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Abstract

Engagement with digital behavior change interventions
(DBCls) is a potentially important mediator of effectiveness;
however, we lack validated measures of engagement. This
study describes (a) the development of a self-report scale that
captures the purported behavioral and experiential facets of
engagement and (b) the evaluation of its validity in a real-world
setting. A deductive approach to item generation was taken.
The sample consisted of adults in the UK who drink excessively,
downloaded the freely available Drink Less app with the
intention to reduce alcohol consumption, and completed the
scale immediately after their first login. Five types of validity
(i.e., construct, criterion, predictive, incremental, divergent)
were examined using exploratory factor analysis, correlational
analyses, and through regressing the number of subsequent
logins in the next 14 days onto total scale scores. Cronbach’s
o was calculated to assess internal reliability. A 10-item scale
assessing amount and depth of use, interest, enjoyment,

and attention was generated. Of 5,460 eligible users, only
203 (3.7%) users completed the scale. Seven items were
retained, and the scale was found to be unifactorial and
internally reliable (o = 0.77). Divergent and criterion validity
were not established. Total scale scores were not significantly
associated with the number of subsequent logins (B = 0.02;
95% Cl=-0.01 to 0.05; p =.14). Behavioral and experiential
indicators of engagement with DBCls may constitute a single
dimension, but low response rates to engagement surveys
embedded in DBCIs may make their use impracticable in real-
world settings.
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INTRODUCTION

Some degree of “engagement” with digital behavior
change interventions (DBClIs) is logically necessary
for them to be effective [1]. However, the association
between the degree of engagement with such
interventions and effectiveness is likely to depend
on the intervention, the behavior, and the context

Published online: XX XXXX 2019

Implications

Practice: When deciding what measures
of engagement to include in evaluations of
the effectiveness of digital behavior change
interventions (DBCIs), good psychometric
properties must be carefully weighed against
acceptability and measurement burden.

Policy: Resources should be directed toward
further development and evaluation of
engagement measures to arrive at validated
instruments that facilitate easy comparison
across DBClIs.

Research: Empirical tests of how behavioral and
experiential facets of DBCI engagement relate to
one another, both initially and over a period of
time, will inform the development of validated
measures of engagement.

in which the DBCI is used [2]. In practice, observed
levels of engagement with DBCIs are typically
considered too limited to support behavior change
[3]. It has been estimated that less than 10% of
health and fitness app users return to their selected
app 7 days after registration [4,5], and a systematic
review of health-related web-based intervention
trials found that only 50% of participants engaged
with interventions in the desired manner (i.e.,,
interacting with all available intervention modules
over a prespecified period of time), with estimates
varying between 10% and 90% across trials [6].
Several studies, conducted across diverse behavioral
domains and study settings, report a positive
association of engagement with successful behavior
change [7,8], suggesting that these variables may
be linked through a doseresponse function [1,9].
However, it is also plausible that those individuals
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who are more successful in achieving behavior
change engage more, or that those who engage
more differ systematically from those who are
less engaged [2]. Despite various attempts to
characterize the function relating engagement with
successful behavior change [1,2,9,10], data cannot
be aggregated efficiently due to the use of different
definitions and measures of engagement (see [2] for
a review of definitions). Hence, a psychometrically
valid measure of engagement that facilitates easy
comparison across DBCIs is needed. This study
aimed to systematically develop such a measure and
evaluate its validity it in a real-world setting.

As the design and evaluation of DBCIs requires
knowledge of intervention content, computer
programming, and design principles, the question
as to what it means for someone to be engaged with
a DBCI has been of great interest to psychologists,
behavioral scientists, and interaction designers alike.
Broadly, interaction designers have focused on the
subjective experience of “flow” or “immersion” that
occurs during the human-computer interaction,
characterized by focused attention, intrinsic interest,
balance between challenge and skill, transportation
to a “different place” (e.g., the game environment),
and loss of time and self-consciousness [11,12].
Psychologists have traditionally defined
engagement as technology usage, perceived as a
proxy for participant exposure to a DBCI’s “active
ingredients” or component behavior change
techniques [13,14]. More recently, however, the
user’s subjective experience during DBCI usage
has been acknowledged as a key dimension of
engagement [1,15]. An interdisciplinary, integrative
review thus suggests that engagement can be
defined as (a) the extent of DBCI use (e.g., amount
and depth of use) and (b) a subjective experience
with emotional and cognitive facets (i.e., attention,
interest, and affect) [2]. Engagement with a DBCI is
hence thought to be conceptually distinct not only
from “flow” and “immersion,” but also from pure
technology usage.

Although many measures of engagement are
currently in use (see [1,2] for overviews), including
selfreport scales and objective usage data, an
instrument that captures both the behavioral and
experiential facets of engagement is lacking. For
example, although the User Engagement Scale [16], the
eHealth Engagement Scale [17], the Flow State Scale [18],
the Immersion Experience Questionnaire [19], the Personal
Involvement Inventory [20], and the Mobile Application
Rating Scale [21] capture a range of experiential facets
(e.g., stimulation, enjoyment), they do not consider
the behavioral facets of engagement (see Electronic
Supplementary Material 1 for an overview of extant
selfreport scales). Automatically recorded usage
data have typically been employed as a behavioral
index of engagement [22-25], but it is unclear
whether such records provide a valid measure of the

experiential facets of engagement (e.g., attention).
A validated measure of engagement that could be
used by researchers, health care practitioners, and
industry professionals, irrespective of them having
access to the DBCI’s raw data, would be practically
useful. Therefore, the present study aimed to
develop and validate a new selfreport scale that
captures both the behavioral and experiential facets
of engagement.

MATERIALS AND METHODS

Scale development

A detailed description of how the construct of
interest was developed can be found in Electronic
Supplementary Material 2.

Item generation

A deductive approach to item generation was
taken, meaning that the theoretical definition of the
construct is used as a guide to generate scale items
[26]. An initial pool of 18 items was generated by
the first author based on the theoretical definitions
of the five purported indicators of engagement
(i.e., “amount of use,” “depth of use,” “attention,”
“interest,” “enjoyment”). To mimic everyday
language, items were designed to capture the
intensity of the relevant thoughts, feelings, and
behaviors (e.g., “How strongly did you experience
enjoyment?”; “How much time do you roughly
think that you spent on the app?”). Agreement
on the set of initial items was reached through
discussion between the co-authors. Although some
of the items resemble those from existing scales
(reviewed in Electronic Supplementary File 1), we
did not explicitly draw on these. Our focus was
on the development of items that demonstrate
theoretical coherence, as opposed to novelty. Two
items representing the authors’ “best bets” for a
short measure of engagement were also developed
(i.e., “How engaging was the app?”; “How much did
you like the app?”).

Item scaling

As the questionnaire was designed to be
administered online and accessed through platforms
with potentially small screens (e.g., smartphones),
seven-point scaling was used where possible,
with higher scores indicating greater intensity
of engagement. Scale end- and mid-points were
anchored to contextualize the response options:

», «

“not at all”; “moderately”; “extremely” [27].

Content validity

Following the methodology in [28] and [29], a
group of 10 behavioral scientists and 10 human-
computer interaction experts were recruited
from the authors’ networks (i.e., “experts”),
and a group of 50 adult respondents recruited
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through Amazon’s Mechanical Turk (i.e., “non-
experts”) were invited to complete a “content
adequacy task” to determine the scale’s content
validity. Respondents were asked to classify the
randomly ordered items into one of six categories
(i.e., “amount of use,” “depth of use,” “interest,”
“attention,” “enjoyment,” plus an “unclassified”
category). The task was hosted on Qualtrics
[30] and was completed remotely without
any researcher input. A minimum of 70% of
respondents had to correctly classify an item for
it to be retained [28,29].

Of the 18 initial items, two items tapping
“interest,” three items tapping “attention,” five
items tapping “enjoyment,” and one item tapping
“amount of use” were correctly classified by a
minimum of 70% of respondents in both groups (see
Electronic Supplementary Material 3). To achieve
balance across the five indicators, only the three
highest performing items tapping “enjoyment”
were retained. One item tapping “depth of use” was
retained despite not reaching the a priori threshold
of 70%; as “depth of use” is considered a necessary
condition for engagement and one item tapping this
facet was correctly classified by 65% of experts and
66% of non-experts, it was considered important to
retain this item. In total, ten items were retained
to form the DBCI Engagement Scale (see Electronic
Supplementary Material 4).

Scale evaluation

A preregistered protocol can be found on the
Open Science Framework (OSF; see http://osf.
io/qcmx4). Ethical approval was granted by
UCL’s Departmental Research Ethics Committee
(UCLIC/1213/015).

Inclusion criteria

Participants were eligible to take part in the
validation study if they had: (a) downloaded the
alcohol reduction app Drink Less (see [31] for a
detailed description of the app’s content) onto
an iPhone or iPad during the study period (May
17, 2017 to March 6, 2018); (b) not opted out
from allowing their data to be used for research
purposes; (c) reported being 18 years of age or
older; (d) reported residing in the United Kingdom
(UK); (e) confirmed that they intended to reduce
their drinking through responding “Interested in
drinking less alcohol” to the question: “Why are you
using Drink Less?”; and (f) reported an Alcohol Use
Disorders Identification Test (AUDIT) score of 8
or more (indicating excessive alcohol consumption
[32]). Eligibility was determined during app
registration. The Drink Less app was selected
because it includes evidence-based behavior change
techniques, it has been designed with user-input, it
is freely available on the UK Apple App Store, and
the authors have access to the app’s usage data.

Sampling

As app users are most likely to disengage after their
first login session [4,5], novice users who had just
downloaded the Drink Less app were recruited.
The study was not publicly advertised. Interested
participants identified the app on the Apple App
Store or through word-of-mouth.

Sample size

Due to the scarcity of prior research, it was not
possible to predict what parameter estimates to
expect. We therefore aimed to recruit a minimum
of 200 participants, as this has been recommended

as a rule-ofthumb for confirmatory factor analysis
(CFA) [26].

Measures

In addition to the DBCI Engagement Scale, data
were collected on: (a) gender; (b) type of work
(i.e., manual, non-manual, other); and (c) location
during first use of the Drink Less app (i.e., home,
work, vehicle, public transport, restaurant/pub/café,
other’s home, can’t remember, other).

To allow the assessment of the scale’s criterion,
predictive, and incremental validity, app screen
views were automatically recorded, stored in an
online database (NodeChef), and extracted using
the free python library pandas to calculate objective
“amount of use,” “depth of use,” and “number
of subsequent logins.” The variable “amount of
use” was derived by calculating the time spent (in
seconds) during participants’ first login session. The
variable “depth of use” was operationalized as the
number of app modules visited during participants’
first login session, indexed as a proportion of the
number of available modules (i.e., Goal Setting; Self-
monitoring/Feedback; Action Planning; Normative
Feedback; Cognitive Bias Re-Training; Identity
Change; Other [31]). A new login was defined as
a new screen view after 30 minutes of inactivity
[33]. Participants were also asked to respond to the
two “best bets” for a short measure of engagement
(described above).

To allow the assessment of the scale’s divergent
validity, participants were asked to respond to two
items tapping the state of “flow” [11], as this was
conceptualized as a qualitatively distinct state.
Although engagement with DBClIs is expected to
share some experiential qualities with the state
of flow (i.e., “attention,” “interest”), users will not
necessarily experience “balance between challenge
and skill” or “loss of time and self-consciousness”
when engaging with a DBCI. Therefore, assessing
whether users can experience engagement without
necessarily experiencing the state of flow was
considered a useful test of the scale’s divergent
validity. Two items from the Flow State Scale [18],
measured on five-point Likert scales, that had
previously been found to load most strongly onto
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the general flow factor were therefore selected (i.e.,
“When using Drink Less, the way time passed seemed
to be different from normal”; “When using Drink
Less, I was not worried about what others may have
been thinking of me”). Although the original Flow
State Scale is made up of 36 items, we only included
two of its most strongly loading items to minimize
measurement burden.

Procedure

Eligible participants were prompted to fill out the
DBCI Engagement Scale immediately after their first
login session. Use of the smartphone’s home button
to exit Drink Less triggered a local push notification
with a link to the scale. Participants were asked to read
the information sheet and provide informed consent
prior to completing the scale. The push notification
contained the following message: “Help science by
responding to a brief survey.” Due to slow recruitment
(i.e., ~3 responses/week), the message was changed
on August 9, 2017 to: “Take a brief survey and
enter a prize draw to win one of thirty £10 Amazon
vouchers.” This incentive was chosen as the literature
suggests that participants in online surveys respond
at least as well to prize draws as other incentives
[34]. This resulted in an average response rate of 5.5
responses/week, although it should be noted that this
time period included the New Year period, in which
there was an isolated spike of responses.

Data analysis

All analyses were conducted using SPSS version
20.0 [35]. The assumptions for parametric tests
were assessed (e.g., normality of the distribution of
residuals). When these assumptions were violated,
normalization was used (e.g., znormalization for
positively skewed data). Descriptive statistics (e.g.,
mean, range, variance) were calculated for each
of the scale items and the additional variables of
interest to determine suitability for factor analysis.

Construct validity

It was hypothesized that a five-factor solution
(i.e., “amount of use,” “depth of use,” “interest,”
” “enjoyment”) would provide the best
fit of the observed data. Preplanned analyses
registered on the OSF therefore included the use of
CFA. However, due to potential range restriction in
key outcome variables resulting from self-selection
during the recruitment process (i.e., only a small
number of eligible users completing the scale),
exploratory factor analysis (EFA) was deemed
more suitable. The inspection of scree plots and
eigenvalues >1 were used to determine the number
of factors to retain [36]. Preplanned analyses also
included a comparison of the fit of the CFA solution
using the selfreported data as input with a CFA
solution using a combination of selfreported data
(i.e., the experiential indicators) and automatically

“attention,

recorded usage data (i.e., the behavioral indicators).
However, an additional EFA was deemed more
suitable.

Internal consistency reliability

Cronbach’s o was calculated to assess internal
consistency reliability. A large coefficient (i.e., .70
or above) was interpreted to indicate that there is
strong item covariance [29].

Criterion validity

Criterion validity was assessed by calculating
Pearson’s correlation coefficient for the relationship
between participants’ automatically recorded usage
data from their first login (i.e., objective “amount
of use” and “depth of use”) with their self-reported
“amount of use” and “depth of use”, and with their
total scale scores.

Predictive validity

Preplanned analyses registered on the OSF included
a regression analysis in which the outcome variable
“subsequent login” (i.e., whether or not participants
ever logged in again) would be regressed onto total
scale scores. As all but 3.4% (7/203) of participants
logged in again after their first session, this variable
would have failed to discriminate between participants.
We therefore conducted an unplanned analysis in
which the variable “number of subsequent logins,”
operationalized as the total number of logins in the
14 days after app registration, was regressed onto total
scale scores. A cutoff at 14 days postregistration was
deemed appropriate as DBCI access tends to be most
prevalent during this time window [37].

Incremental validity

Incremental validity was assessed through examining
the additional variance accounted for in “number of
subsequent logins” after adding the self-reported
experiential indicators (but not the selfreported
behavioral indicators) to a model including only
the automatically recorded behavioral indicators of
engagement.

Divergent validity

The two items tapping “flow” were used to assess the
scale’s divergent validity. Each item was correlated
with participants’ total scale scores.

Sensitivity analyses
As only a small proportion of eligible participants
completed the scale, an unplanned sensitivity
analysis was required to examine whether there
was potential range restriction in the scale items
and key outcome variables. A Mann-Whitney
U-+test was conducted to assess whether the median
number of subsequent logins differed between
those who did and did not complete the scale.
An additional unplanned sensitivity analysis was
TBM
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conducted to assess if participants’ AUDIT scores
were significantly associated with total scale scores
or the number of subsequent logins.

RESULTS

Participant characteristics

During the study period (294 days; May 17, 2017 to
March 6, 2018), a total of 8,336 users downloaded
the Drink Less app, of which 5,460 (65.5%) were
eligible to complete the scale. Of these, 311 (5.7%)
users initiated the scale (i.e., opened the push
notification), with 203 (3.7%) users completing it (see
Electronic Supplementary Material 5). Participant
demographic and drinking characteristics are
reported in Table 1.

Descriptive statistics for scale items

Descriptive statistics for the scale items are reported in
Table 2. The majority of participants completed the
scale at home (83%) or at work (7.9%). To account for
observed skewness, z-score transformation was applied
to the ten scale items, the two items used to test the
scale’s criterion validity, and the three items used to
test the scale’s predictive and incremental validity.
Interitem correlations of the normalized items are
reported in Table 3.

Construct validity

The Keiser-Meier Olkin (KMO) Test of Sampling
Adequacy (KMO = 0.76) and Bartlett’s Test of
Sphericity (p <.001) indicated that data were suited
for factor analysis [38].

Solution 1

An EFA with oblique rotation indicated that a two-
factor solution, accounting for 54.1% of the variance,
provided the best fit of the observed data. However,
the second factor was comprised only of the
negatively worded items (4, 5, and 8), making little
theoretical sense. On the basis of the conceptual
parsimony of a one-factor solution, the second factor
and the negatively worded items were discarded.

Solution 2

A subsequent EFA with oblique rotation indicated
that a one-factor solution accounted for 44.5% of the
variance (see Table 4).

Solution 3
An EFA with oblique rotation using a combination
of selfreported data (i.e., items 1, 2, 3, 6, and 7) and
automatically recorded data (i.e., items 11 and
12) suggested a two-factor solution, which accounted
for 63.5% of the variance. The experiential indicators
loaded clearly onto factor 1, and the behavioral
indicators loaded clearly onto factor 2 (see Table 4).
Solution 2 was selected for further analysis, as
it contained only the selfreported items. Prior to
further analyses, a total scale score was calculated
for each participant, with equal weight given to each
of the retained items (i.e., 1, 2, 3, 6, 7, 9, 10).

Internal consistency reliability

Internal consistency estimates for the seven-item
scale yielded a coefficient o of 0.77, indicating
adequate internal consistency reliability [29].

Criterion validity

Total scale scores were significantly correlated with
objectively recorded “depth of use,” 7(201) = .23, p
<.01, but not with objectively recorded “amount of
use,” 7(201) = —.02, p = .82. Selfreported “depth
of use” was significantly correlated with objectively
recorded “depth of use,” 7(201) = .44, p < .001.
Selfreported “amount of use” was significantly
correlated with objectively recorded “amount of
use,” r(201) = .15, p <.05.

Predictive validity

As shown in Table 5, total scale scores did not
significantly predict the number of subsequent
logins (B = 0.02; 95% CI = —0.01, 0.05; p = .14).
Asking users about how engaging they thought the
app was (B = 0.07; 95% CI = -0.07, 0.21; p = .30)
or how much they liked the app (B = 0.09; 95%
CI = —-0.05, 0.22) did not significantly predict the

Table 1 | Participant demographic and drinking characteristics

Completed scale

Initiated (but not completed) scale

Demographic characteristics (N=203) (N=108) P

Female, % (N) 64% (129) 53% (57) .07
Type of work, % (N) .85

Non-manual, % (N) 75% (152) 73% (79)

Manual, % (N) 11% (22) 11% (11)

Other, % () 14% (29) 17% (18)

Age in years, mean (SD) 41.8 (10.7) 42.4(9.5) .66
Drinking characteristics

AUDIT score, mean (SD) 17.6 (6.1) 18.3 (6.8) 31

AUDIT Alcohol Use Disorders Identification Test

“Differences between groups were assessed using Chi-square tests or t-tests, as appropriate.
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203)

Table 3 | Interitem correlation matrix (N

10.

Scale items

1. Interest
2. Intrigue

3. Focus

56%*

S53**
-.00
-.02

3%
.11
.10

14
.14*

4, Inattention (R)
5. Distraction (R)
6. Enjoyment

7. Pleasure

.60**
-.08

-.15*
_.30**

40**

57

43**

-.25** 62**
.09

31

0y

29%*

.02

bl

.04
-17*

43**
.03

27**

4*
27
.16*

24**
A7

8. Annoyance (R)

A1
-.06

14

.19**

.20%*
16*

9. Which of app’s components

10. How much time spent

.28**

_.23**

.13

.19**

The symbol (R) indicates that values have been reverse scored prior to analysis.

*p<.05;**p<.001

number of subsequent logins. A post hoc power
analysis indicated that a total of 203 participants
provided 44% power (two-tailed a = .05) to detect
a regression coefficient of 0.02 for the association
between total scale scores and the number of
subsequent logins [39].

Incremental validity

A model including the automatically recorded
indicators of engagement (i.e., items 11 and
12) accounted for 0.7% of variance in the number
of subsequent logins. Neither objective “amount of
use” nor objective “depth of use” were significant
predictors of the number of subsequent logins (see
Table 5). A model including the automatically
recorded behavioral indicators in addition to the
experiential indicators of engagement (i.e., items 1, 2,
3, 6, 7) accounted for 4.9% of variance in the number
of subsequent logins. Interest was the only significant
predictor of the number of subsequent logins.

Divergent validity

Total scale scores were significantly correlated
with the first (“When using Drink Less, the way time
passed seemed different from normal”) but not the
second (“When using Drink Less, I was not worried
about what others may have been thinking about
me”) item tapping “flow” (r(201) = .14; p = .04 and
7(201) = —.07; p = .33, respectively). The two items
tapping flow were not significantly correlated with
one another in this sample (r(201) = —.02; p = .82).

Sensitivity analysis

The first sensitivity analysis indicated that those
who completed the scale had a significantly greater
median number of subsequentlogins (median = 13.0,
interquartile range (IQR) = 6.0-21.0) than eligible
users who did not complete the scale (median = 6.0,
IQR = 1.0-16.0), U = 361,135.5, p < .001. The
second sensitivity analysis showed that participants’
AUDIT scores were neither significantly correlated
with total scale scores (r(201) = .10; p = .14) nor with
the number of subsequent logins (r(201) = .004;
p=.95).

DISCUSSION
This study described the systematic development of
anew selfreport measure of engagement with DBCIs
and its validation in a real-world setting with an
alcohol reduction app. As fewer than 5% of eligible
users completed the scale, our first observation is
that we have not established that it is feasible to
measure engagement through selfreport in a real-
world setting. Second, results from a series of EFAs
indicate that the seven-item DBCI Engagement Scale
is unifactorial and internally reliable. Third, total
scale scores were significantly but weakly correlated
with objective “depth of use” but not significantly
correlated with objective “amount of use”, thus
page 7 of 11
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Table 4 | Factor structure matrix for the DBCI Engagement Scale

Solution 1° Solution 2° Solution 3¢
Scale items Factor 1 Factor 2 Factor 1 Factor 1 Factor 2
1. Interest 0.51 0.14 0.53 0.74 0.05
2. Intrigue 0.65 0.02 0.67 0.76 0.07
3. Focus 0.49 0.20 0.50 0.72 0.01
4, Inattention (R) -0.15 0.79 N/A N/A N/A
5. Distraction (R) -0.21 0.78 N/A N/A N/A
6. Enjoyment 0.86 -0.09 0.85 0.71 -0.03
7. Pleasure 0.60 -0.32 0.70 0.56 -0.09
8. Annoyance (R) 0.11 0.56 N/A N/A N/A
9. Which of app’s components 0.26 0.03 0.28 N/A N/A
10. How much time spent 0.25 -0.23 0.26 N/A N/A
11. Objective depth of use N/A N/A N/A 0.10 0.73
12. Objective amount of use N/A N/A N/A -0.09 0.64
The symbol (R) indicates that values have been reverse scored prior to analysis. Factor loadings of 0.25 and greater are in bold.
°EFA with oblique rotation, including items 1-10.
°EFA with oblique rotation, including items 1, 2, 3, 6, 7,9, and 10.
“EFA with oblique rotation, including items 1, 2, 3,6, 7, 11, and 12
Table 5 | Univariable and multivariable linear regression models predicting the number of subsequent logins
Beta (95% Cl) p
Predictive validity
Total scale scores 0.02 (-0.01, 0.05) .14
How engaging was the app? 0.07 (-0.07,0.21) .30
How much did you like the app? 0.09 (-0.05,0.22) .20
Incremental validity
Model 1
Objective amount of use 0.07 (-0.09,0.22) 40
Objective depth of use 0.03(-0.13,0.18) .75
Model 2
Objective amount of use 0.09 (-0.07,0.25) 27
Objective depth of use -0.01(-0.17,0.15) .89
Interest 0.25 (0.03, 0.46) .02*
Focus -0.10(-0.30,0.11) .35
Enjoyment 0.02 (-0.18,0.22) .86
Intrigue 0.04 (-0.15,0.22) 71
Pleasure -0.02 (-0.20, 0.15) 79
*p<.05

questioning the scale’s criterion validity. Fourth,
total scale scores did not predict the number of
subsequent logins in the next 14 days. Finally, total
scale scores were significantly associated with one
of the two items from the Flow State Scale, which
questions the scale’s divergent validity.

These results should be interpreted in the light
of a number of important methodological and
theoretical limitations. Through comparing the
number of subsequent logins between the analytic
sample and the sample of total eligible users, it
was evident that the analytic sample was biased
toward highly engaged users. It is likely that this
restricted the range in both scale items and key
outcome variables, thus limiting the ability of the

present study to evaluate the scale’s validity. Our
inclusion criteria (i.e., expressing a desire to reduce
drinking, being willing to use an app, being willing
to share data with the researchers) may also have
contributed to the apparent selfselection bias.
However, these inclusion criteria mirror those in
randomized controlled trials of health apps [31,40].
It is notoriously difficult to study engagement in
real-world settings, as highly engaged individuals
are more likely to take part in such research (i.e.,
users who login more frequently have a greater
likelihood of responding to follow-up surveys) [41].
An important avenue for future research is therefore
to evaluate the scale’s validity in a more controlled
setting, with a view to recruiting participants with a
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broader range of engagement levels (e.g., students
taking part in research for credit). The authors
are currently in the process of evaluating the scale
in an online sample taking part in the research in
exchange for a financial reward.

The observation that the negatively worded items
(e.g., “inattention,” “distraction”) were found to
load onto a second factor in the initial EFA (which
resulted in the removal of these items) suggests that
participants may have found it difficult to respond to
the negatively worded items. Despite having assessed
the items’ content validity through an initial content
adequacy task, it is possible that “inattention” is not
seen as the polar opposite of “attention” in everyday
language. Future work using cognitive interviewing
techniques is therefore required to further refine the
scale items, ensuring that the retained items are easy
to respond to [42]. Moreover, the observation that
the two items assessing the state of flow were not
significantly correlated in this sample also highlights
the importance of using well-validated scales when
benchmarking a new scale, where available.

The lack of a significant association of initial
experiential and behavioral engagement with future
engagement can be interpreted in multiple ways.
First, the study was not adequately powered to
detect a weak relationship between initial and future
engagement. Second, it is plausible that other factors,
such as motivation to change or perceived personal
relevance, are in fact more strongly predictive of future
engagement than initial experiential and behavioral
engagement. Indeed, systematic reviews of DBCIs
indicate that aggregate measures of engagement
(e.g., total number of logins over a period of time)
are influenced by attributes of the DBCI itself (e.g.,
tailoring, aesthetics), characteristics of the users (e.g.,
motivation to change), and the context in which the
DBCl is used (e.g., social cues) [2,43]. Future attempts
to validate state-based measures of experiential and
behavioral engagement should also carefully consider
other indicators of predictive validity. For example, it
is plausible that greater intensity of initial engagement
predicts knowledge or skills at a future time point, as
suggested by the Elaboration Likelihood Model of
Persuasion [44].

Third, it is also plausible that our construct
definition did not adequately capture “engagement.”
For example, it has been argued that engagement
with DBCIs extends beyond technology-based
experiential and behavioral indicators, as there
may be periods during which an individual is still
engaged in the behavior change process (e.g.,
mentally rehearsing the successful performance of
the behavior) but is no longer using the technology
to facilitate this [1]. Other theorists have argued that
engagement includes additional cognitive facets
(e.g., the ability to comprehend the intervention
materials and retain key information) [45], or that
it does not include any cognitive or emotional facets
beyond technology usage [46]. As it is impossible to

objectively determine the theoretical foundation of
psychological constructs [47], the lack of consensus
as to what engagement is, to be expected. Even
without this consensus, empirical tests of how key
variables relate to one another, both initially and
over a period of time, are critically important in the
process of developing an operational definition of
engagement that is practically useful for researchers,
practitioners, and policy makers.

In line with theories of behavior change [48],
engagement with DBCIs may be more usefully
conceptualized as a behavior that is influenced
by multiple, dynamically interacting intra- and
extra-individual ~ factors (e.g.,  psychological,
social, environmental). It may be more fruitful to
consider how different configurations of intra- and
extra-individual factors dynamically interact over
short time periods (e.g., hours, days) to influence
behavior (sometimes referred to as “state-space
representations” of when a particular intervention
produces a given effect) [49]. Within such a
framework, the likelihood that a user engages
behaviorally with an alcohol reduction app may
increase if, for example, (a) their memory of the app
being interesting/enjoyable is salient, (b) their daily
level of motivation to reduce drinking is high, and (c)
they are not surrounded by others who drink. The
interrelationships between such variables should
be tested using experience sampling methodology
to gather temporally rich, contextualized data
[50], which can be modeled using computational
techniques from control systems engineering (e.g.,
dynamic systems modeling) [51].

In conclusion, behavioral and experiential
indicators of engagement may resolve to a single
dimension, but low response rates to engagement
surveys embedded in DBCIs may make their use
impracticable in realworld settings. The lack
of an association between total scale scores and
the number of subsequent logins suggests that
other factors, such as motivation to change, may
play a more important role in the prediction of
future engagement than initial behavioral and
experiential engagement.

SUPPLEMENTARY MATERIAL

Supplementary material is available at Translational
Behavioral Medicine online.

Acknowledgements: We gratefully acknowledge all funding. We also
acknowledge the members of UCL's Tobacco and Alcohol Research Group
for providing invaluable feedback on an early draft of this manuscript.

Compliance with Ethical Standards

Funding: O. Perski is funded by Bupa under its partnership with University
College London. C. Garnett and R. West are funded by Cancer Research
UK (C1417/A22962). S. Michie is funded by Cancer Research UK and the
National Institute for Health Research School for Public Health Research.

page 9 of 11

6102 YOIBI\ L€ UO 1s8nB Aq 85/€ZHS/6£0ZAWAYEE0L 0 L/I0PAOBISR-S]0ILIE-2OUBAPE/WG)/WOD dNO"DIWapEo.)/:SARY WO} POPEOJUMOQ



ORIGINAL RESEARCH

page 10 of 11

Conflicts of Interest: Olga Perski, Ann Blandford, Claire Garnett, David Crane
and Susan Michie declare that they have no conflicts of interest. Robert West
undertakes research and consultancy and receives fees for speaking from
companies that develop and manufacture smoking cessation medications.

Author contributions: Allauthors have approved the final manuscript and agree with
its submission to Translational Behavioral Medicine. All authors have contributed
equally to the scientific work and are responsible and accountable for the resilts. We
confirm that this manuscript has not been previously published (partly or in full) and
that the manuscript is not being simultaneously submitted elsewhere. We confirm
that the data have not been previously reported elsewhere and that no data have
been fabricated or manipulated to support our conclusions. No data, text, or theories
by others are presented as if they were the authors’ own. The authors have full
control of all data, which are accessible upon request.

Ethical Approval: All procedures performed were in accordance with the
ethical standards of UCLs Departmental Research Ethics Committee and
with the 1964 Helsinki declaration and its later amendments. This article
does not contain any studies with animals performed by any of the authors.

Informed Consent: Informed consent was obtained from every participant
in the study.

References

1. Yardley L, Spring BJ, Riper H, et al. Understanding and promoting ef-
fective engagement with digital behavior change interventions. Am J
Prev Med. 2016;51(5):833-842.

2. Perski O, Blandford A, West R, Michie S. Conceptualising engage-
ment with digital behaviour change interventions: a systematic review
using principles from critical interpretive synthesis. Transl Behav Med.
2017;7(2):254-267.

3. Michie S, Yardley L, West R, Patrick K, Greaves F. Developing and
evaluating digital interventions to promote behavior change in health
and health care: recommendations resulting from an international work-
shop. /] Med Internet Res. 2017;19(6):e232.

4. Appboy. Spring 2016 Mobile Customer Retention Report: An Analysis of
Retention by Day. 2016.

5. Consumer Health Information Corporation. Motivating Patients to Use Smartphone
Health Apps. 2015. Available at http;/www.prweb.com/releases/2011/04/
prweb5268884.htm. Accessibilty verified August 10, 2015.

6. Kelders SM, Kok RN, Ossebaard HC, Van Gemert-Pijnen JE. Persuasive
system design does matter: a systematic review of adherence to web-
based interventions. ] Med Internet Res. 2012;14(6):152.

7. Alexander GL, McClure JB, Calvi JH, et al; MENU Choices Team.
A randomized clinical trial evaluating online interventions to im-
prove fruit and vegetable consumption. Am ] Public Health.
2010;100(2):319-326.

8. Cobb NK, Graham AL, Bock BC, Papandonatos G, Abrams DB. Initial
evaluation of a real-world Internet smoking cessation system. Nicotine
Tob Res. 2005;7(2):207-216.

9. Donkin L, Christensen H, Naismith SL, Neal B, Hickie IB, Glozier N. A
systematic review of the impact of adherence on the effectiveness of
e-therapies. / Med Internet Res. 2011;13(3):e52.

10. Hilvert-Bruce Z, Rossouw PJ, Wong N, Sunderland M, Andrews G.
Adherence as a determinant of effectiveness of internet cognitive be-
havioural therapy for anxiety and depressive disorders. Behav Res Ther.
2012;50(7-8):463-468.

11. Csikszentmihalyi M. Flow: The Psychology of Optimal Performance. New
York, NY: Cambridge University Press; 1990.

12. Brown E, Cairns P. A grounded investigation of game immersion. In: CHI
‘04 Extended Abstracts on Human Factors in Computing Systems. ACM.
2004:1297-1300.

13. Michie S, Richardson M, Johnston M, et al. The behavior change tech-
nique taxonomy (v1) of 93 hierarchically clustered techniques: building
an international consensus for the reporting of behavior change
interventions. Ann Behav Med. 2013;46(1):81-95.

14. Bellg A, Borrelli B, Resnick B, et al; Treatment Fidelity Workgroup of the
NIH Behavior Change Consortium. Enhancing treatment fidelity in health be-
havior change studies: best practices and recommendations from the NIH
Behavior Change Consortium. Health Psychol. 2004;23(5):443-451.

15. Kelders SM. Involvement as a working mechanism for persuasive tech-
nology. In: MacTavish T, Basapur S., ed. Persuasive Technology: 10th
International Conference. Chicago, IL: Springer; 2015:3-14.

16. O’Brien HL, Toms EG. The development and evaluation of a survey to
measure user engagement. JAm Soc Inf Sci Technol. 2010;61(1):50-69.

18.

19.

20.

21.

22.

23.

24,

25.

26.

27.

28.

29.

30.

31

32.

33.

34,
35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

Lefebvre RC, Tada Y, Hilfiker SW, Baur C. The assessment of user en-
gagement with ehealth content: the ehealth engagement scale. ] Comput
Mediat Commun. 2010;15:666-681.

Jackson SA, Marsh HW. Development and validation of a scale to
measure optimal experience: the flow state scale. / Sport Exerc Psychol.
1996;18:17-35.

Jennett C, Cox AL, Cairns P, et al. Measuring and defining the experience
of immersion in games. Int ] Hum-Comput Stud. 2008;66(9):641-661.
Zaichkowsky JL. Measuring the involvement construct. / Cons Res.
1985;12(3):341-352.

Stoyanov SR, Hides L, Kavanagh D), Zelenko O, Tjondronegoro D,
Mani M. Mobile app rating scale: a new tool for assessing the quality of
health mobile apps. JMIR Mhealth Uhealth. 2015;3(1):e27.

Danaher BG, Boles SM, Akers L, Gordon JS, Severson HH. Defining
participant exposure measures in Web-based health behavior change
programs. ] Med Internet Res. 2006;8(3):e15.

Strecher V), McClure J, Alexander G, et al. The role of engagement in a
tailored web-based smoking cessation program: randomized controlled
trial. ) Med Internet Res. 2008;10(5):e36.

McClure )B, Shortreed SM, Bogart A, et al. The effect of
program design on engagement with an internet-based smoking
intervention: randomized factorial trial. / Med Internet Res.
2013;15(3):e69.

Couper MP, Alexander GL, Zhang N, et al. Engagement and retention:
measuring breadth and depth of participant use of an online intervention.
J Med Internet Res. 2010;12(4):e52.

Hinkin TR. A brief tutorial on the development of measures for use in
survey questionnaires. Organ Res Methods. 1998;1(1):104-121.
Weng LJ. Impact of the number of response categories and anchor
labels on coefficient alpha and test-retest reliability. Educ Psychol Meas.
2004;64(6):956-972.

MacKenzie SB, Podsakoff PM, Fetter R. Organizational citizenship
behavior and objective productivity as determinants of managerial
evaluations of salespersons’ performance. Organ Behav Hum Decis
Process. 1991;50:123-150.

Hinkin TR, Schriesheim CA. Development and application of new scales
to measure the French and Raven (1959) bases of social power. J Appl
Psychol. 1989;74(4):561-567.

Qualtrics. Qualtrics Survey Software. Provo, Utah. 2016. Available at
http://www.qualtrics.com/. Accessibilty verified April, 2016.

Crane D, Garnett C, Michie S, West R, Brown ). Publisher correction: a
smartphone app to reduce excessive alcohol consumption: identifying
the effectiveness of intervention components in a factorial randomised
control trial. Sci Rep. 2018;8(1):6866.

Babor TF, Higgins-Biddle JC, Saunders JB, Monteiro MG. The Alcohol
Use Disorders Identification Test: Guidelines for Use in Primary
Care, 2nd ed. Geneva, Switzerland: World Health Organisation;
2001.

Google Analytics. How a Web Session is Defined in Analytics. 2017.
Available at https://support.google.com/analytics/answer/2731565.
Accessibility verified February 6, 2018.

Fan W, Yan Z. Factors affecting response rates of the web survey: a sys-
tematic review. Comput Hum Behav. 2010; 26(2):132-139.

IBM Corp. IBM SPSS Statistics for Windows, Version 21.0. Armonk, NY:
IBM Corporation; 2012.

Costello AB, Osborne JW. Best practices in exploratory factor analysis:
four recommendations for getting the most from your analysis. Pract
Assess Res Eval. 2005;10(7):1-9.

Morrison L, Geraghty AWA, Lloyd S, et al. (n.d.). Comparing usage of a
web- and smartphone app-delivered stress management intervention:
an observational study. Internet Interv. 2018;12:74-82.

Kaiser HF. An index of factorial simplicity. Psychometrika.
1974;39(1):31-36.

Faul F, Erdfelder E, Lang AG, Buchner A. G*Power 3: a flexible statis-
tical power analysis program for the social, behavioral, and biomedical
sciences. Behav Res Methods. 2007;39(2):175-191.

Bricker JB, Mull KE, Kientz JA, et al. Randomized, controlled
pilot trial of a smartphone app for smoking cessation using
acceptance and commitment therapy. Drug Alcohol Depend.
2014;143:87-94.

Murray E, White IR, Varagunam M, Godfrey C, Khadjesari Z,
McCambridge J. Attrition revisited: adherence and retention in a web-
based alcohol trial. ] Med Internet Res. 2013;15(8):e162.

Willis GB. Cognitive Interviewing: A Tool for Improving Questionnaire
Design. Thousand Oaks, CA: SAGE Publications; 2004.

Milward J, Drummond C, Fincham-Campbell S, Deluca P. What makes
online substance-use interventions engaging? A systematic review and
narrative synthesis. Digit Health. 2018;4:1-25.

Petty RE, Cacioppo J. The elaboration likelihood model of persuasion.
Adv Exp Soc Psychol. 1986;19:123-205.

Borrelli B. The assessment, monitoring, and enhancement of treatment fi-
delity in public health clinical trials. J Public Health Dent. 2011;7 1(suppl
1):552-563.

TBM

6102 YOIBI\ L€ UO 1s8nB Aq 85/€ZHS/6£0ZAWAYEE0L 0 L/I0PAOBISR-S]0ILIE-2OUBAPE/WG)/WOD dNO"DIWapEo.)/:SARY WO} POPEOJUMOQ


http://www.prweb.com/releases/2011/04/prweb5268884.htm
http://www.prweb.com/releases/2011/04/prweb5268884.htm
http://www.qualtrics.com/
https://support.google.com/analytics/answer/2731565

ORIGINAL RESEARCH

46.

47.

48.

TBM

Sieverink F, Kelders SM, van Gemert-Pijnen JE. Clarifying the concept
of adherence to ehealth technology: systematic review on when usage
becomes adherence. / Med Internet Res. 2017;19(12):e402.

Petrides KV, Furnham A. Trait emotional intelligence: psychometric in-
vestigation with reference to established trait taxonomies. Eur J Pers.
2001;15(6):425-448.

Michie S, West R, Campbell R, Brown J, Gainforth H. ABC of Behaviour
Change Theories. London, UK: Silverback Publishing; 2014.

49.

50.

51.

Hekler EB, Michie S, Pavel M, et al. Advancing models and
theories for digital behavior change interventions. Am J Prev Med.
2016;51(5):825-832.

Stone AA, Shiffman S. Ecological momentary assessment (EMA) in
behavorial medicine. Ann Behav Med. 1994;16(3):199-202.

Riley WT, Rivera DE, Atienza AA, Nilsen W, Allison SM, Mermelstein R.
Health behavior models in the age of mobile interventions: are our
theories up to the task? Transl Behav Med. 2011;1(1):53-71.

page 11 of 11

6102 YOIBI\ L€ UO 1s8nB Aq 85/€ZHS/6£0ZAWAYEE0L 0 L/I0PAOBISR-S]0ILIE-2OUBAPE/WG)/WOD dNO"DIWapEo.)/:SARY WO} POPEOJUMOQ



