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Abstract
Background: Alcohol use disorder (AUD) carries a huge health and economic cost to society. Effective interventions exist but
numerous challenges limit their adoption, especially in a pandemic context. AUD recovery apps (AUDRA) have emerged as a
potential complement to in-person interventions. They are easy to access and show promising results in terms of efficacy. However,
they rely on individual adoption decisions and remain underused.
Objective: The aim of this survey study is to explore the beliefs that determine the intention to use AUDRA.
Methods: We conducted a cross-sectional survey study of people with AUD. We used the Unified Theory of Acceptance and
Use of Technology, which predicts use and behavioral intention to use based on performance expectancy, effort expectancy,
social influence, and facilitating conditions. Participants were recruited directly from 2 sources; first, respondents at addiction
treatment facilities in Ontario, Canada, were contacted in person, and they filled a paper form; second, members from AUD
recovery support groups on social media were contacted and invited to fill an internet-based survey. The survey was conducted
between October 2019 and June 2020.
Results: The final sample comprised 159 participants (124 involved in the web-based survey and 35 in the paper-based survey)
self-identifying somewhat or very much with AUD. Most participants (n=136, 85.5%) were aware of AUDRA and those participants
scored higher on performance expectancy, effort expectancy, and social influence. Overall, the model explains 35.4% of the
variance in the behavioral intention to use AUDRA and 11.1% of the variance in use. Social influence (P=.31), especially for
women (P=.23), and effort expectancy (P=.25) were key antecedents of behavioral intention. Facilitating conditions were not
significant overall but were moderated by age (P=.23), suggesting that it matters for older participants. Performance expectancy
did not predict behavioral intention, which is unlike many other technologies but confirms other findings associated with mobile
health (mHealth). Open-ended questions suggest that privacy concerns may significantly influence the use of AUDRA.
Conclusions: This study suggests that unlike many other technologies, the adoption of AUDRA is not mainly determined by
utilitarian factors such as performance expectancy. Rather, effort expectancy and social influence play a key role in determining
the intention to use AUDRA.
(JMIR Hum Factors 2022;9(2):e33493) doi: 10.2196/33493
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Introduction
Alcohol causes 3.3 million deaths a year worldwide, close to
6% of all deaths [1]. Many of these deaths are associated with
alcohol use disorder (AUD), defined as “a problematic pattern
of alcohol use accompanied by clinically significant impairment
or distress” [2]. Treatment and engagement with recovery
activities, such as brief interventions, motivational
enhancements, and cognitive behavior therapies, are integral to
avoiding disease progression [3]. They are well accepted and
effective. However, they usually require substantial time, money,
and resources; moreover, they depend predominantly on the
skill of the clinician and can be stigmatizing [3].
With the advent of smartphones, mobile health (mHealth) apps
have been developed to address AUD recovery. These apps can
provide information and advice on how to address the condition
and help users track their behavior. They serve as accessible,
widespread, cost-effective, dependable, individualized, and
anonymous alternatives or complements to traditional
interventions [3]. These apps have also proved invaluable in
the context of the COVID-19 pandemic, which has aggravated
addiction issues while severely restricting access to in-person
support services. In a 2019 literature review on the efficiency
of AUD recovery apps (AUDRA), 63% (n=12) of the 19 studies
considered found significant evidence of positive outcomes,
32% (n=6) found none, and 5% (n=1) found negative outcomes
for some users [1]. Positive outcomes included decreased alcohol
consumption, decreased episodes of binge drinking and
alcohol-related injuries, and decreased addiction levels. Despite
these benefits, evidence from mHealth app studies indeed
suggest low adoption rates [4,5], and studies about the
acceptance of mental health apps particularly suggest that
potential users remain unconvinced of their usefulness.
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Technology adoption has been the subject of significant research
attention and conceptualization. The Unified Theory of
Acceptance and Use of Technology (UTAUT) is a
well-established theory of acceptance of consumer technology
[6]. It unifies 8 prominent and competing models of user
acceptance of new information technologies [6,7]. With
UTAUT2, the model was extended from organizational adoption
to a consumer use context [7]. This theory is a good predictor
of the intention to use mHealth [8,9], but it has not been used
yet to investigate beliefs related to AUDRA. This study was
designed to investigate the potential factors contributing to
AUDRA adoption among people with AUD.

Methods
Study Design and Survey Instrument
This study is a cross-sectional survey of nonusers or existing
users of AUDRA. The survey covered the factors contributing
to the behavioral intention to use smartphone AUD recovery
apps among participants (it targeted use of AUDRA in general
and not of any specific app). The UTAUT framework and model
questionnaire items (Figure 1 and Textbox 1) were adapted to
measure the constructs, particularly its operationalizations from
UTAUT2. UTAUT predicts that the behavioral intention to use
a technology depends on four factors: (1) performance
expectancy, defined as the degree to which using a technology
will provide benefits to consumers in performing certain
activities; (2) effort expectancy, defined as the degree of ease
associated with consumers’ use of technology; (3) social
influence, defined as the extent to which consumers perceive
that important others (eg, family and friends) believe they should
use a particular technology; and (4) facilitating conditions,
defined as consumers’ perceptions of the resources and support
available to perform a behavior [6,7].

Figure 1. Unified Theory of Acceptance and Use of Technology research model showing the complete theoretical model with the moderating relationships
[6].

The constructs of hedonic motivation, price value, and habit
from UTAUT2 were removed. They are not applicable to this
study as AUDRA are not primarily designed for enjoyment;
almost all AUDRA are free on app stores, and AUDRA are still
new and rare, which diminish the importance of habit and
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experience. Age and gender also moderate these relations. Figure
1 shows the theoretical model with the moderating relationships.
The constructs were measured by adapting the 16 corresponding
items from UTAUT2 [7] using a 5-point Likert scale ranging
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from “strongly disagree” to “strongly agree,” except for
behavioral intention that had choices “yes,” “no,” or “maybe”
and use, which used a 6-point Likert scale ranging from
“everyday” to “at least once a year” (Textbox 1). A follow-up
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survey was conducted 6 months later to investigate the
subsequent usage behavior. The study was approved by
Ryerson’s Research Ethics Board (approval reference number:
2019-277).

Textbox 1. Survey items used for each construct.
Performance expectancy
1. I find/would find Smartphone Alcohol Use Disorder (AUD) recovery apps useful in complementing the daily activities I do to help me recover.
2. Using Smartphone AUD recovery apps helps/would help me learn recovery skills more quickly.
3. Using Smartphone AUD recovery apps helps/would help me increase the effectiveness of activities I do to help me recover.
Effort expectancy
4. Learning how to use Smartphone AUD recovery apps is/would be easy for me.
5. My interaction with Smartphone AUD recovery apps is/would be clear and understandable.
6. I find/would find Smartphone AUD recovery apps addiction recovery apps easy to use.
7. It is/would be easy for me to become skillful at using Smartphone AUD recovery apps.
Social influence
8. People who are important to me think that I should use Smartphone AUD recovery apps.
9. Caregivers think that I should use Smartphone AUD recovery apps.
10. People who influence my behavior think that I should use Smartphone AUD recovery apps.
11. People whose opinions that I value prefer that I use Smartphone AUD recovery apps.
Facilitating conditions
12. I have the resources necessary to use Smartphone AUD recovery apps.
13. I have the knowledge necessary to use Smartphone AUD recovery apps.
14. Smartphone AUD recovery apps are compatible with other technologies I use.
15. I can get help from others to use Smartphone AUD recovery apps.
Behavioral intention
16. Do you intend to use or keep using a Smartphone AUD recovery app(s)?
Use
17. If you are using a Smartphone app that assists with recovery AUD, how often do you use it?

Recruitment
Participants were aged 18 years and older, self-identified as
having an AUD, and owned a smartphone. Data were collected
between October 2019 and June 2020. The survey was offered
to participants in 2 modalities. The first was in a pen and paper
format, with participants recruited from 6 AUD treatment
facilities in Ontario, Canada. Second, an internet-based version
of the survey was shared on various English-speaking AUD
recovery groups. Participants were offered a gift certificate for
their participation. A second follow-up survey was conducted
to track usage longitudinally, but it was discarded due to an
insufficient response rate. In the partial least squares-structural
equation model (PLS-SEM), the minimum sample size is 10
times the number of paths targeting a particular construct. In
our study, this means a minimum of 40 respondents [10].

Statistical Analysis
Internal validity was evaluated using the Cronbach alpha and
composite reliability (CR) [11]. Values for the Cronbach alpha
and CR are considered satisfactory if they are between 0.7 and
https://humanfactors.jmir.org/2022/2/e33493
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0.9 [12]. Convergent validity was assessed using the outer
loadings of the indicators and the values of the average variance
extracted (AVE) [11]. To help establish convergent validity on
a construct, the outer loadings should be 0.708 or higher and
the AVE value must be 0.5 or higher to indicate that the
construct explains more than 50% of the variance of its
indicators [11].
The heterotrait-monotrait ratio was used to assess the
discriminant validity between constructs. When constructs are
conceptually more distinct, as is the case with the constructs of
UTAUT, a lower conservative threshold of 0.85 is suggested
such that values above this threshold indicate a lack of
discriminant validity [11].
The results of the survey were analyzed using SPSS Statistics
(version 26; IBM Corporation) and SmartPLS 3 (version 3.2.9;
SmartPLS GmBH). SPSS Statistics was used for descriptive
statistics and chi-square tests were performed to test the
associations between variables and differences in the mean
scores for variables; their determinants between the 2 groups
were assessed using t tests at a 95% CI. As the focus of this
JMIR Hum Factors 2022 | vol. 9 | iss. 2 | e33493 | p. 3
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study was on identifying the antecedents of smartphone AUD
recovery app adoption, there were no exclusion criteria in place
to exempt the responses of those who did not possess prior
knowledge about the existence of these apps. PLS-SEM was
used to test the research model (Figure 1) for its reliability,
convergent validity, and the discriminant validity of the
constructs. The structural model was assessed using R² and
bootstrapping tests were conducted to examine the statistical
significance (taken at 95% CI) of the path coefficients [11]. For
the PLS algorithms and bootstrapping calculations, missing data
were treated with mean value replacement. SmartPLS 3 was
used to test the theoretical model.
The open-ended questions aimed to determine why the
participants used or did not use AUDRA. The comments were
analyzed quantitatively by themes [13]. Although the low rate
of response for these questions did not allow for deriving
meaningful statistics, it was sufficient to identify some recurring
themes.
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Results
User Statistics
A total of 1792 surveys were completed. However, most
web-based surveys had to be excluded, with 900 excluded for
multiple participations, 416 for answering randomly or
incompletely, and 317 for not meeting the inclusion criteria (not
identifying with AUD or not owning a smartphone) Finally,
159 surveys (124 web-based and 35 paper surveys) could be
used.
Table 1 provides the background characteristics of the
respondents. The 159 respondents comprised 111 (69.8%) males,
45 (28.3%) females, and 3 (1.9%) individuals who identified
themselves as “other” gender. The average age of the
respondents was 36 (SD 10.3) years, with a range of 19 to 65
years and mostly between 19 and 39 years (n=117, 73.6%).
More than half (n=94, 59.1%) of the participants disclosed their
self-identification with AUD as “Very much like me” and the
rest (n=65, 40.9%) disclosed it as “Somewhat like me.” In terms
of prior awareness of AUDRA, 94 participants answered “Very
much like me” and 65 participants mentioned “Somewhat like
me;” prior awareness of AUDRA was exhibited by 136 (85.5%)
participants.

Table 1. Sociodemographic characteristics of the respondents (N=159).
Variable

n (%)

Gender
Male

111 (69.8)

Female

45 (28.3)

Other/undisclosed

3 (1.9)

Age (years)
19-39

117 (73.6)

40-65

39 (24.5)

Undisclosed

3 (1.9)
a

Self-identification with AUD
Very much like me

94 (59.1)

Somewhat like me

65 (40.9)
b

Prior awareness of AUDRA
Yes

136 (85.5)

No

23 (14.5)

Total
a

159 (100)

AUD: alcohol use disorder.

b

AUDRA: alcohol use disorder recovery app.

Reliability and Validity of the Constructs
Table 2 describes the reliability and validity of the constructs.
Internal validity was evaluated using the Cronbach alpha and
CR, with the acceptable range falling between 0.6 and 0.7 [12].
The AVE values for all the constructs, except for facilitating
conditions, were above 0.5, thereby indicating convergent
https://humanfactors.jmir.org/2022/2/e33493
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validity. Note that the first item, FC1, pertaining to facilitating
conditions had to be removed because when FC1 was included
along with the other items (FC2, FC3, and FC4), the CR value
was very low (0.037). After removing FC1 from facilitating
conditions, the CR value improved to 0.621. Therefore, 3 items
related to facilitating conditions and all items pertaining to the
other constructs were retained.
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For the heterotrait-monotrait ratio, all comparisons were well
under the recommended threshold of 0.85 and indicated
satisfactory discriminant validity between the constructs (Table
2).
Then we compared the constructs to investigate differences
between respondents. We compared respondents who identified
“somewhat like me” and “very much like me” with AUD, as

shown in Table 3. The only significant difference was that the
“very much like me” group found it slightly easier to use
AUDRA.
Third, we compared respondents based on their prior awareness
of AUDRA (Table 4). Respondents aware of AUDRA scored
significantly higher on performance expectancy, effort
expectancy, and social influence than respondents who had not.

Table 2. Construct reliability.
Construct

Cronbach alpha

Average variance extracted

Composite reliability

Performance expectancy (PE); loading

.678

0.593

0.812

.685

0.512

0.806

.766

0.585

0.849

.412

0.407

0.621

PE1; 0.901
PE2; 0.714
PE3; 0.676
Effort expectancy (EE); loading
EE1; 0.794
EE2; 0.650
EE3; 0.759
EE4; 0.648
Social influence (SI); loading
SI1; 0.720
SI2; 0.749
SI3; 0.764
SI4; 0.824
Facilitating conditions (FCs); loading
FC2; 0.395
FC3; 0.976
FC4; 0.335

Table 3. Level of identification with alcohol use disorder and participants’ mean scores on Unified Theory of Acceptance and Use of Technology
constructs (N=159).

a

UTAUTa constructs

Self-identification with AUDb

Average out of 5

Very much like me (n=94)

Somewhat like me (n=65)

P value

Performance expectancy (3 items)

3.9

4.0

.56

Effort expectancy (4 items)

4.1

3.9

.03c

Social influence (4 items)

3.7

3.8

.5

Facilitating conditions (4 items)

4.1

4.1

.8

Behavioral intention (1 item)

3.5

3.2

.57

Use behavior (1 item)

2.6

2.6

.93

UTAUT: Unified Theory of Acceptance and Use of Technology.

b

AUD: alcohol use disorder.

c

The italicized P value is statistically significant.
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Table 4. Prior awareness of the existence of smartphone alcohol use disorder recovery apps and participants’ mean scores on Unified Theory of
Acceptance and Use of Technology constructs (N=159).

a

UTAUTa constructs

Prior awareness of smartphone AUDRAb

Average out of 5

Yes (n=136)

No (n=23)

P value

Performance expectancy (3 items)

4.0

3.6

.02 c

Effort expectancy (4 items)

4.1

3.7

.04

Social influence (4 items)

3.9

3.1

<.001

Facilitating conditions (4 items)

4.1

4.0

.45

Behavioral intention (1 item)

2.8

2.7

.74

Use behavior (1 item)

2.7

2.6

.75

UTAUT: Unified Theory of Acceptance and Use of Technology.

b

AUDRA: alcohol use disorder recovery apps.

c

The italicized P value is statistically significant.

Structural Model to Identify the Behavioral Factors
To analyze the model fit, PLS-SEM was used. Figure 2 shows
the path coefficients and the statistical significance of the
relationships along with the coefficient of determination or the
R² value.
Effort expectancy and social influence were significant
predictors of behavioral intention to use smartphone AUDRA,

which itself predicted use. However, performance expectancy
had no effect on behavioral intention. Gender moderated the
effect of social influence, meaning that the effect of social
influence on behavioral intention was more significant in women
than in men. Facilitating conditions had no significant effect on
use except for older users who were more likely to be influenced
by facilitating conditions. Overall, the model explains 35.4%
of the variance in behavioral intention and 11.1% of the variance
in use behavior.

Figure 2. Complete model showing path coefficients and R². Statistical significance of the relationships (path coefficients): *P<.05; **P<.01; ***P<.001.
AUD: alcohol use disorder; PE: performance expectancy; EE: effort expectancy; SI: social influence; FC: facilitating conditions.

Open-Ended Questions Regarding AUDRA
Open-ended responses provided further insight into participants’
attitudes to AUDRA. Response rates on the 3 questions were
between 35% and 67%. Privacy and security concerns were the
most frequently given reasons by participants for not wanting
https://humanfactors.jmir.org/2022/2/e33493
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to use AUDRA. One respondent stated that “Privacy would be
the only issue regarding using an app to help in recovery,“
whereas another pointed out “the potential of data tracking and
possibility of using my information for profit.” Other frequently
given responses pointed to how “confusing” or “complicated”
apps could be. Respondents also expressed their skepticism
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over the efficacy of such apps in helping them with AUD
recovery and noted specific user-unfriendly features, such as
too many reminders, notifications, or advertisements: “Pop-ups
asking me to rate and/or buy a pro version. Unsolicited
communications.” The participants were also dissuaded from
potential AUDRA use if there were technical glitches, or
“bugginess,” with the apps.
In terms of what would make them want to use AUDRA,
respondents asked if these apps would help them with abstinence
and prevent relapse. Users often mentioned how a tracking
feature (“track my days [without alcohol] and money savings”)
helped them. On the contrary, many other users complained
about the lack of a tracking feature in the apps they were using.
Respondents also frequently cited the ability of apps to connect
them with others through social networking features and with
local resources, such as if they could “find a meeting close by”
and “…Access to events happening through local AA chapter,”
as major reasons why they would be encouraged to use the app.

Discussion
Principal Results
This study investigated the key antecedents of behavioral
intention to use AUDRA among people with AUD. Generally,
most of the 159 participants (n=136, 85.5%) were aware of
AUDRA. This study confirms the role of effort expectancy and
social influence as significant predictors of the intention to use
AUDRA, similar to the findings of previous UTAUT studies
on mHealth [6,14]. This was confirmed by open-ended answers
suggesting that some of the main hurdles to use are technical
glitches. However, performance expectancy was not found to
significantly predict the intention to use from the final model.
This is intriguing because this factor is considered the key
determinant of technology usage in general [15-18]. However,
it does not appear to apply to mHealth apps [14,19-21]. Other
studies have highlighted that despite playing a major role,
performance expectancy may not prove salient for mHealth
apps when compared to other forms of technology and that
effort expectancy plays a much more important role [8].
Facilitating conditions had no direct effect on use, but they were
moderated by age. This suggests that facilitating conditions play
a more important role as participants age. Other studies
conducted with people aged over 60 [20] and 65 years [20,22]
have also found a significant influence of facilitating conditions
on the use of mHealth apps. Considering that our sample only
had 1 participant aged over 60 years, this suggests that the
importance of facilitating conditions may start at a younger age.
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Participants’ responses to the open-ended questions offer some
insights into understanding these results. A major reason given
by participants as to why they would not want to use AUDRA
was that their privacy, confidentiality, or both could be
compromised in any way. This fear has been echoed in many
other studies in which respondents cited data privacy concerns
as reasons for not using mHealth apps [23-27]. These concerns
may have trumped other factors and dampened their intention
to use these apps.
Future research should further investigate the factors leading
to adoption of mHealth apps, such as concerns regarding
privacy. This study also has implications for practitioners. With
increased efforts being made to promote the use of AUDRA,
designers should first focus on making their apps convenient
and easy to use. For app designers, health care professionals,
and health care authorities eager to promote the adoption of
AUDRA, this study suggests focusing on social influence,
ensuring that the use of AUDRA is supported and encouraged
by the people who matter to potential users, including their
family and general practitioners along with highlighting the
positive experiences of other users in their network.

Limitations
This study has some limitations to be considered when
interpreting the findings. We did not have enough respondents
in the follow-up survey to measure use longitudinally. In
addition, respondents self-identified their AUD status, and we
could not verify it; however, previous studies, through test-retest
validation, have suggested overall reliability with respect to
such self-identification [28] associated with AUD. Many
responses also had to be discarded. The gift certificate and the
ease of access associated with the internet-based survey on the
AUD Facebook groups may have attracted participants who
were willing to break the survey rules and may explain the high
number of surveys that had to be discarded. Finally, the sample
size was relatively small, which comes with associated
limitations, notably in terms of statistical power.

Conclusions
This study found that performance expectancy was not
significant in explaining behavioral intention to use AUDRA.
Instead, social influence and effort expectancy seem to be the
key factors influencing the use of such apps. As apps extend
their influence into highly intimate areas of our lives, the beliefs
that determine the use of technology may be shifting away from
utilitarian factors such as performance. Researchers and app
developers alike should keep this in mind and consider the user
environment and possibly privacy concerns when developing
apps.
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