMR is less than .08
[26].

Results
Descriptive Results
Descriptive statistics of the variables, together with Cronbach
alpha values of the constructs, are presented in Table 1. A
correlation matrix of the latent variables is presented in Table
2. All items were included in the survey in Dutch and were
translated for this paper. Table 3 provides descriptive statistics
of the sample, including age, gender, and highest level of
education.
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Table 1. Description of study variables.
Question

Score, mean (SD)

Behavioral intention

Cronbach alpha
.98

BI1. I would be willing to use the COVID-19 app.

3.18 (1.41)

BI2. I plan to use the COVID-19 app.

3.08 (1.40)

BI3. I want to use the COVID-19 app in the future.

3.18 (1.41)

Perceived susceptibility

.74

PSU1. I am at risk of being infected by the COVID-19 virus.

2.86 (0.95)

PSU2. It is likely that I would suffer from the COVID-19 virus.

3.4 (0.99)

PSU3. It is possible that I could be infected by the COVID-19 virus.

3.18 (1.07)

Perceived severity

.85

PSE1. If I were infected by the COVID-19 virus, it would have important health consequences
for me.

3.74 (1.02)

PSE2. If I were infected by the COVID-19 virus, my health would be severely affected.

3.7 (1.04)

PSE3. If I were infected by the COVID-19 virus, my health would be significantly reduced.

3.79 (1.01)

Perceived benefits

.90

PBE1. The COVID-19 app will offer me the opportunity to contribute to better knowledge about
the spread of the virus.

3.49 (1.17)

PBE2. With the COVID-19 app, I will collaborate to reduce the spread of the COVID-19 virus.

3.38 (1.23)

PBE3. Thanks to the COVID-19 app, I will be more on my guard when I have face-to-face contact. 3.36 (1.23)
PBE4. Thanks to the COVID-19 app, I will take more precautions not to spread the COVID-19
3.18 (1.26)
virus myself (eg, wash my hands, maintain distance from others [social distancing], limit my outside
movements).
PBE5. By using the COVID-19 app, I will help public authorities to combat the COVID-19 virus. 3.45 (1.20)
PBE6. The COVID-19 app will allow me to protect myself from the COVID-19 virus.

3.37 (1.17)

Perceived barriers

.60

PBA1. The COVID-19 app will reduce its users’ privacy.

3.69 (1.11)

PBA2. The COVID-19 app will create tensions between individuals who are infected by the
COVID-19 virus and those who are not.

3.61 (1.09)

Cues to action

.66

CTA1. Website of a newspaper, TV or radio station, or magazine.

4.14 (1.82)

CTA2. App of a newspaper, TV or radio station, or magazine.

2.89 (2.03)

CTA3. News shared on social media (Facebook, YouTube, Twitter, Instagram, etc).

3.68 (1.87)

CTA4. News shared through messaging apps (personal messages through WhatsApp, Messenger, 2.99 (1.95)
etc).
CTA5. Alerts through email and newsletters.

2.94 (1.81)

Self-efficacy
SE1. I have the knowledge needed to use the COVID-19 app.

3.62 (1.23)

SE2. I have the necessary resources to use the COVID-19 app.

3.78 (1.21)

SE3. I can get help from others if I experience difficulties using the COVID-19 app.

3.71 (1.14)
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Table 2. Correlation matrix of latent variables.
Variable

1

2

3

4

5

6

7

1. Behavioral intention

a

2. Perceived susceptibility

.009

3. Perceived severity

.080a

.078a

4. Perceived benefits

.468a

.007

.170a

5. Perceived barriers

–.052b

.138a

.057b

.103a

6. Cues to action

.228a

.046

.071a

.198a

.085a

7. Self-efficacy

.285a

.068a

.023

.205a

.196a

.211a

P<.01.

b

P<.05.

Table 3. Characteristics of the study sample.
Characteristic

Study sample (N=1500)

Gender, n (%)
Male

756 (50.4)

Female

744 (49.6)

Age (years), mean (SD)

41.58 (13.94)

18-34, n (%)

499 (33.3)

35-49, n (%)

483 (32.2)

50-65, n (%)

518 (34.5)

Educational level, n (%)
No diploma or primary or lower secondary education diploma

338 (22.5)

Secondary education diploma

611 (40.7)

Higher education diploma

551 (36.7)

In total, 48.70% (n=730) of respondents agreed with the
statement that, when launched, they intend to use the app;
20.40% (n=306) disagreed, 10.40% (n=156) somewhat
disagreed, 20.50% (n=308) neither disagreed nor agreed, 27.90%
(n=418) somewhat agreed, and 20.80% (n=312) agreed that
they intended to use the COVID-19 app. No significant
differences were found between women (n=356, 47.80%) and
men (n=374, 49.50%) in their intention to use the app
(χ21=0.395, P=.53). Comparing the three age categories of
respondents resulted in no significant differences in app adoption
intentions between 18-34-year-olds (n=234, 46.90%),
35-49-year-olds (n=247, 51.10%), or 50-65-year-olds (n=249,
48.10%) (χ22=1.883, P=.39). Regarding respondents’ education,
individuals with higher education did not significantly differ in
their intention to use the app (n=261, 47.4%) from respondents
with, at most, secondary education (n=469, 49.4%) (χ21=0.588,
P=.44). Individuals suffering from health conditions that make
them more vulnerable to COVID-19 complications did not differ
in their intention to use the app (n=243, 50.10%) compared to
respondents without health problems (n=487, 48.00%)
(χ21=0.592, P=.44).
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Measurement Model
The measurement model provided a good fit for the data
(χ2254=750.87, P<.001; CFI=.976, RMSEA=.036, 90% CI
.033-.039, SRMR=.034). All factor loadings were significant
and above .44. We subsequently included age, gender, education,
and COVID-19 personal health risk as covariates in the analyses
and examined the relationships between the covariates and the
study variables.
Gender and education were not significantly associated with
any of the study variables. Age was significantly related to
perceived severity (β=.20, P<.001), susceptibility (β=–.21,
P<.001), benefits (β=–.08, P=.003), and self-efficacy (β=–.17,
P<.001). Having a health condition that can be a risk factor
when infected with COVID-19 was not significantly related to
the model’s constructs. Our structural model has been adjusted
for these variables’ influence.

Structural Model
The results of the structural model are presented in Figure 1.
The results of the fit statistics indicate a good model fit
(χ2350=1070.46, P<.001; CFI=.966, RMSEA=.037, 90% CI
.035-.040, SRMR=.042).
JMIR Public Health Surveill 2020 | vol. 6 | iss. 3 | e20572 | p. 5
(page number not for citation purposes)

JMIR PUBLIC HEALTH AND SURVEILLANCE

Walrave et al

Figure 1. Structural model. Nonsignificant paths are not included. Dashed lines refer to covariates. *P<.01 **P<.001.

Our analyses revealed that perceived severity, perceived
susceptibility, perceived benefits, perceived barriers, cues to
action, and self-efficacy, together with the covariates, explained
32.30% of the variance in intention. The most important
predictor of intention was perceived benefits (β=.41, P<.001),
followed by self-efficacy (β=.25, P<.001) and perceived barriers
(β=–.21, P<.001). Cues to action were significantly related to
intention (β=.13, P<.001). However, perceived severity (β=.01,
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P=.95) and perceived susceptibility (β=.03, P=.38) were not
significantly associated with intention.

Discussion
Principal Results
In recent months, several countries have implemented or are
discussing the integration of a COVID-19 app in their
deconfinement plans [28]. Still, questions remain regarding
JMIR Public Health Surveill 2020 | vol. 6 | iss. 3 | e20572 | p. 6
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citizens’ motivation to use the app. Epidemiologists state that
more than half of the population should use a contact tracing
app for it to become effective [29]; in our study sample, almost
half intend to use it.
As far as the HBM constructs are concerned, we found that
perceived benefits, self-efficacy, perceived barriers, and cues
to action were associated with respondents’ intention to adopt
the app. However, perceived severity and perceived
susceptibility were not. This last finding is consistent with
meta-analyses of studies that used the HBM or the related
protection motivation theory. These studies showed that, in
general, threat appraisal (vulnerability and severity) was least
often significantly associated with intention, whereas coping
appraisal (perceived benefits and self-efficacy) proved to be
more consistently associated with health-related intentions and
behaviors [30-32]. This suggests that future research and
initiatives to stimulate COVID-19 app uptake should investigate
the best ways to enhance perceived benefits and self-efficacy.
An optimal strategy proposed by Bandura [33] is to provide
individuals with concrete experiences with a target behavior,
for instance, through role-play. Offering potential users a clear
go-through where they experience the use of the app, the limits
of its data processing, and the clarity of the app’s feedback could
make the advantages more concrete. Especially because the
present study showed a negative relationship between age and
self-efficacy, it is important to develop information on the app’s
usability that is suitable for all age groups. Moreover, older
potential users need to be more convinced of the app’s benefits,
as a negative relationship was found between age and perceived
benefits.
Based on our findings, individuals’ belief of the gravity of the
COVID-19 crisis and their personal vulnerability did not predict
app uptake intention. When the threat is assessed as severe and
the prevention behavior is complex or not well known, the role
of perceived vulnerability may be diluted [32]. This could be
the case for a novel COVID-19 app, which could be seen by
some respondents as too complex a digital tool to use. Other
variables related to app use might be involved. Further research
could therefore assess how respondents perceive the ease of use
of the app and how app usage can be swiftly integrated in their
daily routines.
Another possible reason for the nonsignificance of threat
appraisal in terms of adoption intention could be that the
government’s stay-at-home order could lead people to think
that they are less susceptible to the virus. However, at the time
of the survey, the Belgian government’s confinement measures
still allowed citizens to go outside for a walk and participate in
individual sports and shopping (in grocery stores, supermarkets,
and pharmacies). Working from home was mandatory (except
for specific sectors and positions). Interpersonal contact was
limited to people living under the same roof. Although physical
distancing and wearing a mask were advised (but not
compulsory), people could be in close proximity to each other
and thereby contract the virus; hence, at that stage of the crisis,
the app could have been useful. Occasions to be in close
proximity with other people were possible but limited. This
limited contact with others could have influenced individuals’
threat appraisal and its relation to app uptake intention.
http://publichealth.jmir.org/2020/3/e20572/
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Furthermore, perceived barriers and cues were significantly
related to app uptake intention. A perceived barrier for some
potential users is their concern about privacy. Especially in a
health care context, concerns on the security and confidentiality
of data can rise. Privacy advocates have raised concerns about
data protection issues related to the implementation of contact
tracing apps [34,35]. That is why some contact tracing methods
that do not use location data have been proposed [1]. By using
data-minimizing solutions, not only are the privacy rights of
users being protected but the impact of the app will increase as
more people trust and thus install it [2]. Therefore, when
developing and launching an app, how individuals’ privacy is
protected should be further clarified to potential users. In this
respect, citizens’ privacy and other concerns should be further
investigated to gain insight into factors that could slow down
app uptake.
Cues to action were found to positively correlate with app use
intention. In recent months, the media have extensively reported
on the pandemic and response measures that have been taken
[36]. Additionally, contact tracing apps have been frequently
discussed. Although the country where this study was conducted
did not implement a COVID-19 app, several strategies such as
using traditional contact tracing (through a call center) or a
contact tracing app were discussed in mass media and on social
media. Our study found a positive relationship between exposure
to (online) information and intention to adopt the app. As its
effectiveness depends on the app’s uptake, further insight is
needed into media coverage on the app’s functionalities and
effectiveness. At the same time, it is important to analyze press
coverage and online conversations to gain insight into questions
that are raised concerning the app’s ethical and legal challenges
and how they are addressed. Next to research on how the media
report the COVID-19 crisis [37], specific framing analyses
could be conducted to examine news items and online comments
concerning contact tracing apps. Results could inspire
governments’ and companies’ app development and
communication strategies. In addition, how citizens’ media
consumption (specifically, potential changes in media
consumption during a crisis period) influences citizens’ attitudes
and behavioral intentions toward the app could be investigated.
Because perceived benefits formed the most important factor
in relation to app uptake intention, the functionalities and
efficacy of the app in controlling COVID-19 should be made
clear. Therefore, when launching a COVID-19 tracking app,
the importance of tracing contacts and reporting possible
exposure to the virus needs to be explained and visualized.
Several presentations have been created to concretize the
aerosolization of the virus through breathing and could inform
on how using a COVID-19 app could map close individual
contact that presents a high propensity for infection. To sustain
perceived benefits in the long run, supplementary options could
be integrated to inform and assist users (eg, including advice
on preventing COVID-19–related infection, supplementary
resources, and professional assistance). In sum, the app could
be further developed as a central hub including detection, advice,
and assistance to avoid infection as well as provide users advice
during self-isolation [38].

JMIR Public Health Surveill 2020 | vol. 6 | iss. 3 | e20572 | p. 7
(page number not for citation purposes)

JMIR PUBLIC HEALTH AND SURVEILLANCE
Notwithstanding the value of a contact tracing app, this
technology is only one potential instrument. Even with great
uptake, some transmissions of the virus (eg, through objects)
may not be captured [1]. Therefore, contact tracing needs to be
integrated into broader public health interventions, including
raising awareness of preventive behaviors and testing [38].
Moreover, the effectiveness of contact tracing apps depends on
the general public’s uptake. Uptake by a substantial portion of
the population is needed to collect enough data. Therefore,
further insight into the predictors of contact tracing app adoption
is needed to influence uptake and continued use.

Limitations
Notwithstanding its results, this study has some limitations.
First, although our sample was heterogeneous with regard to
age, gender, and educational level in Flanders (ie, the Dutch
speaking part of Belgium), the use of convenience samples
limits the generalizability of our findings. Furthermore, due to
our sampling procedure we may have specifically missed out
those who are already disadvantaged and less visible in society
due to a lower income level, health status, social status, or
migration background. Corroboration of our findings produced
by representative data as well as data derived from
disadvantaged groups would lend credibility to the findings.
Second, because COVID-19–related apps have not yet been
deployed in Belgium (at the time this study was conducted),
future research could investigate individuals’ uptake when an

Walrave et al
app is launched. Additionally, in countries in which a similar
app has already been released, determinants of use and, even
more importantly, continued use should be investigated. Future
research could investigate app uptake (intention) longitudinally
to assess citizens’ willingness to use the app and whether
changes in threat and coping appraisal occur at different levels
of the COVID-19 outbreak and influence intention and behavior.
Third, since we measured intention to use the app based on a
general app description, future researchers could use vignettes
to describe several concrete options and their combinations to
assess how respondents would be willing to adopt the app,
depending on specific characteristics.

Conclusion
Contact tracing apps are being considered by many governments
as a crucial part of their lockdown exit strategies during the
COVID-19 pandemic. High uptake is crucial for these apps to
be efficient in the mitigation of the virus. However, it remains
unclear how we can motivate citizens to use these apps. Our
results indicate that it is necessary to act on citizens’ perceived
self-efficacy and increase the perceived benefits of COVID-19
apps. At the same time, perceived barriers such as privacy
concerns have to be overcome. Finally, the media can play an
important role in stimulating app uptake by informing citizens
about the functions, benefits, and use cases of the app, thereby
increasing self-efficacy and perceived benefits.

Conflicts of Interest
None declared.

References
1.
2.
3.

4.
5.

6.

7.

8.
9.
10.
11.

Yasaka TM, Lehrich BM, Sahyouni R. Peer-to-Peer Contact Tracing: Development of a Privacy-Preserving Smartphone
App. JMIR Mhealth Uhealth 2020 Apr 07;8(4):e18936 [FREE Full text] [doi: 10.2196/18936] [Medline: 32240973]
Abeler J, Bäcker M, Buermeyer U, Zillessen H. COVID-19 Contact Tracing and Data Protection Can Go Together. JMIR
Mhealth Uhealth 2020 Apr 20;8(4):e19359 [FREE Full text] [doi: 10.2196/19359] [Medline: 32294052]
Ekong I, Chukwu E, Chukwu M. COVID-19 Mobile Positioning Data Contact Tracing and Patient Privacy Regulations:
Exploratory Search of Global Response Strategies and the Use of Digital Tools in Nigeria. JMIR Mhealth Uhealth 2020
Apr 27;8(4):e19139 [FREE Full text] [doi: 10.2196/19139] [Medline: 32310817]
Cheng W, Hao C. Case-Initiated COVID-19 Contact Tracing Using Anonymous Notifications. JMIR Mhealth Uhealth
2020 Jun 22;8(6):e20369 [FREE Full text] [doi: 10.2196/20369] [Medline: 32501802]
Wang S, Ding S, Xiong L. A New System for Surveillance and Digital Contact Tracing for COVID-19: Spatiotemporal
Reporting Over Network and GPS. JMIR Mhealth Uhealth 2020 Jun 10;8(6):e19457 [FREE Full text] [doi: 10.2196/19457]
[Medline: 32499212]
Yamamoto K, Takahashi T, Urasaki M, Nagayasu Y, Shimamoto T, Tateyama Y, et al. Health Observation App for
COVID-19 Symptom Tracking Integrated With Personal Health Records: Proof of Concept and Practical Use Study. JMIR
Mhealth Uhealth 2020 Jul 06;8(7):e19902 [FREE Full text] [doi: 10.2196/19902] [Medline: 32568728]
Currie D, Peng C, Lyle D, Jameson B, Frommer M. Stemming the flow: how much can the Australian smartphone app help
to control COVID-19? Public Health Res Pract 2020 Jun 30;30(2) [FREE Full text] [doi: 10.17061/phrp3022009] [Medline:
32601652]
Fahey RA, Hino A. COVID-19, digital privacy, and the social limits on data-focused public health responses. International
Journal of Information Management 2020 Jul:102181. [doi: 10.1016/j.ijinfomgt.2020.102181]
Bengio Y, Janda R, Yu YW, Ippolito D, Jarvie M, Pilat D, et al. The need for privacy with public digital contact tracing
during the COVID-19 pandemic. The Lancet Digital Health 2020 Jul;2(7):e342-e344. [doi: 10.1016/s2589-7500(20)30133-3]
Rosenstock IM. Historical Origins of the Health Belief Model. Health Education Monographs 1974 Dec 01;2(4):328-335.
[doi: 10.1177/109019817400200403]
Rosenstock IM. The Health Belief Model and Preventive Health Behavior. Health Education Monographs 1974 Dec
01;2(4):354-386. [doi: 10.1177/109019817400200405]

http://publichealth.jmir.org/2020/3/e20572/

XSL• FO
RenderX

JMIR Public Health Surveill 2020 | vol. 6 | iss. 3 | e20572 | p. 8
(page number not for citation purposes)

JMIR PUBLIC HEALTH AND SURVEILLANCE
12.
13.

14.
15.
16.
17.

18.
19.
20.
21.
22.

23.
24.
25.
26.
27.

28.
29.

30.
31.

32.

33.
34.
35.
36.

37.

Conner M, Norman P. Predicting health behaviour: A social cognition approach. In: Predicting Health Behaviour. UK:
McGraw-Hill Education; 2005:1-27.
Logie CH, Turan JM. How Do We Balance Tensions Between COVID-19 Public Health Responses and Stigma Mitigation?
Learning from HIV Research. AIDS Behav 2020 Jul 7;24(7):2003-2006 [FREE Full text] [doi: 10.1007/s10461-020-02856-8]
[Medline: 32266502]
Rosenstock IM, Strecher VJ, Becker MH. Social learning theory and the Health Belief Model. Health Educ Q 1988 Sep
04;15(2):175-183. [doi: 10.1177/109019818801500203] [Medline: 3378902]
Maddux JE, Rogers RW. Protection motivation and self-efficacy: A revised theory of fear appeals and attitude change.
Journal of Experimental Social Psychology 1983 Sep;19(5):469-479. [doi: 10.1016/0022-1031(83)90023-9]
Champion V, Skinner C. The health belief model. In: Health behavior and health education: Theory, research, and practice,
4th ed. San Francisco, CA: Jossey-Bass; 2008:45-65.
Singh RK, Rani M, Bhagavathula AS, Sah R, Rodriguez-Morales AJ, Kalita H, et al. Prediction of the COVID-19 Pandemic
for the Top 15 Affected Countries: Advanced Autoregressive Integrated Moving Average (ARIMA) Model. JMIR Public
Health Surveill 2020 May 13;6(2):e19115 [FREE Full text] [doi: 10.2196/19115] [Medline: 32391801]
DP-3T. Decentralized Privacy-Preserving Proximity Tracing. GitHub. 2020. URL: https://github.com/DP-3T/documents
[accessed 2020-04-14]
Pan-European Privacy-Preserving Proximity Tracing. PEPP-PT. 2020. URL: https://www.pepp-pt.org/ [accessed 2020-04-01]
Champion VL. Instrument development for health belief model constructs. ANS Adv Nurs Sci 1984 Apr;6(3):73-85. [doi:
10.1097/00012272-198404000-00011] [Medline: 6426380]
Fletcher R, Park S. The Impact of Trust in the News Media on Online News Consumption and Participation. Digital
Journalism 2017 Feb 02;5(10):1281-1299. [doi: 10.1080/21670811.2017.1279979]
Van Damme K, Courtois C, Verbrugge K, De Marez L. What’s APPening to news? A mixed-method audience-centred
study on mobile news consumption. Mobile Media & Communication 2015 Jan 13;3(2):196-213. [doi:
10.1177/2050157914557691]
Muthén L, Muthén B. Mplus User's Guide. Los Angeles, CA: Muthén & Muthén; 2019.
Byrne BM. Structural Equation Modeling with AMOS: Basic Concepts, Applications, and Programming. New York: Taylor
and Francis Group; 2013.
Kline R. Principles and practices of structural equation modeling. New York: The Guilford Press; 2016.
Hu L, Bentler PM. Cutoff criteria for fit indexes in covariance structure analysis: Conventional criteria versus new alternatives.
Structural Equation Modeling: A Multidisciplinary Journal 1999 Jan;6(1):1-55. [doi: 10.1080/10705519909540118]
Ponnet K. Financial stress, parent functioning and adolescent problem behavior: an actor-partner interdependence approach
to family stress processes in low-, middle-, and high-income families. J Youth Adolesc 2014 Oct 23;43(10):1752-1769.
[doi: 10.1007/s10964-014-0159-y] [Medline: 25053382]
Li J, Guo X. Global Deployment Mappings and Challenges of Contact-tracing Apps for COVID-19. SSRN Journal 2020.
[doi: 10.2139/ssrn.3609516]
Hinch R, Probert W, Nurtay A, Kendall M, Wymant C, Hall M, et al. Effective Configurations of a Digital Contact Tracing
App: A report to NHSX. 2020 Apr. URL: https://cdn.theconversation.com/static_files/files/1009/
Report_-_Effective_App_Configurations.pdf?1587531217 [accessed 2020-05-18]
Floyd DL, Prentice-Dunn S, Rogers RW. A Meta-Analysis of Research on Protection Motivation Theory. J Appl Social
Pyschol 2000 Feb;30(2):407-429. [doi: 10.1111/j.1559-1816.2000.tb02323.x]
Jones CJ, Smith H, Llewellyn C. Evaluating the effectiveness of health belief model interventions in improving adherence:
a systematic review. Health Psychol Rev 2014 Jun 12;8(3):253-269. [doi: 10.1080/17437199.2013.802623] [Medline:
25053213]
Milne S, Sheeran P, Orbell S. Prediction and Intervention in Health-Related Behavior: A Meta-Analytic Review of Protection
Motivation Theory. J Appl Social Pyschol 2000 Jan;30(1):106-143 [FREE Full text] [doi:
10.1111/j.1559-1816.2000.tb02308.x]
Bandura A. Social cognitive theory of self-regulation. Organizational Behavior and Human Decision Processes 1991
Dec;50(2):248-287. [doi: 10.1016/0749-5978(91)90022-L]
Crocker A, Opsahl K, Cyphers B. The Challenge of Proximity Apps For COVID-19 Contact Tracing. EFF. 2020. URL:
https://www.eff.org/deeplinks/2020/04/challenge-proximity-apps-covid-19-contact-tracing [accessed 2020-05-19]
There's an app for that: Coronavirus apps. Privacy International. 2020 Apr. URL: https://privacyinternational.org/long-read/
3675/theres-app-coronavirus-apps [accessed 2020-05-19]
Li J, Xu Q, Cuomo R, Purushothaman V, Mackey T. Data Mining and Content Analysis of the Chinese Social Media
Platform Weibo During the Early COVID-19 Outbreak: Retrospective Observational Infoveillance Study. JMIR Public
Health Surveill 2020 Apr 21;6(2):e18700 [FREE Full text] [doi: 10.2196/18700] [Medline: 32293582]
Poirier W, Ouellet C, Rancourt M, Béchard J, Dufresne Y. (Un)Covering the COVID-19 Pandemic: Framing Analysis of
the Crisis in Canada. Can J Pol Sci 2020 Apr 29:1-7. [doi: 10.1017/s0008423920000372]

http://publichealth.jmir.org/2020/3/e20572/

XSL• FO
RenderX

Walrave et al

JMIR Public Health Surveill 2020 | vol. 6 | iss. 3 | e20572 | p. 9
(page number not for citation purposes)

JMIR PUBLIC HEALTH AND SURVEILLANCE
38.

Walrave et al

Ferretti L, Wymant C, Kendall M, Zhao L, Nurtay A, Abeler-Dörner L, et al. Quantifying SARS-CoV-2 transmission
suggests epidemic control with digital contact tracing. Science 2020 May 08;368(6491):eabb6936 [FREE Full text] [doi:
10.1126/science.abb6936] [Medline: 32234805]

Abbreviations
CFI: comparative fit index
HBM: health belief model
RMSEA: root mean square error of approximation
SRMR: standardized root mean square residual

Edited by T Sanchez; submitted 22.05.20; peer-reviewed by J Li, L Nemec Zlatolas, E Whitley; comments to author 08.07.20; revised
version received 20.07.20; accepted 05.08.20; published 01.09.20
Please cite as:
Walrave M, Waeterloos C, Ponnet K
Adoption of a Contact Tracing App for Containing COVID-19: A Health Belief Model Approach
JMIR Public Health Surveill 2020;6(3):e20572
URL: http://publichealth.jmir.org/2020/3/e20572/
doi: 10.2196/20572
PMID:

©Michel Walrave, Cato Waeterloos, Koen Ponnet. Originally published in JMIR Public Health and Surveillance
(http://publichealth.jmir.org), 01.09.2020. This is an open-access article distributed under the terms of the Creative Commons
Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction
in any medium, provided the original work, first published in JMIR Public Health and Surveillance, is properly cited. The complete
bibliographic information, a link to the original publication on http://publichealth.jmir.org, as well as this copyright and license
information must be included.

http://publichealth.jmir.org/2020/3/e20572/

XSL• FO
RenderX

JMIR Public Health Surveill 2020 | vol. 6 | iss. 3 | e20572 | p. 10
(page number not for citation purposes)

