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Abstract
Digital behaviour change interventions (DBCIs) can help people change various
health behaviours; however, engagement is low on average and there is a
positive association of engagement with intervention effectiveness. The extent
to which this relationship is confounded or subject to reverse causality is
unclear, and evidence-based models of how to promote engagement are
lacking. Progress is hindered by the existence of multiple definitions and
measures of engagement; this hampers attempts to aggregate data in metaanalyses.

Using smartphone applications (apps) for smoking cessation and alcohol
reduction as case studies, this thesis investigated how to conceptualise and
measure engagement and identified factors that influence engagement with
DBCIs in general, and with apps for smoking cessation and alcohol reduction in
particular. Six studies using qualitative and quantitative methods were
conducted. Study 1 was a systematic, interdisciplinary literature review, which
synthesised existing conceptualisations and generated an integrative definition
of engagement with behavioural and experiential dimensions, and a conceptual
framework of factors that influence engagement with DBCIs. Studies 3 and 4
involved the development and evaluation of a self-report measure of the
behavioural and experiential dimensions of engagement. Studies 2, 5 and 6
used mixed-methods to identify factors that influence engagement with apps for
smoking cessation and alcohol reduction.

Engagement with DBCIs can usefully be defined in both behavioural and
experiential terms: the self-report measure demonstrated promising
5

psychometric properties and was underpinned by two distinct factors, labelled
‘Experiential Engagement’ and ‘Behavioural Engagement’. Design features that
support users’ motivation to change, foster their beliefs about the perceived
usefulness and relevance of the technology, and spark their interest were found
to be most important in the promotion of engagement with apps for smoking
cessation and alcohol reduction. These findings can be used to inform the
design of new, or modification of existing, apps for these behaviours.
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Summary of thesis
This thesis reports six studies that used a range of qualitative and quantitative
methods. Study 1 (reported in Chapter 2) was a systematic review of the
behavioural science and human-computer interaction (HCI) literatures, which
aimed to provide an overview of different conceptualisations of engagement
with digital behaviour change interventions (DBCIs), and synthesise these to
develop an interdisciplinary, integrative definition of engagement. A secondary
aim was to provide an overview of factors (e.g. intervention content, design
features) that have been found or hypothesised to influence engagement with
DBCIs. This led to the development of a two-part, integrative definition of
engagement with both behavioural (e.g. amount, depth, and frequency of use)
and experiential (i.e. attention, enjoyment, interest) facets, and the development
of a conceptual framework which outlined factors that have been found or
hypothesised to influence engagement with DBCIs.

Study 2 (reported in Chapter 3) used think aloud and interview techniques to
explore what intervention content and design features are judged by potential
users as important for the uptake of and engagement with apps for smoking
cessation and alcohol reduction. It was found that users may select apps based
on their immediate look and feel, ‘social proof’ (i.e. other users’ ratings and
brand recognition) and realistic and relevant titles. Building onto the conceptual
framework developed in Study 1, it was also found that intervention content and
design features that enhance users’ autonomy, motivation, personal relevance
and foster a sense of credibility, in addition to those that are consistent with
users’ online and offline social preferences, are considered to be important for
engagement with apps for smoking cessation and alcohol reduction. Study 2
20

was also used to gather insight into how potential users understand the term
‘engagement’ with DBCIs. These data were subsequently used to inform the
development of a novel self-report measure of engagement with DBCIs
(reported in Chapter 4).

Study 3 (reported in Chapter 4) describes the development and first
psychometric evaluation of the 10-item ‘DBCI Engagement Scale’, which
assessed the behavioural and experiential facets of the state of engagement
with DBCIs. Study 3 was both practical and theoretical in scope. First, following
the development of an integrative definition of engagement with DBCIs, it
became apparent that no existing instrument was fit-for-purpose. The
development of a novel instrument was expected to fill this gap. Second, the
demonstration of adequate psychometric properties was expected to serve as
an empirical validation of the proposed two-part definition of engagement,
developed based on findings from Studies 1 and 2. It was expected that the
state of engagement, which occurs during the momentary interaction with a
DBCI, is underpinned by five dimensions: amount of use (i.e. time spent per
login), depth of use (i.e. proportion of DBCI components accessed per login),
attention, enjoyment and interest. The ‘DBCI Engagement Scale’ was evaluated
in a sample of excessive drinkers who voluntarily downloaded the theory- and
evidence-based Drink Less app, developed by researchers at University
College London. Study 3 found that behavioural and experiential indicators of
engagement may resolve to a single dimension, and that initial behavioural and
experiential engagement did not predict future behavioural engagement.
However, only a small proportion of eligible users completed the survey, which
resulted in range restriction in both scale items and key outcome variables. It
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was therefore considered important to conduct another evaluation study in a
sample with a broader range of engagement levels.

Study 4 (reported in Chapter 5) describes the second psychometric evaluation
of the ‘DBCI Engagement Scale’ in a different sample of excessive drinkers who
were willing to download and explore the Drink Less app in exchange for a
financial reward, recruited through an online research platform. Study 4 found
that experiential and behavioural engagement may constitute two distinct
factors and that initial engagement predicted subsequent behavioural
engagement. This association remained significant when adjusting for
motivation to reduce alcohol consumption.

The remaining empirical studies in this thesis used novel methods to identify
factors that influence engagement with alcohol reduction apps. Study 5
(reported in Chapter 6) was a mixed-methods study in which a novel ranking
paradigm was used to assess what design features are considered most
important for engagement with apps for alcohol reduction. In line with a ‘usercentred design’ approach, Study 5 aimed to elicit potential app users’ needs
and preferences, with a view to using this information to inform the design of
new, and the modification of existing, apps for alcohol reduction. Focus groups
with a small number of participants and a larger, online study were conducted in
parallel, addressing the same research questions. There was little agreement
between participants concerning the importance of particular design features,
both in the focus groups and in the online study. On average, personalisation,
‘interactive features’ and ‘control features’ were judged to be most important for
inclusion in apps for alcohol reduction, as they were expected to elicit a sense
of benefit and usefulness, adaptability, provide motivational support and spark
22

users’ interest. Study 5 highlighted that different features may be liked and
engaged with by different users.

As studies 2 and 5 were limited by their reliance on participants’ ability to predict
their future preferences, experiences and behaviour, it was considered
important to triangulate findings with behavioural data. Study 5 highlighted that
there are individual differences in the factors that are judged to be most
important for engagement with apps for alcohol reduction. Therefore, Study 6
(reported in Chapter 7) focused on the identification of within-subjects (as
opposed to between-subjects) predictors of engagement. This study used a
series of N-of-1 designs, harnessing Ecological Momentary Assessments, to
examine how far within-person variability in key predictor variables identified in
Studies 1, 2, and 5 (e.g. motivation to change, perceived usefulness of the app,
alcohol consumption) predicted variability in the frequency (i.e. number of
logins) and amount (i.e. time spent per login) of engagement with the Drink
Less app over a 28-day period. Although different variables were found to be
predictive for different users, the most consistent within-person predictor of the
frequency and amount of engagement was perceived usefulness of the app.
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1 CHAPTER 1 – General introduction
1.1 The promise of digital behaviour change interventions
The role of health behaviours, such as tobacco smoking and excessive alcohol
consumption, in explaining morbidity and premature mortality has long been
recognised [1]. Although interventions delivered face-to-face by trained
healthcare professionals are both effective [2,3] and cost-effective [4], specialist
services in the United Kingdom (UK) and elsewhere are facing substantial
funding cuts [5] and ‘brief interventions’ (i.e. an intervention which takes little
time to deliver and typically involves asking about smoking or drinking status)
are rarely offered to patients in primary care settings [6]. Due to technological
advances, Internet access and personal smartphone ownership has grown
rapidly in the past decade, with 84-89% of adults in the UK and the United
States (US) having access to the Internet, and 64-68% owning a smartphone in
2015-2016 [7,8]. This has led to the development of digital behaviour change
interventions (DBCIs), which can be defined as “…a product or service that
uses computer technology to promote behaviour change” [9]. DBCIs typically
harness websites, mobile phones, smartphone applications (apps) or wearable
devices to deliver behavioural support, as and when needed by the user. The
potential benefits of DBCIs for patients, healthcare professionals and
researchers are manifold: they can, for example, reduce the stigma associated
with help-seeking in person, reach a large number of users irrespective of
geographical location, be scaled up with little cost per additional user, be deeply
integrated into users’ daily lives and facilitate data collection in real-time [10–
13].
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Since the introduction of DBCIs [14], numerous randomised controlled trials
(RCTs) comparing stand-alone or ‘blended’ DBCIs (i.e. those offering a
combination of digital and face-to-face support) with wait-list or active controls
have established that DBCIs are effective in helping people quit smoking,
increase physical activity levels, reduce alcohol consumption, increase fruit and
vegetable consumption and self-manage chronic conditions [15–23]. However,
effect sizes are heterogeneous. Moderator analyses have demonstrated that
some of the observed variability in effect sizes across DBCIs can be explained
by differences in sample size, target population, intervention content (e.g.
whether or not the digital content is theory-based, or combined with face-to-face
support) and design features (e.g. aesthetics, usability) [23–26]. However, the
observed variation in user engagement within and across DBCIs [27,28] may
serve as an additional explanation for these heterogeneous effect sizes.

1.2 The problem of engagement
Although evidence indicates that DBCIs can help people achieve successful
behaviour change, engagement with such interventions tends to be low.
Eysenbach, in his ‘Law of Attrition’, referred to this apparent lack of
engagement with DBCIs or their components as ‘non-usage attrition’ [27]. This
phenomenon has been observed both in controlled trials of DBCIs, conducted
by academic researchers, and in commercially available DBCIs, developed by
industry professionals. For example, a systematic review of web-based healthrelated interventions found that only 50% of participants engaged with the
interventions in the manner desired by the designers (i.e. interacting with all
available intervention modules over a pre-specified period of time), with
estimates varying between 10-90% across trials [28]. It has also been found
26

that 25% of health and fitness apps available on the market are used only once
by each user, with less than 10% of users returning to their selected app seven
days after their first login session [29,30]. In light of these observations, it has
been argued that there is a need to identify intervention content and design
features that promote engagement with DBCIs [28].

The problem of low engagement with DBCIs is coupled with the observation of
a positive association between engagement and intervention effectiveness
across studies with varying characteristics (e.g. different target behaviours,
delivery platforms, delivery settings) [31–34]. This has led to the hypotheses
that i) engagement may be related to intervention effectiveness through a doseresponse relationship, or ii) that there may be a minimum ‘effective dose’ at
which users will obtain a clinically meaningful benefit from a particular DBCI
(referred to in the literature as ‘effective engagement’) [35,36]. However, it is
also plausible that the observed relationship between engagement and
intervention effectiveness is driven by a third, unmeasured variable (e.g. greater
motivation to change, better self-regulatory skills) or that it is subject to reverse
causality, with users who are more successful in achieving behaviour change,
being more likely to continue to engage. Given that users have self-selected
into various levels of engagement in extant RCTs and observational studies of
DBCIs (meaning that users have not been randomised to different ‘doses’ or
levels of intensity of engagement) [37], the ability to characterise the nature of
the function relating engagement and intervention effectiveness is limited at
present.

In addition to the methodological problem of users self-selecting into different
levels of engagement in RCTs and observational studies, the ability to
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aggregate results from multiple studies to identify potential moderators of
engagement is limited by the presence of multiple definitions and measures of
engagement. As the development of DBCIs requires knowledge not only of
behavioural science, but of human-computer interaction (HCI) and computer
science, different definitions and measures of engagement have emerged both
within and across disciplines due to differing epistemologies and research
objectives [38]. In the behavioural science literature, the predominant view is
that engagement can be defined as, and measured by, intervention usage (e.g.
number of logins, time spent, number of completed intervention modules)
[28,36,39,40]. However, it has been noted that greater intervention usage, as
indicated by more time spent on a DBCI or the completion of a greater number
of intervention modules, may not necessarily reflect ‘more engaged use’ [41,42],
suggesting that engagement intuitively comprises additional, experiential or
cognitive dimensions that may not be captured solely by usage metrics. It has
also been noted that spending more time on an intervention may in fact reflect
slower processing speed or poor system usability, as opposed to greater
intensity of engagement [42].

In the HCI literature, researchers have primarily focused on the characterisation
of what it feels like to be absorbed in a digital activity, and what factors make
users willing to return to a particular piece of technology or digital game. Hence,
engagement has been defined in terms of the subjective experience of ‘flow’ or
‘immersion’ that emerges during the human-computer interaction, characterised
by focused attention, intrinsic interest and loss of time and self-consciousness
[43–45]. Consequently, engagement has typically been measured not only by
usage metrics, but also through self-report questionnaires or think aloud
methodology, asking about users’ experiences during, or immediately after,
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technology use [44,46,47]. To characterise the function relating engagement
with intervention effectiveness, which is needed to advance the science of
DBCIs, we need a better understanding of what engagement with DBCIs is,
how we can usefully measure it and what factors influence it.

1.3 Theoretical frameworks and approaches
As outlined above, multiple, inter-related scientific disciplines (e.g. behavioural
science, HCI) have been concerned with the problem of engagement with
DBCIs. This has resulted in contributions to separate literatures with potentially
overlapping or complementary insights. An interdisciplinary perspective, which
integrates existing knowledge and methodological practices from relevant
disciplines, is therefore expected to help advancing our understanding of what
engagement is and what factors influence it. The following section outlines key
theoretical frameworks and approaches developed within the fields of
behavioural science and HCI, considered relevant to the problem of
engagement with DBCIs.

1.3.1 Behavioural science

As engagement with DBCIs has partly been conceptualised in behavioural
terms (i.e. DBCI usage), it is expected that theoretical and practical knowledge
from the behaviour change literature can inform the conceptualisation of
engagement and the identification of factors that promote it. A vast number of
theories about health behaviour change are currently in use: a review identified
83 different theories that have been used to predict or explain behaviour
change [48]. The commonality between existing theories is that they consider
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psychological variables (e.g. self-efficacy, attitudes towards the behaviour) to be
the most proximal predictors of behaviour change.

1.3.1.1 The COM-B Model of Behaviour

The COM-B (Capability, Opportunity, Motivation – Behaviour) model was
developed with a view to synthesising the large number of existing theories of
behaviour change, and posits that behaviour is part of a system of interacting
components involving capability (psychological and physical), opportunity
(social and physical) and motivation (automatic and reflective) [49].
Psychological capability includes the knowledge or skills necessary to perform
the behaviour, and the capacity to engage in relevant memory and decisionmaking processes. Physical capability includes having the strength or stamina
to perform the behaviour. Social opportunity refers to the affordances of one’s
social and cultural environment (e.g. social norms, interpersonal influences),
which may act to facilitate or hinder the target behaviour. Physical opportunity
includes having the time and resources necessary to perform the behaviour
(e.g. having resources to pay for a gym membership). Motivation can be defined
as the brain processes that energise and direct the behaviour. Reflective
motivation involves conscious plans and evaluations (e.g. beliefs about
consequences of the behaviour, self-efficacy), while automatic motivation
includes emotional reactions, impulses and habits [49]. The development of a
behaviour change intervention, irrespective of whether it is delivered face-toface or digitally, typically involves the identification of psychological variables
that maintain or hinder the target behaviour, followed by the selection of
appropriate ‘behaviour change techniques’ (BCTs) that make up the content of
the intervention [49]. These BCTs, such as goal setting or self-monitoring of the
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behaviour, can be combined in different ways and represent the ‘active
ingredients’ of the intervention (i.e. the components of the intervention that
directly affect change) [50].

1.3.1.2 The Behaviour Change Intervention Ontology

More recently, it has been acknowledged that factors beyond BCTs, such as
user engagement, contribute to intervention effectiveness. Representations of
how key concepts such as intervention content and delivery, engagement and
intervention effectiveness inter-relate can be illustrated by means of an
‘ontology’, defined as a “…standardised representational framework providing a
set of terms for the consistent description (or ‘annotation’ or ‘tagging’) of data
and information across disciplinary and research community boundaries [51].
The Behaviour Change Intervention Ontology (BCIO) [9,51] proposes that
engagement with a given intervention (comprising its content and the way in
which that content is delivered) leads to behaviour change through influencing
particular ‘mechanisms of action’, such as knowledge or self-efficacy (see
Figure 1.1). These mechanisms correspond to the components of the COM-B
model [51]. For example, engagement with a DBCI that includes goal-setting
and feedback may lead to behaviour change through increasing the user’s
psychological capability (e.g. self-regulatory skills). In addition, the BCIO
predicts that delivery strategies (e.g. tailoring of content, usability, aesthetics)
have a direct bearing on the extent to which users engage with a DBCI, and
that the context in which the intervention is used (comprising the characteristics
of the population and the setting of intervention delivery) influences user
engagement. For example, demographics (e.g. gender, educational attainment)
and users’ psychological states (e.g. their current level of motivation) are
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Fig. 2 Upper-level entities in BCI scenarios, and their
causal connections
Figure 1.1. The Behaviour Change Intervention Ontology (reproduced with
permission from [51]).
1.3.2 Human-Computer Interaction

As engagement with DBCIs has also been conceptualised in experiential terms
(i.e. the subjective experience of ‘flow’ or ‘immersion’), relevant theoretical
frameworks developed within the HCI tradition are expected to complement the
COM-B model and the BCIO in the study of engagement. The way in which a
DBCI is delivered (e.g. elements of aesthetics, usability or tailoring) has been
found to influence both engagement and intervention effectiveness [25,28],

32

behaviour that
tobacco smoki
attributes (e.g.
that together m
measure (e.g.,
6 months sup
concentration
at the final fo
! Interventiong
activities, servi
to result in a s
target behaviou
terms of summ
opportunistic a
together with
such as the tec
support, verba
and ‘delivery’g
face-to-face, du
trained with U
Cessation Very
term ‘intervent
comparator in
! Contextg defin
characteristics
directly conne
influence the i

which suggests that it is important to understand the mechanisms through
which such delivery strategies affect engagement.

1.3.2.1 The Technology Acceptance Model

The Technology Acceptance Model (TAM) posits that users’ intentions to adopt
and engage with information technology are influenced by two behavioural
beliefs: beliefs about the perceived usefulness of the technology, defined as the
extent to which a user believes that engagement with the system will enhance
their task performance, and beliefs about the perceived ease of use of the
technology, defined as the extent to which a user believes that interacting with
the system will be effortless [52]. The TAM also theorises that the effect of
training on how to use the technology or specific delivery strategies (e.g.
aesthetics, tailoring) on usage intentions are directly mediated by perceived
usefulness and perceived ease of use. There is considerable empirical support
for the TAM: a meta-analysis of 59 empirical studies found that perceived
usefulness is strongly related to usage intentions (r = 0.59) [53]. Perceived ease
of use was also found to be significantly, albeit less strongly, associated with
usage intentions (r = 0.43) [53]. However, as intentions do not always translate
into action (known in the behaviour change literature as the ‘intention-behaviour
gap’) [54], the ability of TAM to predict actual DBCI engagement is currently
unclear.

1.3.2.2 The User Experience (UX) Perspective

More recently, the field of HCI has been concerned not only with the ‘pragmatic
qualities’ of interactive products (e.g. usability), but also with their potential to
accommodate ‘experiential qualities’ (e.g. enjoyment, beauty) and ‘need
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satisfaction’. The concept of need satisfaction stems from Ryan and Deci’s SelfDetermination Theory of human motivation and wellbeing, which proposes that
activities that meet the three key human needs for competence, relatedness
and autonomy can enhance ‘intrinsic motivation’ to continue engaging in that
activity (i.e. the performance of an activity for no apparent reason other than it
being perceived as enjoyable or interesting in itself) [55]. This can be contrasted
with ‘extrinsic motivation’, which refers to the performance of an activity
because it is perceived as instrumental to achieving some other valued
outcome. According to the UX perspective, need satisfaction refers to the ability
of interactive products to satisfy users’ non-instrumental needs for autonomy
(defined as the feeling of being in control of one’s actions), stimulation (defined
as the feeling of pleasure and interest), meaning, or relatedness to other
people, which can enhance users’ motivation to continue engaging with the
technology [56,57]. Within the UX movement, UX is defined as a dynamic,
context-dependent, and highly subjective account of the human-technology
interaction [57,58]. Several empirical studies have found that reports of a
positive UX, characterised by beauty and need satisfaction, are positively
associated with reports of perceived usability and intentions to re-engage with
the technology [56,59,60]. Hence, the UX perspective is likely to complement
the TAM in the study of engagement with DBCIs.

1.3.2.3 The Persuasive Systems Design Model

The Persuasive Systems Design Model (PSDM) argues that technology plays
an important role in changing users’ attitudes and behaviours (including health
behaviours) through persuasion [61]. The PSDM has been widely employed in
the design and evaluation of DBCIs, often with a view to promoting DBCI
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engagement [28,62]. The PSDM proposes four design categories that underpin
persuasion: i) primary task support (e.g. reduction of complexity, tunnelling,
tailoring, self-monitoring); ii) dialogue support (e.g. rewards, reminders,
suggestions as to how to perform the behaviour); iii) system credibility support
(e.g. trustworthiness, authority, verifiability); and iv) social support (e.g. social
learning, social comparison, social facilitation). According to the PSDM, if
implemented successfully, these design features will persuade users to change
their attitudes or behaviours either via direct (i.e. deep) or indirect (i.e. shallow)
information processing routes. In line with the Elaboration Likelihood Model of
Persuasion (ELMP) [63], the PSDM argues that users’ need for cognition,
defined as the tendency to enjoy and seek out situations that require thinking,
should moderate the effect of particular persuasion strategies on users’
attitudes and behaviours. A systematic review of 83 DBCIs found that primary
task support features are commonly employed in extant DBCIs, but that more
extensive employment of dialogue support (e.g. reminders) is predictive of
greater DBCI engagement [28]. More recently, it has been argued that
persuasive design features give rise to a positive UX, which prompts users to
re-engage with the technology [62]. However, empirical evidence for a link
between persuasive design elements, a positive UX and increased engagement
with DBCIs is lacking.

1.3.2.4 A User-Centred Design Approach

The design of health apps is often driven by the possibility of using technology,
and not because the target group has expressed a need for such technology
[64]. The terms ‘co-design’ and ‘user-centred design’ are used to denote design
processes in which potential users influence whether, and if so, how a design
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takes shape [65]. The user-centred design process typically involves several,
iteratively executed, stages of development, including a needs and
requirements analysis, prototyping (i.e. building an early version of the software)
and usability testing [66]. Although few direct comparisons of health apps
designed with and without user involvement have been made (but see [67] for a
meta-analysis of serious games designed with and without user involvement),
user-centred design activities may help clarify the needs and preferences that
have to be met for a particular digital intervention to be engaged with by the
target group [64,68–70]. Approaches to identifying user needs include
contextual inquiry or ethnography, which can be used to identify the key issues
faced by the target group, and qualitative interviews or focus groups, which can
be used to identify potential users’ goals, needs and ideas for design [71].
When an initial prototype has been developed, usability testing can shed light
on how the app can be refined to better meet users’ needs. It was considered
important to employ user-centred design approaches to identifying user needs
in this thesis, as this was expected to highlight factors that promote
engagement with DBCIs.

1.4 Two case studies: apps for smoking cessation and alcohol
reduction
As DBCIs are available across behavioural domains and delivery platforms, with
similar patterns of engagement observed across DBCIs [28,31,33], the study of
the problem of engagement necessitates the selection of appropriate case
studies. Tobacco smoking and excessive alcohol consumption are two of the
leading causes of morbidity and premature mortality in the UK and worldwide
[72]. Approximately 15% of the UK population smoke some form of tobacco
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(e.g. manufactured or hand-rolled cigarettes, pipe, cigars) [73]. Tobacco causes
more than 6 million deaths across the world each year [72]. Alcohol
consumption is more prevalent than tobacco use, with 43% of the world’s adults
reporting regular consumption of alcoholic beverages [74]. Excessive alcohol
consumption is defined as drinking more frequently and in higher quantities
than suggested by lower-risk guidelines for alcohol consumption, which typically
consist of advice on weekly consumption and single episodes of drinking (often
referred to as ‘binge drinking’) [75]. Although specific guidelines vary across
countries, the UK drinking guideline states that it is safest not to drink more than
14 standard units of alcohol per week (with one standard unit containing 8
grams of pure alcohol), and that it is best to spread these units over three days
or more [76]. The Alcohol Use Disorders Identification Test (AUDIT) was
developed by the World Health Organisation and is a gold-standard measure
for identifying individuals who drink excessively [75,77]. The AUDIT consists of
ten questions about frequency of drinking, impaired control over drinking, guilt
after drinking and alcohol-related injuries. Worldwide, excessive alcohol
consumption causes approximately 4% of deaths [75,77], which equates to
about half the number of deaths that can be attributed to tobacco smoking [78].

Pressures on national health budgets mean that face-to-face smoking and
alcohol services are facing large funding cuts [5]. This has led to the
development of web- and mobile phone-based interventions for smoking
cessation and alcohol reduction. Similar to DBCIs for other health behaviours,
meta-analyses of RCTs evaluating the effectiveness of DBCIs for smoking
cessation and alcohol reduction indicate that effect sizes are heterogeneous,
ranging from small to large [15,16,22,24,79]. For example, a Cochrane review
of RCTs evaluating the effectiveness of DBCIs for alcohol reduction found that
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participants randomised to using a DBCI drank approximately 23 grams of
alcohol per week less (approximately 3 UK units) than wait-list controls [16].
Moreover, a Cochrane review of RCTs evaluating the effectiveness of DBCIs for
smoking cessation reported that use of an interactive DBCI, compared with a
non-active control, was associated with a 15% increase in abstinence rates [15].
However, in meta-analyses comparing interactive DBCIs with active controls
(e.g. face-to-face interventions or static DBCIs), or those comparing DBCIs plus
human support with stand-alone DBCIs, effect sizes are heterogeneous [15,16].

More recently, smartphone apps for smoking cessation and alcohol reduction
have become available. As smoking and alcohol consumption are partly driven
by environmental cues that give rise to strong cravings [80,81], it has been
argued that apps for smoking cessation and alcohol reduction have the
potential to deliver behavioural support to users in real-time, as and when
needed [82]. As smartphones are typically carried with the user throughout the
day, they can be used to deliver behavioural support ‘just-in-time’ (i.e. proactively engaging users at the right time, in the right context) [83].

There are currently hundreds of smoking- and alcohol-related apps available on
the market; however, only a handful of these have been designed based on
theory and evidence [84–86]. For example, a content analysis of 98 popular
smoking cessation apps available in the US found that only a minority of apps
adhered to clinical guidelines (e.g. recommending approved medications,
assisting with a quit plan) [84]. Similarly, a content analysis of 384 alcoholrelated apps found that half of these were focused on entertainment, actively
encouraging users to drink, as opposed to supporting users to cut down [85].
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While popular smoking cessation and alcohol reduction apps vary in their
specific approaches to behaviour change, commonalities in the techniques
employed have been identified. For example, four independent content
analyses of smoking cessation apps available in the US [84,87], UK [88] and
South Korean [89] versions of the iTunes Store/Google Play Store found that at
least one of the following techniques was employed in a large proportion of the
reviewed apps: self-monitoring (e.g. tracking cigarettes smoked or days smokefree), feedback on progress, advising on how to quit, rewarding abstinence,
supporting identity change and hypnosis [84,88,89]. Three independent content
analyses of alcohol-related apps available in the US [90], Australian, [85] and
UK [86] versions of the iTunes Store/Google Play Store found that although the
majority of apps actively encouraged alcohol consumption, those promoting
alcohol reduction commonly employed at least one of the following techniques:
self-monitoring, feedback on progress (e.g. money saved from not buying
alcohol), social support (e.g. phone contact with one’s sponsor),
psychoeducation (e.g. information about the negative effects of excessive
alcohol use) and hypnosis (e.g. audio recordings to encourage relaxation)
[85,86,90]. With regards to features aimed at promoting engagement, one
review of smoking cessation apps found that some form of content tailoring was
employed in 45% of apps [87] while another review identified a decline in the
use of engagement features such as tailoring of content and rewards (e.g.
points/badges) in smoking cessation apps between 2012 and 2014 (69.6%
reducing to 45.3%) [88].

Results from the first few controlled trials of evidence-based smoking cessation
and alcohol reduction apps suggest that these show promise in helping
smokers to quit and excessive drinkers to cut down [82,91–96]. For example,
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the theory and evidence-based Drink Less app was designed by researchers at
University College London to help adults who drink excessively to reduce their
alcohol consumption through the provision of goal setting in addition to five
distinct intervention modules (i.e. self-monitoring and feedback, action planning,
normative feedback, identity change and cognitive bias re-training) [86,97,98]. A
factorial RCT of the Drink Less app, which evaluated the effect of each of the
five intervention components and their interactive effects on past week alcohol
consumption, found that although there were no significant main effects of the
intervention components, the two-way interactions between normative feedback
and cognitive bias re-training, and between self-monitoring and feedback and
action planning, were significant [95]. However, of 672 eligible users, only 179
(27%) completed the one-month follow-up survey. As DBCI engagement tends
to be positively associated with response to follow-up (i.e. users who have
disengaged with a DBCI are by definition unlikely to return to respond to followup measures) [27,99], this suggests that engagement with the Drink Less app
might have been suboptimal. An RCT comparing the REQ-Mobile smoking
cessation app with supportive text messages in a population of young adults
found that the text messaging was superior to the app in achieving abstinence
at three-month follow-up [91]. In addition, the frequency of engagement with the
REQ-Mobile app was positively associated with quitting success in this sample.
Hence, as initial reports of engagement patterns in smoking cessation and
alcohol reduction apps appear to mirror those in DBCIs for other behaviours,
they constitute two important case studies for examining the problem of
engagement.
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1.5 Aims of the current thesis
Using smartphone apps for smoking cessation and alcohol reduction as case
studies, the aims of this thesis were:

1. To gain a better understanding of how to conceptualise engagement with
DBCIs
2. To gain a better understanding of how to measure engagement with
DBCIs
3. To identify factors that promote or detract from engagement with DBCIs
in general, and with smoking cessation and alcohol reduction apps in
particular
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2 CHAPTER 2 – Conceptualising engagement with
digital behaviour change interventions: A systematic
review using principles from critical interpretive
synthesis (Study 1)
2.1 Abstract
Background: Engagement with DBCIs is considered important for their
effectiveness. Evaluating engagement is therefore a priority; however, a shared
understanding of how to usefully conceptualise engagement is lacking. This
review aimed to synthesise literature on engagement to identify key
conceptualisations, and to develop an integrative conceptual framework
involving potential direct and indirect influences on engagement and
relationships between engagement and intervention effectiveness.

Methods: Four electronic databases (Ovid MEDLINE, PsycINFO, ISI Web of
Knowledge, ScienceDirect) were searched in November 2015. A total of 117
articles that met the inclusion criteria were identified: studies employing
experimental or non-experimental designs with adult participants explicitly or
implicitly referring to engagement with DBCIs, digital games, or technology.
Data were synthesised using principles from Critical Interpretive Synthesis.

Results: Engagement with DBCIs is conceptualised here in terms of both
experiential and behavioural aspects. A conceptual framework is proposed in
which engagement with a DBCI is influenced by the DBCI itself (content and
delivery), the context (the setting in which the DBCI is used and the population
using it), and the behaviour that the DBCI is targeting. The context and
‘mechanisms of action’ of the DBCI may moderate the influence of the DBCI
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itself (i.e. content and delivery) on engagement. Engagement in turn moderates
the influence of the DBCI on those mechanisms of action.

Conclusion: In the research literature, engagement with DBCIs has been
conceptualised in terms of both experience and behaviour, and sits within a
complex system involving the DBCI, the context of use, mechanisms of action
of the DBCI, and the target behaviour.

2.2 Introduction
To date, we have not achieved a shared understanding of how to usefully
conceptualise and operationalise engagement with DBCIs. This systematic
review, which follows the Cochrane Collaboration’s Handbook of Systematic
Reviews of Interventions [100], examines how engagement has been construed
and measured in the behavioural science, computer science, and HCI
literatures, and uses this to propose an integrative definition and conceptual
framework of engagement with DBCIs that can be used to generate predictions
and explanations of empirical observations.

The design of DBCIs requires knowledge of intervention content, delivery,
interface design, and computer programming, which have traditionally been
informed by separate scientific disciplines, such as behavioural science,
computer science and HCI. Scientific disciplines are characterised by
accumulating a body of specialist knowledge and developing a specific
terminology concerned with the particular object of research [101]. Due to the
multifaceted structure of DBCIs, an interdisciplinary approach, where
knowledge from multiple disciplines is harnessed to develop a shared viewpoint,
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is required to develop a useful conceptualisation of engagement in this context
[102].

As described in Chapter 1, engagement has traditionally been conceptualised
differently across the behavioural science, computer science and HCI
literatures, which might be due to the different epistemologies subscribed to, the
differing research contexts, and the different objectives pursued. In the
computer science and HCI literatures, engagement has traditionally been
conceptualised as the subjective experience of ‘flow’, a mental state
characterised by focused attention and enjoyment, [43]. This kind of
conceptualisation might have emerged as a result of the focus on entertainment
and usability of interactive technologies. In the behavioural science literature,
engagement has typically been conceptualised as ‘usage’ of or ‘adherence’ to
DBCIs, focusing on the temporal patterns (e.g. frequency, duration) and depth
(e.g. use of specific intervention content) of DBCI use [40,103]. This kind of
conceptualisation has emerged due to the observation that whilst many
download and try DBCIs, sustained usage is typically low [27,30,104,105].
Henceforth, two working definitions of engagement as used in the computer
science and HCI literatures (‘engagement as flow’) and the behavioural science
literature (‘engagement as usage’) were used to scope the space within which
this review was conducted.

Although existing systematic reviews have assessed whether particular DBCI
features (e.g. tailoring, reminders) are associated with higher engagement
[28,106], and whether engagement is associated with intervention effectiveness
[36], it is not possible to synthesise results from these reviews or to draw any
conclusions regarding the shape of the function (e.g. linear, non-linear) relating
45

engagement with intervention outcomes due to the use of incomparable
definitions of engagement [36]. In order to reduce fragmentation of research
efforts, it would be useful to develop a shared understanding of how to
conceptualise and operationalise engagement with DBCIs.

A conceptual framework can been defined as “…a system of concepts,
assumptions, and expectations, and the presumed relationships among them”
[107]. Previous conceptual frameworks of engagement have proposed multiple
interacting factors (e.g. social support, sensory appeal, ease of use) that
influence ‘engagement as flow’ or ‘engagement as usage’ [108–110]; however,
these frameworks are either not derived from empirical observations or draw
only on literature from one of many inter-related scientific disciplines. For
example, the framework proposed by O’Brien and Toms [108], notwithstanding
its grounding in empirical observations, drew only on research from the
technology literature, and focused on ‘engagement as flow’ without any links to
behaviour change. Conversely, the framework by Ritterband and colleagues
[109] focused on ‘engagement as usage’, and was derived from behavioural
science theory only. The model proposed by Short and colleagues [110]
attempted to integrate both theoretical predictions and empirical findings from
the behavioural science, persuasive design, and technology literatures, but did
not do so in a systematic manner. Although the Behaviour Change Intervention
Ontology proposed by West and Michie provides a starting point for organising
and representing DBCIs, engagement constitutes one of many important
components and is hence not examined in detail [9]. It is therefore not possible
to determine whether existing frameworks of engagement sufficiently explain
real-world events, or whether important aspects are missing.
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The aims of this review were threefold, the second and third building on output
from the first:

1. To synthesise past work on engagement, addressing the following
research questions:
a) How has engagement been defined in the selected literatures?
b) How has engagement been measured?
c) What factors have been found or hypothesised to influence
engagement?
d) What are the proposed relationships between engagement and
intervention effectiveness?
2. To develop an integrative definition of engagement with DBCIs and
specify how it can be measured.
3. To develop a conceptual framework of the direct and indirect influences
on engagement with DBCIs and the proposed relationships between
engagement and intervention effectiveness.

2.3 Methods
The Cochrane Handbook of Systematic Reviews of Interventions [100] and the
Guidance for Undertaking Reviews in Health Care [111] were used to inform the
development of the search strategy, identify inclusion criteria, select studies,
and extract the data. Principles from Critical Interpretive Synthesis (CIS) were
used to inform the data synthesis [112]. As CIS is one of the few methods
available that affords the synthesis of qualitative and quantitative data, it was
deemed to be the most suitable method. CIS is useful when a review seeks to
identify a definition of a phenomenon, as it aims to produce a higher-order
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structure or conceptual framework (‘synthesising argument’), which is grounded
in the concepts (‘synthetic constructs’) identified in the reviewed articles [112].
CIS does not propose a formal method for critically appraising the study quality
and methodological rigour of included studies, but recognises that the critical
evaluation and integration of disparate forms of evidence is essentially a
product of the ‘authorial voice’ [113]. The evidence is critiqued on the basis of
the implicit assumptions underlying the methodological decisions made in the
reviewed articles. Hence, the quality of the evidence is considered in the
development of the synthetic constructs, with the consideration based on the
authors’ judgments. Principles of CIS have previously been employed in
reviews of the health literature [114–116].

2.3.1 Criteria for considering studies for this review

All types of study designs were included except position papers. All types of
information sources were included except articles that were not peer-reviewed
or not available in English. Studies with adult participants (i.e. aged 18 years or
older) were included, as it was expected that different factors might influence
engagement in children and adult populations due to different cognitive abilities
[117]. Studies specifically targeting participants with cognitive impairment or
intellectual disabilities were excluded for the same reason. DBCIs and digital
interventions targeting individuals with mental health or chronic physical health
conditions were included as no a priori reason suggesting that engagement
should be conceptualised differently across the included topic areas could be
identified. Interventions were excluded if they did not incorporate any digital
component as part of the intervention itself (i.e. face-to-face delivery only) or if
the technology was used solely as a tool to deliver measurement surveys.
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Studies involving recreational or educational digital games, or multimedia
software (e.g. software involving animations, sound, and text) were included
providing that engagement was discussed or measured. For the
conceptualisation of ‘engagement as flow’, the games or technology did not
need to be related to behaviour change. The primary outcome was definitions of
engagement with DBCIs, digital games, or multimedia software expressed
either implicitly or explicitly. Secondary outcomes included proposed direct and
indirect influences on engagement, measures of engagement, and associations
between engagement and intervention effectiveness expressed either implicitly
or explicitly.

2.3.2 Search methods for the identification of studies

2.3.2.1 Electronic searches

A structured search of the following electronic databases was conducted in
November 2015: Ovid MEDLINE (1946 – November 2015), PsycINFO (1806 –
November 2015), ISI Web of Knowledge (1900 – November 2015), and
ScienceDirect (1900 – November 2015). Search terms were piloted and refined
to achieve a balance between sensitivity, i.e. retrieving a high proportion of
relevant articles, and specificity, i.e. retrieving a low proportion of irrelevant
articles [100]. An academic librarian was consulted for the validation of the
databases and the final search terms. Terms were searched for in titles and
abstracts as free text terms or as index terms (e.g. Medical Subject Headings)
where appropriate (see Appendix 1).
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2.3.2.2 Searching for other resources

Articles from adjacent fields not immediately or obviously relevant to the
research questions were identified through expertise within the supervisory
team [112]. The Association for Computing Machinery Digital Library (a
repository for conference proceedings) and relevant journals (i.e. Journal of
Medical Internet Research, Journal of the American Medical Informatics
Association, Telemedicine & e-Health) were hand searched, and reference
chaining was employed to identify additional articles of interest [100,112].

2.3.2.3 Data collection and analysis

2.3.2.3.1 Selection of studies

Articles identified through the electronic and hand searches were merged using
EndNote X7 [118] to ensure consistency. Duplicate records were removed. Two
researchers independently screened (i) titles, (ii) abstracts, and (iii) full texts of
the identified articles against the pre-defined eligibility criteria [100]. Any
disagreements were resolved through discussion, and by consulting a third
researcher if necessary. Inter-rater reliability was assessed based on two
coding categories (i.e. inclusion versus exclusion) after the full text screening
phase with the prevalence and bias adjusted kappa (PABAK) statistic, which
controls for chance agreement [119]. The following cut-offs were used: 0.400.59 indicates fair agreement, 0.60-0.74 indicates good agreement, and >0.75
indicates high agreement [100].
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2.3.2.3.2 Data extraction and management

A pro-forma was developed to extract information about the study setting,
participant characteristics, study design, data collection method, and study
findings [112]. The pro-forma was piloted on a sample of included articles to
ensure that relevant information was captured [100]. A second researcher
independently checked the pro-forma for accuracy and completeness [111].
Due to limited resources, the data extraction was completed by one researcher.

2.3.2.3.3 Quality appraisal

CIS suggests the prioritisation of seemingly relevant articles rather than
favouring particular study methodologies [120]. Judgments about the relevance
and underlying assumptions of articles were made, and were incorporated into
the data synthesis [112].

2.3.2.3.4 Data synthesis

Based on the principles from CIS, the data synthesis comprised the following
steps:

1. Concepts identified in the full texts of included articles were labelled with
codes. The research questions were used as a top-down coding frame;
fragments of text explicitly or implicitly referring to definitions of
engagement, measures of engagement, influences on engagement, or
associations between engagement and intervention effectiveness were
coded.
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2. A subsample of codes were selected through random sequence
generation (https://www.random.org/) for validation by a second,
independent researcher to increase rigour [121]. Disagreements were
discussed until consensus was reached.
3. Synthetic constructs (i.e. concepts that explain similar themes) were
developed from the codes and relationships between synthetic
constructs were specified.
4. The synthetic constructs and the proposed relationships between
constructs were validated by a second, independent researcher.
Disagreements were discussed until consensus was reached.
5. Two synthesising arguments (i.e. an integrative definition and its
measurement, and a conceptual framework) were developed based on
the synthetic constructs.

The synthesising arguments were refined through discussion between members
of the supervisory team.

2.4 Results
2.4.1 Summary of search results

Figure 2.1 shows a Preferred Reporting Items for Systematic Reviews and
Meta-Analyses (PRISMA) flow diagram of the study selection process [122].
The electronic database search yielded 925 published articles. After removing
duplicates, 560 articles remained for screening. A PABAK score of 0.88 was
achieved after the full text screening phase, indicating high inter-rater reliability
[100]. Due to this reliability score, the additional 31 information sources were
screened by a single researcher. Of the 140 full texts screened, 117 met the
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inclusion criteria and were included in the data synthesis. Six qualitative studies,
27 reviews, 2 mixed methods studies, and 82 quantitative studies were

Eligibility

Screening

Identification

included. Characteristics of the included studies are described in Appendix 2.

Records identified through
database searching
(n = 925)

Records after duplicates removed
(n = 560)

Titles screened
(n = 560)

Titles excluded
(n = 292)

Abstracts screened
(n = 268)

Abstracts excluded
(n = 159)

Full-text articles
assessed for eligibility
(n = 109)

Included

Additional records identified
through other sources
(n = 31)

Studies included in qualitative
synthesis
(n = 117)

Full-text articles excluded (n = 23),
with reasons:
Book chapter (n = 5)
Not adults (n = 4)
Meeting abstract/poster (n = 3)
No definition of engagement (n = 6)
Focusing on learning (n = 4)
Not available through library
resources (n = 1)
!
!
!
!

Figure 2.1. PRISMA flow diagram of the study selection process.

2.4.2 How has engagement been defined in the literature?

The following two synthetic constructs were developed: ‘engagement as
subjective experience’ and ‘engagement as behaviour’.

2.4.2.1 Engagement as subjective experience

Engagement has been conceptualised as the subjective experience that
emerges in the momentary interaction with a system [43,45,108]. This kind of
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conceptualisation was only identified in the computer science and HCI
literatures. Similarities can be found between engagement and the state of
‘flow’, described as a mental state characterised by focused attention, intrinsic
interest and enjoyment, balance between challenge and skill, and temporal
dissociation (i.e. losing track of the passage of time) [43,123–126]. Similarities
can also be found between engagement and the state of ‘immersion’ within
digital gaming, characterised by cognitive absorption, the willingness to direct
emotions towards an activity, and feeling cut-off from reality [44,45,127–129].
As conceptual overlap was observed between these experiential qualities, the
author proposes that they can be grouped under the following cognitive and
emotional states: attention, interest and affect.

2.4.2.2 Engagement as behaviour

The majority of articles reviewed from the behavioural science literature
conceptualised engagement in behavioural terms, suggesting that it is identical
to the usage of a DBCI or its components. Engagement has further been
described as the extent of usage over time [40,130], sometimes referred to as
the ‘dose’ obtained by participants or ‘adherence’ to an intervention
[28,131,132], determined by assessing the following subdimensions: ‘amount’
or ‘breadth’ (i.e. the total length of each intervention contact), ‘duration’ (i.e. the
period of time over which participants are exposed to an intervention),
‘frequency’ (i.e. how often contact is made with the intervention over a specified
period of time), and ‘depth’ (i.e. variety of content used) [103,131]. In the
computer science and HCI literatures, engagement has been conceptualised as
the degree of involvement over a longer period of time [133], sometimes
referred to as ‘stickiness’ [134]. A distinction has also been made between
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‘active’ and ‘passive’ engagement; while the former involves contributing to the
intervention through posting in an online discussion forum, the latter involves
reading what others have written without commenting, also known as ‘lurking’
[135]. Engagement has also been conceptualised as a process of linked
behaviours, suggesting that users move dynamically between stages of
engagement, disengagement, and re-engagement [108]. As conceptual overlap
was observed between these definitions, the author proposes that DBCI
engagement involves different levels of usage over time.

2.4.2.3 Development of an integrative definition of engagement

An integrative definition of engagement with DBCIs was developed through the
merging of overlapping conceptualisations as outlined above, in addition to the
integration of the two overarching synthetic constructs. The following two-part
definition is therefore proposed:

“Engagement with DBCIs is 1) the extent (e.g. amount, depth, duration,
frequency) of usage, and 2) a subjective experience characterised by attention,
interest and affect.”

Engagement is conceptualised as a multidimensional construct: the behavioural
dimensions of engagement are underpinned by the user’s subjective
experience of what it feels like to be engaged with a DBCI. Engagement is
considered to be a dynamic process that is expected to vary both within and
across individuals over time.
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2.4.3 How has engagement been measured?

The following two synthetic constructs were developed: ‘subjective measures’
and ‘objective measures’.

2.4.3.1 Subjective measures

In research settings, self-report questionnaires have frequently been used to
measure engagement with digital games and DBCIs [44,46,136–144].
Qualitative approaches, such as interviews or think aloud methodology, have
been employed to gain a better understanding of the nature of users’
experiences of engagement with digital games and DBCIs [139,145,146].

2.4.3.2 Objective measures

Automatic tracking of use patterns, including the number of logins, time spent
online, and the amount and type of content used during the intervention period,
was the most commonly used measure of engagement in the behavioural
science literature [36,40,103,106,123,147–159]. Physiological measures
including cardiac activity, respiratory depth [141], and electro-dermal activity
[144], and psychophysical measures such as eye-tracking [44], have been used
to measure engagement in the computer science and HCI literatures.

2.4.3.3 Measures relating to the integrated definition of engagement

Based on the literature synthesis, the author suggests that all facets of
engagement proposed in the integrative definition of engagement can in
principle be measured or inferred through: 1) user-reported interaction with the
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DBCI through self-report questionnaires, interview studies, or think aloud
studies, 2) automated recording of DBCI use (e.g. logins, page views), and 3)
recording of physiological or psychophysical correlates of DBCI interaction.

2.4.4 What factors have been found or hypothesised to influence
engagement?

The following two synthetic constructs were developed: ‘context’ and ‘DBCI’.
‘Context’ was subdivided into ‘population’ and ‘setting’. ‘DBCI’ was subdivided
into ‘content’ and ‘delivery’. Relationships between constructs were specified.

2.4.4.1 Context

2.4.4.1.1 Population

2.4.4.1.1.1 Psychological characteristics

Motivation was found to be positively associated with engagement across many
studies, with none indicating a negative association [103,145,160–164]. As the
available evidence is correlational in nature, the direction of influence cannot be
established. It has been hypothesised that the relationship between motivation
and engagement might be U-shaped; those who are least and most motivated
to, for example, quit smoking, are hypothesised to disengage quickly from
DBCIs due to failed and successful behaviour change, respectively [40].

Expectations are thought to be influential in that users are hypothesised to
engage more if there is a match between their expectations and the goal of the
DBCI [128,158,163,165,166]. Prior experiences of using other websites or
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apps, or of having tried face-to-face counselling (which may or may not have
worked), might shape users’ expectations of what DBCIs can provide [167].

Mental health, including low mood, anxiety, and stress, has been found to be
negatively associated with engagement [32,145,158,164,168–172]. A negative
association with mental health was mainly observed in studies of DBCIs
targeting individuals diagnosed with a mental health condition, but was also
observed in physical activity [145] and weight loss [171] interventions. Similarly,
experience of wellbeing or believing that one does not need to work on certain
issues has been found to be negatively associated with engagement [169].

Need for cognition, defined as the tendency to process large amounts of
information [36,61,110,135,165], and self-efficacy to execute a given behaviour
[160,173,174] were found to be positively associated with engagement.

Personal relevance, which refers to the extent to which a DBCI is perceived to
apply to the individual and their particular situation, has been hypothesised to
positively influence engagement [62,146,150,175–178]. Results from interview
studies indicate that participants believe that lack of personal relevance is a
sufficient reason for dropping out from intervention trials [163,169,172,179].

2.4.4.1.1.2 Demographic characteristics

Age [32,39,103,135,142,145,146,148,151,155,158,168,172,174,180–184],
gender [39,103,146,158,167,172,175,176,184], education
[32,39,103,146,168,169,174,180,181,183,185], employment [168,169,181], and
ethnicity [135,180] were found to be significantly associated with engagement.
There was a trend towards a positive association between engagement and
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older age, higher educational attainment and being female; however, as no
meta-analysis was conducted, a conclusion about the size and direction of
influence cannot be drawn. Computer literacy, or confidence using the Internet,
has been found to be positively associated with engagement
[36,103,173,174,180,182,186]. However, as none of the included studies
measured baseline computer skills in their designs, a firm conclusion cannot be
drawn.

2.4.4.1.1.3 Physical characteristics

Physique, including baseline weight and the presence of comorbidities, was
found to be negatively associated with engagement [145,155,156,168–
171,180,185].

2.4.4.1.2 Setting

The social and physical environment in which a DBCI is used, has been
hypothesised to influence engagement [9,109,110]. The social environment
includes culture (e.g. prevailing norms), the commercial environment, media,
and social cues. The physical environment includes financial resources,
material resources, time pressure, physical cues, location, the healthcare
system and the policy environment. Time [163,169,170,187] and access to
hardware or the Internet [110,188] have been hypothesised to be positively
associated with engagement.
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2.4.4.2 DBCI

2.4.4.2.1 Content

DBCIs that include particular behaviour change techniques (BCTs), such as
action plans [150], goal-setting [189], feedback [138] and self-monitoring tools
[150] have been found to be associated with higher engagement [150].
Rewards and incentives have been hypothesised [106,175,176,190] or found
[191] to positively influence engagement; however, evidence from trials in which
the presence of rewards or incentives has been manipulated is scarce.

Social support features, referring to features that facilitate the receipt of social
support, were found to positively influence engagement [148,154,192–197].
Features that decrease the feeling of loneliness or that increase motivation
through competition with others include online discussion forums, gamification
elements such as leaderboards that show users where they rank in a gamified
system, and peer-to-peer contact [198,199]. Evidence indicates that DBCIs that
provide access to such features are successful in getting users who report
lower social support at baseline to engage [135,200]; however, participants who
reported higher levels of social support at baseline were found to be more likely
to engage with the social elements of DBCIs across a few studies
[32,145,163,168].

Reminders have been hypothesised [190,201,202] or found to positively
influence engagement; results from a meta-analysis indicate a positive effect of
reminders on engagement [203]. However, receiving too many reminders may
have a negative effect on engagement due to ‘e-mail fatigue’ [146].
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2.4.4.2.2 Delivery strategies

Mode of delivery, which includes face-to-face, telephone, text message,
smartphone app, website, and mass media delivery, has been hypothesised to
influence engagement with DBCIs [9].

Professional support features, which include features that enable remote
contact with a clinician via e-mail, telephone, or text messages, have been
found to positively influence engagement with DBCIs
[28,103,106,142,145,149,155,158,165,167,172,193,204–207]. However, results
from an RCT of a web-based weight loss intervention in which some
participants received coaching calls from a nurse indicated that participants in
the coaching arm were more likely to drop out around the time of the first
coaching session, suggesting a negative influence of professional support
features in particular situations [155].

Control features, referring to features that make users feel that they are in
control of, and are free to make choices about, how to interact with a DBCI,
have been hypothesised [44,192] or found [39,130,159] to positively influence
engagement. For example, results from an RCT in which participants either
received content all at once or sequentially over a period of weeks suggest that
participants were more likely to disengage when the content was delivered
sequentially [39]. Tunnelled interventions (i.e. those that lead users through a
number of predetermined steps) have been found to generate more page views
compared with self-paced ones [159]. However, this may be an artefact of
making users click through a pre-specified number of pages in order to progress
through the DBCI.
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Novelty, generated by regular content updates, has been found to positively
influence engagement through preventing boredom [28,106]. However, there
might be a trade-off between novelty and programme complexity; it has been
hypothesised that participants will disengage if the intervention is perceived as
too long or overly complicated [106,145,158,165,204,208,209]. It has been
hypothesised that the presence of too many features may compromise a DBCI’s
ease of use [40], referring to whether or not it feels natural for the user to
operate an interactive system. Ease of use has been hypothesised to positively
influence engagement [156,175,210].

The personalisation or tailoring of content has been hypothesised
[39,62,106,130,145,152,157,180,186,192,193,211] or found [40,103,136] to
positively influence engagement. Interactivity, referring to a two-way flow of
information between a DBCI and its user, has been hypothesised
[108,127,129,136,150,175,212] or found [40] to positively influence
engagement.

Message tone, which refers to the terminology and wording used to
communicate health messages [169,176], and narrative
[45,62,129,144,198,213], referring to the presence of a storyline, have been
hypothesised to positively influence engagement. Furthermore, challenge
features [140,175,214], aesthetics and design [193,212,215,216], credibility
features [145,158], referring to features that inculcate a feeling of trust,
familiarity [61,212,217], and the provision of guidance or tutorials [145,180,218]
have been hypothesised to positively influence engagement with DBCIs.
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2.4.5 What are the proposed relationships between engagement and the
effectiveness of DBCIs?

The following four synthetic constructs were developed to explain the proposed
relationships between engagement and the effectiveness of DBCIs:
‘mechanisms of action’, ‘unmeasured third variable’, ‘optimal dose’ and
‘effective features’.

2.4.5.1 Mechanisms of action

Mechanisms of action proposed to mediate the effect of engagement with
DBCIs on intervention effectiveness [9] include increased knowledge,
motivation, affect management, cognitive restructuring, skill building [109],
comprehension and practice of programme content, and increased self-efficacy
[40]. A further distinction has been made between ‘intervention receipt’, which
refers to the extent to which participants understand and can perform the skills
taught, and ‘enactment of intervention skills’, which refers to the extent to which
participants use these skills [219,220]. It has also been hypothesised that
mechanisms of action, such as feeling accountable to a healthcare practitioner
and relatedness to other individuals, might positively influence engagement with
DBCIs [32,145,149,163].

2.4.5.2 Unmeasured third variable

An unmeasured third variable, such as higher motivation or self-efficacy at
baseline, may be responsible for the observed association between increased
engagement and positive DBCI outcomes. Alternatively, those who engage with
DBCIs might simply be more inclined to behave healthily in general [36]. It has
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also been argued that the target behaviour itself might influence engagement
[221]. For example, smokers who relapse might be more likely to stop engaging
with the DBCI while those who successfully manage their cravings might be
more likely to continue engaging with the DBCI.

2.4.5.3 Optimal dose

Optimal dose refers to a pre-defined level of engagement at which specific
DBCIs are effective. It has been hypothesised that the receipt of an optimal
dose may explain the relationship between engagement and intervention
effectiveness, but that the optimal dose for particular DBCIs may vary
depending on user characteristics [155,186].

2.4.5.4 Effective features

The use of specific intervention features has been found to be associated with
better DBCI outcomes [155]. It has been suggested that there may be a
mismatch between features that participants choose to engage with frequently
and effective features that are causally linked to intervention outcomes [178].
For example, although users may enjoy engaging with a particular feature (e.g.
filling out a food diary), thus using it frequently, infrequent use of a less
gratifying feature (e.g. ‘getting support’ tools) might be more strongly associated
with intervention outcomes, such as weight loss [71].
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2.4.5.5 Development of a conceptual framework of engagement with
DBCIs

The final aim of the review was to develop a conceptual framework specifying
potential direct and indirect influences on engagement and relationships
between engagement and intervention effectiveness. As the framework
proposed by Ritterband and colleagues [109] and the ontology proposed by
West and Michie [9] explicitly linked engagement to behaviour change, the
author drew on these to structure the conceptual framework, mapping the other
existing frameworks onto it. Additional factors identified in the reviewed
literature not otherwise specified were also mapped onto the conceptual
framework.
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Figure 2.2. Conceptual framework of direct and indirect influences on engagement with DBCIs. Transparent boxes indicate concepts. Concepts can be
defined as abstract ideas that are derived from either direct or indirect evidence [222]. Blue boxes indicate attributes of concepts. Attributes can be defined as
properties that characterise a concept [223]. Solid black arrows indicate relationships between concepts and attributes. Arrows with transparent heads
indicate an influence of a concept. Hypothesised influences are marked with stars.
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A conceptual framework is proposed in which engagement with a DBCI
influences the target behaviour through specific mechanisms of action; box 4,
box 1, box 3 and box 2, respectively. Content has been found to directly
influence engagement with DBCIs; box a. Delivery has been hypothesised to
directly influence engagement with DBCIs; box b. The context and the target
behaviour are hypothesised to directly influence engagement; box 5 and box 3,
respectively. Mechanisms of action are hypothesised to indirectly influence
engagement; box 2. The population (e.g. demographic, physical, and
psychological characteristics) has been found to directly influence engagement
with DBCIs; box c. The setting has been hypothesised to directly influence
engagement; box d. Engagement is hypothesised to be indirectly influenced by
the moderating influence of the context on the influence of the DBCI; box 4, box
5 and box 1, respectively. Figure 2.2 shows this schematically.

2.5 Discussion
An integrative conceptualisation of engagement with DBCIs has been
developed; engagement is defined here as a multidimensional construct which
can be measured through self-report questionnaires, verbal reports, automatic
recording of DBCI use, or recording of psychophysical manifestations. A
conceptual framework was developed, which suggests that the context of use
influences engagement with DBCIs either directly or indirectly by moderating
the influence of the DBCI on engagement. Mechanisms of action might
indirectly influence engagement and the target behaviour might directly
influence engagement with DBCIs, suggesting the presence of a positive
feedback loop. The proposed relationships between engagement and

67

intervention effectiveness are tentative, as this has not been studied
extensively.

The suggested behavioural and experiential dimensions of engagement can in
principle be measured or inferred in every instance of a DBCI. The content,
structure, length and design of specific DBCIs tend to vary, and hence, the
relevance of the different dimensions of engagement will vary accordingly.
Although the intended frequency, amount, duration, and depth of use might be
set to ‘1’ in a one-off intervention, the individual parameters are still present and
measurable. Thus, the proposed definition of engagement allows for direct
comparison across different kinds of DBCIs by including multiple dimensions of
engagement at its core. This has been lacking in previous conceptualisations.
Evidence of higher behavioural engagement coupled with evidence of, for
example, enjoyment of using a DBCI is hypothesised to predict greater DBCI
effectiveness. If this is the case, the proposed definition of engagement should
provide a means of generalising findings from particular DBCIs to other, similar
DBCIs. It may not be possible to evaluate the usefulness of the proposed
definition prior to empirical work [224].

Although some self-report questionnaires designed to measure engagement
demonstrate good validity and reliability [143,225], these typically rely on
measuring engagement after, as opposed to during, the event. However, the
advent of new technologies allows self-reports of engagement to be measured
in real-time (e.g. through Ecological Momentary Assessments) [226]. Although
physiological measures have been used to measure engagement, notably in
the HCI literature, associations between physiological and self-reported
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measures of engagement are weak [144]. The nature of these associations thus
needs to be investigated further.

Previous conceptual frameworks have been based on theoretical predictions
only, or have been derived from the literature within one scientific domain
[9,108–110]. In contrast, the conceptual framework proposed here is derived
from theoretical predictions and empirical observations within multiple,
interrelated disciplines. This endeavour was facilitated by the use of principles
from CIS, which allowed the combination of a diverse set of research findings.
The proposed conceptual framework of engagement is a synthesis of existing
ontologies, frameworks, and models, and incorporates factors not previously
included. The novel components in this framework are: ‘mental health’,
‘experience of wellbeing’, ‘familiarity’, ‘guidance’ and ‘narrative’. The negative
association between poor mental health and engagement might be explained
by the observation that those with poor mental health (e.g. depression) typically
experience decreased self-efficacy to, for example, stop smoking or lose weight
[227,228]. ‘Experience of wellbeing’ might be negatively associated with
engagement due to being related to the belief that one does not need any
support. ‘Familiarity’ with the design of DBCIs and ‘guidance’ might positively
influence engagement because familiar examples, design conventions, or
stepped how-to-use guides may inculcate feelings of comfort and ease of use.
A ‘narrative’ might draw users in, increasing their interest and enjoyment.
Moreover, this review identified a trend towards a positive association between
engagement and older age, higher educational attainment, and being a woman,
which merits further investigation. Although these demographic characteristics
have been included in existing frameworks of engagement, the direction of
influence has not been previously discussed. Through the use of a systematic,
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interdisciplinary approach, the proposed conceptual framework offers a
comprehensive overview of the factors that may influence engagement with
DBCIs, and hence provides a starting point for reducing the observed
fragmentation of research findings.

2.5.1.1 Limitations

The lack of evidence supporting the claim that setting of use (e.g. culture, social
norms, physical cues, healthcare pathway) directly influences engagement with
DBCIs constitutes a limitation. This might either reflect the search terms used or
indicate that this has not been investigated in the literature; a distinction
between these explanations cannot be made at present. There was also a lack
of evidence in support of the claim that the context of use (i.e. setting and
population) may moderate the influence of the DBCI on engagement. For
example, the setting of use may vary depending on the mode of delivery (e.g.
computer versus mobile phone). Hence, the DBCI might indirectly influence
engagement through determining the setting of use; while computers may
predominantly be used at home or in a clinic, mobile phones might mainly be
used on the go, which may influence the amount or depth of engagement. This
hypothesis should be investigated in future research.

Another limitation is that no formal quality assessment of the included articles
was conducted. However, this was in line with the chosen method, which
suggests that the articles should be judged on the basis of their relevance to the
research question rather than their methodological rigour. This method was
selected due to the conceptual nature of the research questions. A limitation is
that the data extraction and literature synthesis were conducted by a single
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reviewer, potentially introducing bias. Finally, the end date for the literature
search (i.e. November 2015) constitutes a limitation; with the pace of
technological advances and the proliferation of digital health research, relevant
literature has since been published.

2.5.1.2 Conclusion

Engagement with DBCIs is conceptualised here in terms of both experience
and behaviour. Engagement may be influenced by the DBCI itself, the context
of use, mechanisms of action of the DBCI and the target behaviour.

2.5.1.3 Citation for the published peer-reviewed article for this study

Perski, O., Blandford, A., West, R., & Michie, S. (2017). Conceptualising
engagement with digital behaviour change interventions: A systematic review
using principles from critical interpretive synthesis. Translational Behavioral
Medicine, 7, 254-267. DOI: 10.1007/s13142-016-0453-1.

See Appendix 15 for the published peer-reviewed journal article.

2.5.1.4 Next steps

To test and refine the integrative definition of engagement with DBCIs, the next
steps of the thesis were to explore how potential users of apps for smoking
cessation and alcohol reduction understand the term ‘engagement’ and use
these insights to develop and evaluate a novel self-report measure of
engagement (reported in Chapters 4 and 5). To test and extend the conceptual
framework of factors that influence engagement, a qualitative exploration of
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smokers’ and drinkers’ judgments of what factors are important for the uptake of
and engagement with apps for smoking cessation and alcohol reduction was
conducted (reported in Chapter 3).
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3 CHAPTER 3 – Smokers’ and drinkers’ choice of
smartphone applications and expectations of
engagement: a think aloud and interview study
(Study 2)
3.1 Abstract
Background: Public health organisations such as the National Health Service
in the UK and the National Institutes of Health in the US provide access to
online libraries of publicly endorsed apps; however, there is little evidence that
users rely on this guidance. Rather, one of the most common methods of
finding new apps is to search an online store. As hundreds of smoking
cessation and alcohol-related apps are currently available on the market,
smokers and drinkers must actively choose which app to download prior to
engaging with it. The influences on this choice are yet to be identified. This
study aimed to investigate 1) design features that shape users’ choice of
smoking cessation or alcohol reduction apps, and 2) design features judged to
be important for engagement.

Methods: Adult smokers (n = 10) and drinkers (n = 10) interested in using an
app to quit/cut down were asked to search an online store to identify and
explore a smoking cessation or alcohol reduction app of their choice whilst
thinking aloud. Semi-structured interview techniques allowed participants to
elaborate on their statements. An interpretivist theoretical framework informed
the analysis. Verbal reports were audio recorded, transcribed verbatim and
analysed using inductive thematic analysis.

Results: Smokers and drinkers chose apps based on their immediate look and
feel, quality as judged by others’ ratings and brand recognition (‘social proof’),
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and titles judged to be realistic and relevant. Monitoring and feedback, goal
setting, rewards and prompts were identified as important for engagement,
fostering motivation and autonomy. Tailoring of content, a non-judgmental
communication style, privacy and accuracy were viewed as important for
engagement, fostering a sense of personal relevance and trust. Sharing
progress on social media and the use of craving management techniques in
social settings were judged not to be engaging because of concerns about
others’ negative reactions.

Conclusions: Choice of a smoking cessation or alcohol reduction app may be
influenced by its immediate look and feel, ‘social proof’ and titles that appear
realistic. Design features that enhance motivation, autonomy, personal
relevance and credibility may be important for engagement.

3.2 Introduction
To benefit from smoking cessation and alcohol reduction apps, users must
identify and select which apps to download from the myriad available on the
market [84,86] and engage with them over time [35]. To the author’s
knowledge, no study has yet explored what factors are important in shaping
users’ selection and their subsequent engagement.

Although public health organisations such as the National Health Service (NHS)
in the UK and the National Institutes of Health in US provide access to online
libraries of publicly endorsed health apps (e.g. https://www.nhs.uk/oneyou/apps;
https://www.nlm.nih.gov/mobile/) [229,230], there is little evidence to suggest
that users rely on these online libraries when searching for and selecting novel
apps. Rather, the two most frequently used methods of identifying new apps are
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to search an online store and to seek recommendations from friends and family
[231]. As there are currently more than 400 smoking cessation and 700 alcoholrelated apps available on the market [84,86], the onus is on the user to actively
select which app to download. Notwithstanding a recent increase in the
development and formal evaluation of theory- and evidence-informed apps
within the research community [82,91,92,232–234], the majority of popular
smoking cessation and alcohol reduction apps do not include BCTs associated
with higher quitting rates in face-to-face interventions and do not adhere to
public health guidelines [84–90].

As outlined in Chapter 1, due to the variable quality of available smoking
cessation and alcohol reduction apps, an important goal is to determine how the
design of evidence-based apps can be improved to attract users’ attention in
online stores and hence, increase their likelihood of being selected and
engaged with [235]. The choice of any kind of app in an online store is likely to
be influenced by visceral reactions to the app’s design and affective responses
to and cognitive processing of the app’s known attributes [236–239]. Lasting
positive first impressions of the visual appeal of websites are formed rapidly
(within 50-500 milliseconds of exposure) and are primarily based on affective
responses [236,237]. While visual appeal was highlighted by users as important
when choosing from pre-specified lists of apps (e.g. health apps, games for
entertainment), factors such as perceived usefulness, personal relevance,
positive user ratings and prior knowledge of brand names were also considered
vital [238,239]. There appears to be a lack of evidence as to how users freely
choose smoking cessation and alcohol reduction apps in an online store and
what factors shape their choice.
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The potential benefits of apps depend not only on good choices by users but
also on their subsequent engagement [35]. While evidence from RCTs indicates
that features such as reminders and prompts [203], tailoring of content [40],
contact with a healthcare professional [149] and simultaneous delivery of
content (as opposed to sequential delivery) [39] positively influence
engagement with computer- and web-delivered behaviour change interventions,
little is known about the specific design features that influence engagement with
smoking cessation and alcohol reduction apps.

Results from a secondary analysis of automatically recorded usage data from
an RCT of a smoking cessation app indicated that users more frequently
engaged with some tools compared with others (i.e. ‘developing a quit plan’,
‘tracking smoking’, ‘viewing progress’) [240]; however, the effect of particular
design features (e.g. ease of use, tailoring of content, rewards) on engagement
was not explored. In a formal consensus exercise, behaviour change and
alcohol experts rated features such as ease of use, tailoring of content,
feedback, aesthetic appeal and ‘unique smartphone features’ as likely to
engage users with a novel alcohol reduction app [98]; however, it is unclear
whether experts’ views align with those of users from the target population. A
cross-sectional survey of users’ views on the functionality of an alcohol
reduction app developed based on guidance from the National Institute of
Clinical Excellence found that users largely held favourable views towards the
app’s features (e.g. an alcohol tracker, information on excessive alcohol use,
notifications) [241]; however, users from the target population were not involved
in the design of the app and survey respondents were not prompted to reflect
on how the app’s features might influence their engagement. A qualitative study
that explored young adults’ views on behaviour change apps and what factors
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contribute to their willingness to engage with such apps found that accuracy,
security and immediate effects on mood were considered important for
engagement while context-sensing software features and sharing on social
media were considered off-putting [242]. However, no study to date has
explored smokers’ and drinkers’ views on what design features are likely to be
important for engagement with smoking cessation and alcohol reduction apps.

To better guide the selection of design features that can be included in future
experimental studies (e.g. factorial RCTs), it would be useful to identify design
features that smokers and drinkers judge to be important for engagement with
smoking cessation and alcohol reduction apps. The present study therefore
aimed to address the following two research questions through the use of
qualitative methods:

1. What design features shape smokers’ and drinkers’ choice of smoking
cessation and alcohol reduction apps?

2. What design features are judged by potential users to be important for
engagement with smoking cessation and alcohol reduction apps?

This study was also used to gather insight into how potential users understand
the term ‘engagement’ in the context of DBCIs (results reported in Chapter 4).

3.3 Methods
3.3.1 Study design

The Consolidated Criteria for Reporting Qualitative Research checklist was
used in the design and reporting of this study [243]. A think aloud methodology
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was used to address the first research question, which involved asking
participants to verbalise their thoughts, impressions and feelings whilst
engaging with an app of their choice [244]. The role of the researcher in a think
aloud study is to retreat to the background and only prompt participants when
necessary. This method was chosen over a retrospective design due to its
ability to generate real-time data on the selections made, which was considered
more reliable than data generated from participants’ memory. Semi-structured
interview techniques were used to allow participants to elaborate on statements
made during the think aloud tasks and to address the second research
question. Behaviour is often influenced by unconscious processing of stimuli
[245], so users may have limited insight into the factors that in fact influence
their engagement with apps. However, user-centred design methods emphasise
the importance of exploring users’ views as part of the iterative design process
in order to develop digital behaviour change interventions that accommodate
the needs of the target population [246–248].

3.3.2 Theoretical framework

As the author was interested in exploring novel themes not previously identified
in the literature, an interpretivist theoretical framework was used to inform data
gathering and analysis [249]. Interpretivism proposes that multiple realities exist
(i.e. assumes a ‘subjective’ rather than ‘objective’ reality) and that participants’
accounts of their ‘lived experience’ are co-constructed through the interaction
with and subsequent interpretations of the researcher [249,250]. Interpretivism
recognises the active role of the researcher in both the elicitation and
interpretation of qualitative data.
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3.3.3 Participants

Smokers were eligible to take part if they i) were aged ≥ 18 years, ii) smoked
cigarettes daily, iii) would consider using a smartphone app to help them stop
smoking, iv) owned an Android or iOS smartphone with internet access that was
capable of running apps and v) lived in or near London (UK). Drinkers were
eligible to participate if they i) were aged ≥ 18 years, ii) reported an Alcohol Use
Disorders Identification Test-Consumption (AUDIT-C) score ≥ 5, indicating
excessive alcohol consumption [251], iii) would consider using a smartphone
app to help them reduce their drinking, iv) owned an Android or iOS
smartphone with internet access that was capable of running apps and v) lived
in or near London (UK). Smokers and drinkers interested in using an app to
stop or cut down were recruited in order to mimic real-world conditions and
hence generate more valid data. It was expected that these participants would
be able to more vividly imagine engaging with the apps compared with smokers
and drinkers uninterested in using an app to stop or cut down [252]. For
pragmatic reasons, no cut-off was imposed on cigarettes per day for including
smokers in the study. As approximately 47% of English smokers are interested
in using a digital intervention to stop [253], it was deemed more important to
recruit smokers who were interested in using an app to stop rather than heavy
or highly dependent smokers. Participants who were both smokers and drinkers
were only asked about one kind of app; they were allowed to indicate a
preference for what behaviour to focus on. Participants who had already tried to
quit smoking/reduce their drinking using an app were not excluded. Participants
who were not fluent English speakers were excluded.
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3.3.4 Sampling

Participants were recruited through social media (e.g. Facebook, Twitter) and
posters placed on central London university campuses. The recruitment
materials stated that smokers and drinkers were invited to the laboratory to
complete a few smartphone-based tasks and share their views on smoking
cessation or alcohol reduction apps. Snowballing techniques were also used by
asking participants to refer friends or family members interested in using an app
to stop smoking or cut down on drinking [254]. Participants were recruited in
batches of five until theoretical saturation was judged to have occurred (i.e.
when no novel themes were identified) [255]. Preliminary data analysis was
conducted after each batch of five participants to determine if more participants
were needed.

3.3.5 Measures

Data were collected at baseline on: 1) age; 2) gender; 3) ethnicity, measured
using the Office for National Statistics’ index [256]; 4) socio-economic status,
measured using the self-reported version of the National Statistics SocioEconomic Classification [257]; 5) nicotine dependence, measured using the
Heaviness of Smoking Index (HSI) [258,259]; a score ≥ 4 on the HSI indicates
high nicotine dependence [259]; 6) patterns of alcohol consumption, measured
using the AUDIT-C [251,260,261]; an AUDIT-C score ≥ 5 indicates excessive
alcohol consumption [251]; 7) motivation to stop smoking or cutting down on
drinking, measured using the Motivation To Stop Scale (MTSS) [262]; 8)
whether they had tried to stop/cut down in the past 12 months; 9) whether they
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had ever used an app to stop smoking/reduce drinking; 10) frequency of app
use; 11) last time they had downloaded an app.

The MTSS is a single-item scale with seven response options: 1) “I don’t want
to cut down on drinking alcohol”; 2) “I think I should cut down on drinking
alcohol but I don’t really want to”; 3) “I want to cut down but haven’t thought
about when”; 4) “I really want to cut down but I don’t know when I will”; 5) “I
want to cut down and hope to soon”; 6) “I really want to cut down and intend to
in the next 3 months”; 7) “I really want to cut down and intend to in the next
month”. As the majority of available tools that tap motivation to reduce alcohol
are based on the Stages of Change Model [263], for which evidence is scarce
[264], the MTSS was used. Although the MTSS has yet only been validated in
tobacco smokers [262], it has been successfully employed in an observational
study that estimated patterns of alcohol consumption and reduction in an
English sample [265].

3.3.6 Procedure

Participants read the information sheet which described the nature of the study
without disclosing information that might have influenced participants’ search
behaviours or verbal responses. They subsequently provided informed consent
using an online screening questionnaire that assessed study eligibility and
collected descriptive data (see Appendix 3). This questionnaire was hosted by
Qualtrics survey software [266]. The face-to-face sessions were conducted in a
private space at a London university or in participants’ homes, according to
participant preference. No one else was present besides the participant and
researcher except for one interview that was conducted in a space where
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university students were present. Interviews took place between April and June
2016. Sessions lasted between 45-75 minutes. Participants received a £20 gift
voucher as compensation for their time.

3.3.6.1 Pre-task interview

A pre-session interview was held to elicit participants’ expectations of apps in
general and smoking cessation or alcohol reduction apps in particular (see
Appendix 4). Knowledge of participants’ existing beliefs about apps and their
smoking/drinking identity was judged to be relevant for the interpretation of
subsequent statements and reactions; for example, knowledge that a
participant did not identify as an excessive drinker was subsequently used to
interpret ambiguous statements or reactions towards the explored apps.

3.3.6.2 Think aloud tasks

Participants were instructed on how to think aloud (see Appendix 4) and were
subsequently asked to complete a practice task: thinking aloud whilst changing
the ringtone on their smartphone. Participants were then asked to complete two
tasks on their smartphone. The first involved searching for smoking cessation or
alcohol reduction apps in an online app store and was designed to elicit
thoughts about factors that shape smokers’ and drinkers’ decisions to download
such apps. The second task involved downloading and exploring a free
smoking cessation or alcohol reduction app and was designed to gain insight
into factors expected to be important for engagement (see Appendix 4). Positive
reinforcement was used to ensure that participants verbalised relevant
information (e.g. “You’re doing well!”). When participants fell silent, prompts
were used (e.g. “What are you thinking now?”).
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3.3.6.3 Debrief interview

The purpose of the debrief interview was to give participants the opportunity to
elaborate on statements made during the think aloud tasks. Following the
analysis of the first two batches of interview transcripts, the semi-structured
interview schedule was adapted in order to elicit more data about points raised
by the first 10 participants (see Appendix 4). At the end of the sessions,
participants were told the full purpose of the study.

3.3.7 Data analysis

Sessions were audio-recorded, transcribed verbatim and analysed using
inductive thematic analysis [267], which has previously been used to analyse
data from think aloud studies involving smartphone apps [136,242]. Braun and
Clarke identify six phases of thematic analysis: i) familiarising with the data, ii)
generating initial codes, iii) searching for themes, iv) reviewing themes, v)
defining and naming themes, and vi) producing the report [267]. Data were
coded by the researcher using NVivo 10 [268] with regular discussions with
members from the supervisory team. New inductive codes were labelled as they
were identified during the coding process. Data were sometimes assigned to
multiple codes. All codes that potentially included data relating to the study aims
were recorded. The codes were reviewed one by one and findings were
ordered systematically under headings. The ordered data were reviewed and
revised in discussion with members from the supervisory team and were
subsequently organised into themes. Theoretical saturation was judged to have
occurred after 20 participants, as no new themes were identified [255]. As a
quality check, a second, independent researcher reviewed the codes, themes
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and participant quotes. Disagreements were resolved through discussion.
Agreement on the final themes was reached through discussion between
members of the supervisory team. Differences between smokers and drinkers
and other group differences were recorded where identified.

3.3.8 External validation

Respondent validation refers to the comparison of the researcher’s
interpretation of the data with participants’ accounts to assess the level of
agreement between the two [269,270]. A subsample of five participants (25%)
was contacted and asked to review the results after the initial themes had been
developed. Participants were asked to comment on whether they felt that their
views were well represented and the extent to which they agreed with the
interpretation of their quotes and the main claims of the narrative. Three
participants returned their comments, stating that they agreed with the author’s
interpretations.

3.3.9 Reflexivity

Despite smoking and excessive drinking being associated with social stigma
[271,272], the researcher felt that good rapport was built with the majority of
participants. At the beginning of the study, the researcher asked each
participant the same set of questions in the same order, but it later became
apparent that a more discursive style generated more extensive data and was
therefore adopted.
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3.3.10 Ethical approval

UCL’s Departmental Research Ethics Committee granted ethical permission
(UCLIC/1213/015). Personal identifiers were removed from the data, which
were stored securely, and principles of research governance were observed
[273].

3.4 Results
3.4.1 Participant characteristics

Participant characteristics are reported in Table 3.1. The average age of
participants was 29.7 years (SD = 9.2), 60% were women, 70% were of White
ethnicity, 20% were of Asian ethnicity, 85% were from a high socio-economic
status background and 55% of participants had made an attempt to quit
smoking or cut down on their drinking in the past 12 months but had relapsed
into smoking/drinking (i.e. all participants were smoking/drinking at the time of
the study). Smokers had an average HSI score of 0.6 (SD = 1.07), indicating
low nicotine dependence, and drinkers had an average AUDIT-C score of 7.0
(SD = 2.9), indicating excessive alcohol consumption.
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ID

Group

Gender

Age

MTSS*

Made an attempt to
stop/cut down in past
12 months

Ever used app to
stop smoking or
reduce drinking

Last time
downloaded a
smartphone app

Frequency of app
use

D1
D2
D3
D4
D5
D6
D7
D8
D9
D10
S1
S2
S3
S4
S5
S6
S7
S8
S9
S10

Drinker
Drinker
Drinker
Drinker
Drinker
Drinker
Drinker
Drinker
Drinker
Drinker
Smoker
Smoker
Smoker
Smoker
Smoker
Smoker
Smoker
Smoker
Smoker
Smoker

M
M
F
F
F
F
F
M
M
M
M
F
M
F
F
F
M
F
F
F

24
28
28
31
21
56
25
24
47
29
24
25
28
20
25
27
25
45
33
28

5
2
3
6
2
2
2
3
3
5
2
4
3
4
5
7
2
7
2
5

Yes
No
Yes
No
No
No
No
Yes
Yes
Yes
No
Yes
No
Yes
Yes
Yes
No
Yes
No
Yes

No
No
No
No
No
No
No
No
No
No
No
No
No
Yes
Yes
No
No
No
No
No

In the last week
Today or yesterday
In the last month
In the last month
Today or yesterday
In the last 6 months
In the last 6 months
In the last month
In the last week
In the last week
In the last month
In the last week
In the last week
Today or yesterday
In the last week
In the last 3 months
In the last month
In the last 6 months
In the last week
In the last 3 months

Daily
Daily
Daily
Weekly
Daily
Monthly
Daily
Daily
Daily
Daily
Several times/week
Daily
Daily
Daily
Daily
Daily
Daily
Daily
Daily
Several times/week

Note. * Motivation To Stop Scale (MTSS): 1 = I don’t want to stop smoking/cut down on drinking alcohol, 2 = I think I should stop smoking/cut
down on drinking alcohol but I don’t really want to, 3 = I want to stop/cut down but haven’t thought about when, 4 = I really want to stop/cut
down but I don’t know when I will, 5 = I want to stop/cut down and hope to soon, 6 = I really want to stop/cut down and intend to in the next 3
months, 7 = I really want to stop/cut down and intend to in the next month.
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Table 3.1. Participants' demographic, smoking and drinking characteristics.

3.4.2 Themes

Three themes were developed in relation to the first research question and
were labelled ‘immediate look and feel of the app’, ‘social proof’ and ‘realistic
and relevant titles’. Five themes were developed in relation to the second
research question and were labelled: ‘features that enhance motivation’,
‘features that enhance autonomy’, ‘features that enhance personal relevance’,
‘features that enhance credibility’ and ‘consistency with online and offline social
preferences’. As few differences between smokers and drinkers were identified,
groups were combined for the reporting of the results unless otherwise stated. A
summary of the identified themes is found in Table 3.2. Supplementary
quotations from the face-to-face sessions can be found in Appendix 5.
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1. What factors shape
smokers’ and drinkers’
choice of apps?

2. What factors are
judged to be important
for engagement?

Theme

Description

The immediate look and feel
of the app

First impressions of the app’s aesthetic appeal (e.g. colour scheme, minimalist design)
and usability (e.g. easy to understand, not too text-heavy).

Social proof

The app’s perceived quality, largely determined by ‘social proof’ (i.e. other users’
ratings, recognition of credible brands/institutions).

Realistic and relevant titles

Titles that appeared realistic and relevant to the target behaviour (e.g. “quit smoking”,
“reduce your drinking”).

Features that enhance
motivation

Features that enhanced participants’ motivation to stay smoke-free/reduce their
drinking (e.g. monitoring and feedback, goal setting, rewards).

Features that enhance
autonomy

Features that enhanced participants’ autonomy (e.g. user-controlled reminders,
flexible quitting/reduction plans).

Features that enhance
personal relevance

Features that engendered a sense of personal relevance (e.g. tailoring of content, a
non-judgmental communication style, gain-framed messages).

Features that enhance
credibility

Features that engendered a sense of credibility and trust (e.g. a clear privacy policy,
information perceived to be accurate).

Consistency with online and
offline social preferences

Consistency with participants’ attitudes towards sharing progress on social media or
joining an online support community (i.e. online preferences) and their attitudes
towards using the app to log cigarettes/units of alcohol or distract from cravings in
social settings (i.e. offline preferences).
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Table 3.2. Summary of identified themes.

3.4.2.1 What factors shape smokers’ and drinkers’ choice of apps?

3.4.2.1.1 The immediate look and feel of the app

The majority of participants (14/20) stated that their choice of apps was guided
by the initial appeal of icons and screenshots; however, the specific factors
contributing to judgments about attractiveness differed across participants. Half
of the participants (10/20) mentioned feeling drawn to apps using bright colours
(e.g. light green, white), which were described as attention-grabbing or
associated with health and wellbeing, while apps using dark or neon colours
were considered less appealing. This divide was not universal; a few
participants (2/20) felt more drawn to apps in dark colours because these were
perceived as taking the quitting process more seriously.

Look at that! A dark screen, too many numbers. This really put
me off. – D8

When prompted to reflect on why particular designs caught their attention, many
participants (9/20) mentioned that they preferred apps with minimalist or
modern designs, as these were thought to signal professionalism and caring on
the part of the developer, and described feeling “put off” by designs that looked
“childish” or “amateurish”. However, the majority of participants (11/20) were
unable to articulate exactly what they liked about a particular design. This was
manifested by statements about the app simply looking “nice” or having the
“right” look.

Don’t like it, yeah. I can’t say more, it’s just intuitive, why. It’s
just not something I’d particularly want to look at. - S8
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Many participants (9/20) mentioned that their choice was influenced by the
app’s perceived usability or simplicity, as they did not wish to invest time in apps
that seemingly required too much effort, appeared to be overly complex or
evoked confusion.

...they had these complicated graphs, and lots of information in
your face, it would take you a while to read, whereas the app
that I chose, it had information, it showed the progress, but it
was much easier on the eye to read. - D1

Judgments about an app’s ease of use were often interwoven with judgments
about its aesthetic appeal (8/20), making it difficult to single out any one factor
as being more important in guiding choice.

3.4.2.1.2 Social proof

The majority of participants (15/20) mentioned that taking other people’s star
ratings or reviews of apps into account was vital in guiding their choice due to
the lack of other guidance as to which apps are of acceptable quality. Choosing
a popular app over a less popular one, determined by their respective number
of downloads or list position, was thought to save time due to not having to
manually filter out poor quality apps.

...if an app has a good rating, despite the one or two people
who are not satisfied, I think it would mean that it works for the
majority of people. - S1
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Many participants (8/20) mentioned feeling drawn to apps from familiar brands,
organisations or developers; these were described as being more salient than
other apps. When prompted to reflect on why they felt drawn to familiar brands,
participants stated that they expected such apps to be of better quality than
those from unknown brands; they were uninterested in information provided by
developers or organisations lacking authority.

Who is [...]? Whatever, I don’t care, you know. It’s just some
guy who came up with an app. – S6

3.4.2.1.3 Realistic and relevant titles

Many participants (9/20) mentioned that the app’s title was important in guiding
their choice. Titles including key words such as “quit smoking” or “reduce your
drinking” were considered appealing, as these appeared to provide a realistic
summary of the app’s content. Participants avoided apps with titles that
sounded like advertisements, such as those including the word “now”. These
were thought to make empty promises about being able to help participants
without providing any evidence for their statements. A few drinkers (3/10)
avoided titles including the word “alcoholic”, as they did not believe that such
apps would be personally relevant.

I think the title is really, really important, in terms of, don’t give
promises that... You’ve got to be really accurate and realistic, I
think, to keep people interested. Don’t make claims like that,
just easily. – S6
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3.4.2.2 What factors are judged to be important for engagement?

3.4.2.2.1 Features that enhance motivation

The majority of participants (12/20) expected that regular monitoring of, for
example, alcoholic beverages consumed or cigarettes smoked, and the receipt
of feedback on their progress would be important for engagement. Being able to
view a timeline of the days on which one had managed to stay smoke-free or
drink less was expected to enhance motivation to continue, as participants did
not want to “ruin their progress”.

That’s probably a big incentive to not smoke, because it’s just
going to set that back to zero, and it’s showing you your ever
increasing progress, so yeah, I do like that. - S4

Many participants (11/20) stated that they did not expect to re-engage with apps
that were too difficult to use and/or confusing. A few participants (2/20) were
particularly concerned that continuously opening the app to monitor their
smoking or drinking would be too effortful and hence, lead to disengagement.

Many participants (8/20) mentioned that they expected goal setting to be
engaging; they believed that the achievement of a goal would make them feel
good about themselves and hence, increase their motivation to achieve further
goals (i.e. a positive feedback loop).

If you set those manageable goals, so you could achieve it, if
you feel like you’re actually progressing, getting something,
then you’re more likely to go back. - D10
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Of the 13 participants reacting to the provision of rewards within their selected
app, approximately half (6/13) expected that the receipt of social or material
rewards when achieving a goal, such as encouragement or badges, would
increase their motivation to engage due to the desire to earn more rewards.

Doesn’t [the badge] motivate you to carry on? You want to get
more to prove to yourself that you can get them. – D5

The other half of participants (7/13) was not convinced that earning virtual
rewards would affect their motivation, as these participants did not attach any
real value to intangible points or badges. A subtle difference between
participants who had already tried to quit smoking or reduce their drinking in the
past year and those who had not was observed; many (4/7) of those who had
already tried to quit expressed negative attitudes towards the receipt of virtual
rewards, perhaps suggesting that negative expectancy of such rewards might
be linked to recent unsuccessful quit attempts.

I’m not really going to get any awards, am I? They’re not giving
me any money or presents. - D8

3.4.2.2.2 Features that enhance autonomy

Of those expressing a desire to receive reminders to initiate engagement
(11/20), the majority of these participants (9/11) wanted to control how
frequently the app would contact them, as they had prior experiences of feeling
bombarded or “bullied” by too many reminders.
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...it was getting really, really annoying, and it bullied me a little
bit too much, about me not meeting my goals that I set in the
beginning when I started using it. Then it just went the other
way, and it just went out the door, and I just took it off my
phone. - S3

Many participants (9/20) already held firm beliefs about how to quit smoking or
reduce their drinking. Smoking cessation apps that promoted a particular
quitting strategy, such as quitting “cold turkey” with no option for gradual
reduction, were therefore seen as inflexible. A few drinkers (4/10) expressed
feeling annoyed with apps that rigidly compared their drinking patterns with the
government’s recommended limits or persuaded users to have drink-free days,
as they wanted to be in control of how to reduce their drinking in a meaningful
way.

...it seems a bit extreme, especially when you’re not an
alcoholic, why do you need a drink free day? Can’t you just
have a small glass of wine with your meal? – D7

3.4.2.2.3 Features that enhance personal relevance

Tailoring of content according to individual preferences (13/20) inculcated a
belief that the app was suited to the individual and that it was capable of
providing effective support. For example, feedback on behavioural outcomes
was estimated to be more engaging if it was tailored to the individual’s needs
and preferences.
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I’m supposed to be motivated by how much money I’ve saved.
That doesn’t make sense to me. I think I should be motivated
by how my health might have improved. I don’t like this app. It’s
not going to help me. - D6

Information perceived as “preachy” or patronising made participants feel judged
or nagged (9/20). This resulted in refusals to take the information seriously due
to the desire to rebel against advice on what one “should” do.

I think I’m more likely to listen to practical advice rather than
finger wagging… - S9

Some participants (6/20) mentioned that they wanted information about the
positive effects of quitting or cutting down (i.e. ‘gain-framed’ messages).
Information about health consequences that focused on the negative aspects of
past smoking or drinking (i.e. ‘loss-framed’ messages) made participants (7/20)
feel disempowered due to the inability to change past actions. Information
focusing on the negative consequences of future smoking made some
participants feel indifferent due to the inability to imagine one’s future self.

Great. I started smoking when I was 13 and back then, I was
smoking 40 cigarettes a day. - S3

A few drinkers (3/10) were sensitive to terminology perceived as “serious” or
harsh, especially when terms such as “alcoholic” or “addict” were used. They
were quick to distance themselves from apps using such terminology, as they
appeared to assume that these must be catered to individuals who, unlike them,
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were dependent on alcohol. Smokers were more accepting of the use of the
term “addict”.

“Add an addiction.” OK, quite serious... Wow! “I’ve been clean
for...” That’s some serious terminology. - D10

3.4.2.2.4 Features that enhance credibility

Many participants (8/20) mentioned that they felt uneasy about having to create
an account with their personal e-mail address or allow access to the phone’s
location services in order to use their selected apps, as they were worried that
their information would be passed on to third parties.

One thing is that I tend to not like apps that require so much
data about my location services, because, I don’t know, but
obviously they sell on apps, so I think I’m quite wary of telling
people too much about my data... - S10

However, a few participants (3/20) mentioned that their concerns were mitigated
if a message about the app’s policy on privacy and confidentiality was provided
due to feelings of trust. A few participants (2/20) explicitly stated that they had
no concerns regarding privacy in the context of apps.

It then says: “Your data will be anonymised and not shared with
anybody other than for our research”, which is nice to tell
people for confidentiality reasons. - D7
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Information judged to be inaccurate was met with scepticism by many
participants (8/20) as errors and inconsistencies were thought to undermine the
app’s credibility. Participants did not want to waste time on inaccurate advice,
as this was deemed to be untrustworthy.

I think it’s really important that these sorts of sites and apps
have the most current, up-to-date information, in order to get
me to trust them, and take on board what they’re telling me. D2

3.4.2.2.5 Consistency with online and offline preferences

Of the participants who reacted to the provision of social support features within
their selected apps (10/20), such as sharing progress on social media (e.g.
Facebook, Twitter) or joining an online community, few (4/10) expressed a
desire to engage with such features; smoking and drinking were seen as private
behaviours that are unacceptable to share with one’s wider social network.
Participants anticipated that sharing such information with others would
generate pity rather than support.

...what do I want to get from that? I’m not going to get
endorsements, I’m just going to get a few sad likes that are
going to be quite patronising to me… - S3

A subtle difference was observed between those who had tried to quit smoking
or reduce their drinking in the past year and those who had not; the former
appeared to judge social sharing to not be engaging due to the anticipation of
added pressure rather than increased support while the latter expressed more
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favourable attitudes towards social support features, especially those enabling
users to join an online support community. Participants who had not made an
attempt to quit expected that connecting with others in a similar situation might
help stick to one’s goals due to increased motivation.

Beliefs about the capability of apps to provide timely support when experiencing
a craving were mixed. Many participants (7/20) struggled to see ways in which
engagement with an app would influence their waning resolve. A few smokers
(3/10) believed that doing a breathing exercise to assuage cravings would be
helpful in the moment, but they did not want to use distraction games when
socialising with others, who might find this behaviour strange.

Obviously, if you’re in a bar, you’re not going to be like: “I’m
sorry guys, I just need to play my game.” Maybe when you’re
home alone, it could be useful. – S5

When imagining logging drinks consumed in social situations, a few drinkers
(2/10) mentioned that they anticipated feeling embarrassed or uncomfortable,
as others might find such behaviour “odd” or “rude” and hence, stop inviting
them to the pub.

If I pull it out and start pressing it every time I’ve had a drink,
they’re going to start thinking that I’m odder than I really am. –
D9
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3.5 Discussion
This study found that the immediate look and feel of apps, social proof and
realistic and relevant titles shape smokers’ and drinkers’ choice of apps.
Features that enhance motivation, including monitoring and feedback, goal
setting, ease of use and rewards, and those that enhance autonomy, including
flexible prompts and quitting strategies, were judged to be important for
engagement. Participants also expected that features that engender a sense of
personal relevance, such as tailoring of content according to individual
preferences and the use of a non-judgmental communication style, and those
that engender a sense of credibility, including privacy and accuracy, would be
engaging. Moreover, consistency with one’s online and offline social
preferences was considered important for engagement. Few differences were
found between smokers and drinkers.

The finding that the immediate look and feel of apps influenced participants’
choice is consistent with the argument that visceral reactions to an app’s design
generate lasting positive first impressions [236,237]. However, other people’s
app ratings and the perceived relevance of titles were also considered
important. This supports the suggestion that both affective responses and
cognitive processing of an app’s attributes influence users’ choice of apps
[238,239].

These results are consistent with a number of well-established findings. Firstly,
the finding that prompts, rewards, ease of use and tailoring of content according
to individual differences were expected to be important for engagement
supports previous research into computer-delivered smoking cessation and
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alcohol reduction interventions [39,176,190], results from content analyses of
smoking cessation apps [87,88] and findings from a formal expert consensus
study [98]. Secondly, the finding that the app’s communication style was judged
to be important for engagement is consistent with previous research suggesting
that the ‘tone of voice’ of digital behaviour change interventions may evoke
strong negative emotions and hence, cause participants to disengage [169].
Moreover, the finding that privacy and accuracy are expected to be important
for engagement due to feelings of trust replicates research into other kinds of
digital behaviour change interventions [116,145,158].

A frequently mentioned justification for using smartphone apps to deliver
complex behaviour change interventions is that these are capable of delivering
support as and when required, or ‘just-in-time’ [274,275]. As participants in the
present study expressed concerns about engaging with smoking cessation and
alcohol reduction apps in social settings due to anticipated embarrassment, this
adds nuances to the assumption that smokers and drinkers want timely
behavioural support irrespective of context. A recent study that employed
geofencing (i.e. a software feature that uses the phone’s global positioning
system to set up geographical boundaries) to deliver context-aware smoking
cessation support found that only a small proportion of pre-quit smoking reports
(6.1%) were logged in social situations [276]. One of the reasons for this, as
evidenced in follow-up interviews with participants, was fear of appearing rude
to other people. This finding is also consistent with views expressed by young
adults in a qualitative study exploring opportunities and challenges for
behaviour change apps, who questioned the accuracy of context-sensing
features [242].
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Consistent with previous findings [242], smokers and drinkers in the present
study did not want to share progress with their wider social networks due to the
belief that others would pity rather than encourage this. It has been found that
so-called ‘closet’ quit attempts (i.e. attempts to stop smoking without disclosure
to anyone) are common among smokers [277]. As non-disclosure does not
appear to be associated with a decreased likelihood of cessation success [277],
this may be interpreted to suggest that social sharing should not be considered
a ‘one-size-fits-all’ approach.

Care should be taken not to overstate the importance of the present findings
due to the subtle group differences observed and the small sample size.
However, it was found that attitudes towards joining an online support
community and attitudes towards the receipt of virtual rewards appeared to
differ depending on whether participants had made an attempt to quit/cut down
in the past year. This suggests that individuals may differ in the factors that
influence their judgments of engagement features. Future research should
explore whether individuals may respond differently to social support features
and rewards depending on their demographic and/or psychological
characteristics.

3.5.1 Limitations

The method chosen to elicit data involved asking participants about their
expectations about what factors would be engaging. As evidence suggests that
the magnitude of relationships between beliefs and attitudes, intentions and
actual behaviour are modest [54], further research is required to assess
whether the inclusion of the features judged by participants to be important for
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engagement in the present study is in fact accompanied by higher levels of
engagement. Although reliable methods for determining the potential of health
apps to engage users (e.g. the Mobile Application Rating Scale [278]; a coding
scheme developed by Ubhi and colleagues [279]) are available, the predictive
validity of such scales (i.e. the scales’ ability to predict actual levels of
engagement) has not been evaluated. As the purpose of the present study was
to explore smokers’ and drinkers’ views of apps, consistent with a user-centred
approach to intervention design [246–248], think aloud methodology and semistructured interview techniques were deemed to be more appropriate than
existing quality scales. It has been argued that the use of think aloud
methodology to elicit data might be problematic as it is cognitively demanding
for participants to complete the assigned tasks whilst verbalising their thoughts
[280]. However, this issue was mitigated by conducting debriefing interviews to
allow participants to elaborate on their statements.

The boundary between aesthetic appeal and perceived usability was often
unclear in participants’ explanations, highlighting the difficulty in articulating
precisely why particular designs are considered more attractive than others and
hence, indicating that the data generated here might be imprecise. However,
ratings of beauty have been found to be strongly associated with ratings of
perceived usability in other settings [59]. This emphasises the complexity of
trying to dissociate these constructs and suggests that these findings are
consistent with the published literature [236,237]. Additional insight into how
smokers and drinkers select apps (e.g. specific search terms used, nonconscious selection processes) might be gained from screen recordings or the
use of eye tracking methodology.
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As participants in the present study were predominantly of White ethnicity from
high socio-economic status backgrounds and smokers indicated low levels of
nicotine dependence it is possible that these findings do not generalise across
the target population. However, participants reported similar levels of motivation
to stop compared with a large, representative sample of English smokers (N =
2,483): 35% in the present study versus 39% of English smokers in the earlier
study indicated a MTSS score of ³ 5 [262]. The finding that few smokers and
none of the drinkers in the present study had ever used an app to quit
smoking/reduce their alcohol consumption may be interpreted to suggest that
the real concern is not how users decide which app to use, but rather, that it is
more important to gain insight into what makes smokers and drinkers decide to
use an app in the first place. Little is known about the uptake of smoking
cessation and alcohol reduction apps in the general population of smokers and
drinkers; however, findings from an ongoing series of cross-sectional household
surveys of representative samples of the English population indicate that
although half of smokers expressed an interest in using digital smoking
cessation interventions (e.g. websites, smartphone apps), fewer than 1% had in
fact used such interventions to support a quit attempt in the past year [253].
Hence, an alternative interpretation is that, according to available statistics, the
present sample appears similar to the target population with regards to previous
app use.

3.5.2 Conclusion

Smokers and drinkers interested in quitting or cutting down using a smartphone
app choose apps based on their immediate look and feel, social proof and titles
judged to be realistic and relevant. Features that enhance motivation,
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autonomy, personal relevance and credibility, and those that are consistent with
users’ online and offline social preferences are rated by participants as
important for engagement.

3.5.3 Citation for the published peer-reviewed article for this study

Perski, O., Blandford, A., Ubhi, H. K., West, R., & Michie, S. (2017). Smokers’
and drinkers’ choice of smartphone applications and expectations of
engagement: a think aloud and interview study. BMC Medical Informatics and
Decision Making, 17(25), 1-14. DOI: 10.1186/s12911-017-0422-8.

See Appendix 15 for the published peer-reviewed journal article.

3.5.4 Next steps

The next steps of the thesis were to develop and evaluate a self-report measure
that taps the experiential and behavioural dimensions of engagement with
DBCIs (reported in Chapters 4 and 5).
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4 CHAPTER 4 – A self-report measure of engagement
with digital behaviour change interventions (DBCIs):
Development and psychometric evaluation of the
‘DBCI Engagement Scale’ (Study 3)
4.1 Abstract
Background: Engagement with DBCIs is a potentially important mediator of
effectiveness; however, we lack validated measures of engagement. This study
describes: 1) the development of a self-report scale that captures the
behavioural and experiential facets of engagement; and 2) the evaluation of its
psychometric properties in a real-world setting.

Methods: A deductive approach to item generation was taken. The study
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 (EFA), correlational analyses, and
through regressing the number of subsequent logins in the next 14 days onto
total scale scores. Cronbach’s a was calculated to assess internal reliability.

Results: 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 (a = .77). Divergent and
criterion validity were not established. Scale scores did not predict the number
of subsequent logins (B = .02, 95% CI = -.01, .05, p = .14).
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Conclusions: Behavioural and experiential indicators of engagement with
DBCIs may constitute a single dimension, but low response rates to
engagement surveys embedded in DBCIs may make their use impracticable in
real-world settings.

4.2 Introduction
Although many different measures of engagement are currently in use,
including self-report scales and objectively recorded usage data [35,281], an
instrument that captures both the behavioural and experiential facets of
engagement is lacking. For example, although the User Engagement Scale
[46], the eHealth Engagement Scale [143], the Flow State Scale [47], the
Immersion Experience Questionnaire [44], the Personal Involvement Inventory
[282] and the Mobile Application Rating Scale [278] capture a range of
experiential facets (e.g. stimulation, enjoyment), they do not consider the
behavioural facets of engagement (see Table 4.1 for an overview of extant selfreport scales). Automatically recorded usage data have typically been employed
as a behavioural index of engagement [39,40,103,283], but it is unclear whether
such records provide a valid measure of the experiential facets of engagement
(e.g. attention, interest). A validated measure of engagement that could be used
by researchers, healthcare practitioners and industry professionals, irrespective
of having access to the DBCI’s raw data, would be practically useful. Therefore,
the present study aimed to develop and validate a new self-report scale that
captures both the behavioural and experiential facets of engagement.
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Table 4.1. Overview of psychometric properties of existing self-report measures of engagement with DBCIs.

Self-report
scale

Description

Construct validity

Reliability

Criterion
validity

Divergent
validity

Predictive validity

User
Engagement
Scale [46]

A 123-item scale, designed
to measure the following 10
sub-dimensions of
engagement: ‘aesthetics’,
‘affect’, ‘focused attention’,
‘challenge’, ‘control’,
‘feedback’, ‘interest’,
‘motivation’, ‘novelty’ and
‘perceived time’.

Exploratory Factor Analysis
(EFA) indicated a six-factor
solution: ‘focused attention’,
‘perceived usability’,
‘aesthetics’, ‘endurability’,
‘novelty’, and ‘felt
involvement’.

Cronbach’s a was
calculated to
assess internal
consistency
reliability for each
factor, ranging
from .72-.90.

N/A

N/A

N/A

A 12-item scale, designed to
assess the following subdimensions of engagement
with digital health
information: ‘absorbing’,
‘attention-grabbing’,
‘stimulating’, ‘surprising’,
‘suspenseful’, ‘thoughtprovoking’, ‘clever’,
‘convincing’, ‘balanced’,
‘believable’, ‘dull’ and
‘hip/cool’.

Confirmatory Factor Analysis
(CFA) indicated acceptable
fit of a four-factor model:
‘involving’, ‘credible’, ‘dull’
and ‘hip/cool’.

Cronbach’s a was
calculated to
assess internal
consistency
reliability for each
factor but is not
reported.

N/A

N/A

Assessed the scale’s
ability to predict aggregate
scores on three proximal
outcomes (e.g. “The
information made me feel
more confident that I can
do something”). The fourfactor solution accounted
for 56% of variance in the
proximal outcome.

eHealth
Engagement
Scale [143]

107

The factor solution did not
replicate in a new sample
[284]. The authors
recognised that their
definition of engagement
contains attributes that
predict, rather than are part
of, the focal construct.

Table 4.1. Continued.

Description

Construct validity

Reliability

Criterion
validity

Divergent
validity

Predictive
validity

Flow State Scale
[47]

A 54-item scale, designed to
measure the following 9 subdimensions of the state of
‘flow’ [43]: ‘challenge-skill’,
‘action-awareness’, ‘clear
goals’, ‘unambiguous
feedback’, ‘concentration’,
‘sense of control’, ‘loss of selfconsciousness’,
‘transformation of time’ and
‘autoletic experience’.

A series of CFAs,
resulting in the
removal of 18 items,
indicated that the a
priori nine-factor
structure was
supported.

Cronbach’s a was
calculated to
assess the
internal
consistency
reliability for each
factor, ranging
from .80-.86.

N/A

N/A

N/A

Immersion
Experience
Questionnaire [44]

A 33-item scale, designed to
measure 8 sub-dimensions of
the state of ‘immersion’ during
digital game-play: ‘temporal
dissociation’, ‘focused
immersion’, ‘heightened
enjoyment’, ‘control and
autonomy’, ‘curiosity’,
‘emotional involvement’,
‘transportation to a different
place’ and ‘attention’.

EFA indicated a fivefactor solution:
‘cognitive
involvement’, ‘real
world dissociation’,
‘challenge’,
‘emotional
involvement’ and
‘control’.

N/A

N/A

N/A

N/A
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Self-report scale

Self-report scale

Description

Construct
validity

Reliability

Criterion validity

Divergent
validity

Predictive
validity

Personal
Involvement
Inventory
[282,285]

30-item scale, designed to
measure the ‘motivational
state of involvement’ with
different commercial
products [282], measured
using bipolar adjectives.

EFA, after
removing 10
items,
indicated a
one-factor
solution.

Test-retest reliability
indicated that item-to-item
correlations between
Time 1 and Time 2 (3
weeks later) ranged from
.31-.93.

Scale scores for products
(e.g. car, jeans) were found
to correspond to previous
classifications of such
products into low or high
involvement categories.

N/A

N/A

Mobile Application
Rating Scale
[278]

23-item scale, designed to
function as a quality
assessment tool for
mobile health apps,
assessing the following 4
sub-dimensions:
‘engagement’,
‘functionality’, ‘aesthetics’
and ‘information quality’.

N/A

Inter-rater reliability,
calculated using the intraclass correlation
coefficient, ranged from
.5-.83. Internal
consistency reliability,
calculated using
Cronbach’s a, ranged
from .80-.93.

N/A

N/A

N/A
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Table 4.1. Continued.

4.3 Methods
4.3.1 Scale development

4.3.1.1 Construct development

The construct of interest was developed through three iterative steps [286]: i)
defining the conceptual domain to which the construct belongs (e.g. thought,
feeling, behaviour, outcome); ii) defining the entity to which the construct
applies (e.g. person, task, process, relationship) and how stable it is expected
to be over time, across situations and across cases; and iii) defining the set of
fundamental attributes or characteristics that are necessary and sufficient for
something to be an instance of the construct. Two data sources were drawn
upon to generate a definition of the construct: a systematic review of the
behavioural science, computer science and HCI literatures (reported in Chapter
2) and an empirical think aloud and interview study with potential users of
smartphone apps for smoking cessation and alcohol reduction (study
methodology reported Chapter 3).

4.3.1.1.1 Conceptual domain

Existing definitions of engagement identified in Chapter 2 could broadly be
categorised into one of two conceptual domains: ‘engagement as subjective
experience’, incorporating emotional and cognitive facets of engagement, and
‘engagement as behaviour’ [281]. A similar distinction was made by participants
in the think aloud and interview study, who described feelings of attention,
enjoyment and interest when engaging with a DBCI (see Table 4.2).
Participants also highlighted the behavioural facets of engagement: they
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described engagement as frequent DBCI use over time, spending time on the
DBCI when deciding to use it, and interacting with many, rather than a few, of
the DBCI’s features (i.e. frequency, amount of use and depth of use). It was
therefore hypothesised that engagement spans two conceptual domains: an
experiential domain (with cognitive and emotional facets) and a behavioural
domain.
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Table 4.2. Summary of themes pertaining to participants' understanding of the
term 'engagement'.

Theme

Description

Example quotations

Attention

Participants described feeling
‘drawn in’ or ‘sucked in’ by
engaging apps. Engagement was
thought to involve sustained
attention on, and active
involvement with, the app’s
interface and content.

“An engaging app, it’s
something that draws you
in…” – D5

“Engagement is how it
would hold your attention,
whether it does that
successfully.” – S9
Enjoyment Engagement was thought to
involve feelings of enjoyment and
fun.

Interest

“I suppose how positively I
think about it. If someone
were to ask me: “Do you
enjoy using it,” and I said:
“Yes, 8 out of 10,” then that
would be a form of
engagement.” – D8

Engagement was thought to
“…if it interested me,
involve feelings of interest and
stimulated me…” – S4
stimulation. Boredom was seen as
the opposite of app engagement.
“…after a few minutes on
this app, I’m actually kind of
bored already.” – S3

Extent of
DBCI use

Engagement was described in
behavioural terms; participants
thought that engagement
comprised the frequency, amount
and depth of use.

“If you’re more engaged
with an app, you’re going to
use it daily, or more
frequently…” – D7
“…how much time I spend
on it on each session of
use…” – D8
“How likely you are to use it
for its full purpose.” – D9

4.3.1.1.2 Type of entity

As engagement has been found to vary within users over time and across
DBCIs, often as a function of person- or technology-specific attributes (e.g.
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motivation to change, self-efficacy, tailoring, aesthetics) [281,287–289], it was
hypothesised that engagement can usefully be conceived of as a state rather
than a trait [290]. The two data sources did not help clarifying whether the state
of engagement is best conceived of as a task-specific construct (i.e. applicable
only in situations where a DBCI is present) or whether it extends to other
objects. For the purpose of the present study, it was hypothesised that the state
of engagement is task-specific, as this implies that it is sufficient to consider
situations in which the object of interest is a DBCI, rather than any other
material object.

4.3.1.1.3 Necessary and sufficient conditions

Two behavioural indicators and three experiential indicators were identified as
particularly important for determining the intensity of the state of engagement:
amount of use, depth of use, attention, interest and enjoyment. First, spending
time on a DBCI (i.e. ‘amount of use’) and accessing at least one of its
components (i.e. ‘depth of use’) were both considered necessary for
engagement. Spending time on a DBCI, though not actively using it (e.g.
posting in an online forum), was considered necessary as research shows that
‘lurking’ in online discussion forums (i.e. reading others’ comments without
actively contributing) can help people achieve behaviour change [37]. As
research shows that unique behaviour change techniques are independently
associated with successful behaviour change [291–293], the range of
components accessed was considered necessary to determine the intensity of
DBCI engagement. The behavioural indicators were hypothesised to be jointly
insufficient for someone to be engaged, as a user may scroll through
information on an app without paying attention to its content. Therefore, three
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experiential indicators were also considered necessary for engagement: paying
attention to the DBCI (‘attention’), feeling interested in it (‘interest’) and
experiencing enjoyment whilst using it (‘enjoyment’). It is widely accepted that
the process of selective attention helps allocating limited resources to specific
stimuli, and that the function of interest is to direct attention towards important
stimuli [294–297]. Although the two data sources also indicated that enjoyment
is a key aspect of engagement [281], it is unclear whether this is a necessary
condition for someone to be engaged, as it may be possible to pay attention to
an app and be interested in its content without necessarily experiencing
enjoyment. Given the lack of evidence at present, it was hypothesised that the
two behavioural and three experiential indicators were necessary and jointly
sufficient for engagement.

4.3.1.2 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
[298]. An initial pool of 18 items was generated by the researcher based on the
theoretical definitions of the five 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 behaviours (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 members of the
supervisory team. Although some of the resulting items resemble those from
existing scales (reviewed in Table 4.1), the researcher did not explicitly draw on
these. The focus was to develop items that demonstrate theoretical coherence,
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as opposed to novelty. Two items representing the researcher’s 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?”).

4.3.1.3 Item scaling

As the questionnaire was designed to be administered online and accessed
through platforms with potentially small screens (e.g. smartphones), 7-point
scaling was used where possible, with higher scores indicating greater intensity
of engagement. Scale end- and mid-points were anchored to contextualise the
response options: ‘not at all’; ‘moderately’; ‘extremely’ [299].

4.3.1.4 Content validity

Following the methodology in [300] and [301], a group of 10 behavioural
scientists and 10 human-computer interaction experts were recruited from the
author’s networks (i.e. ‘experts’) and a group of 50 adult respondents recruited
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 [266] 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 [300,301].

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
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(see Table 4.3). 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 therefore considered important to retain this item. In total,
ten items were retained to form the first version of the ‘DBCI Engagement
Scale’ (see Table 4.4).
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Item (Intended Category)

Group

1. “How strongly did you experience
interest?” (Interest)

Experts
Non-experts
Experts
Non-experts
Experts
Non-experts
Experts
Non-experts
Experts
Non-experts
Experts
Non-experts
Experts
Non-experts
Experts
Non-experts
Experts
Non-experts

2. “How strongly did you experience
frustration?” (Enjoyment)
3. “How strongly did you experience
focus?” (Attention)
4. “How strongly did you experience
boredom?” (Interest)
5. “How strongly did you experience
inattention?” (Attention)
6. “How strongly did you experience
absorption?” (Attention)
7. “How strongly did you experience
annoyance?” (Enjoyment)
8. “How strongly did you experience
fascination?” (Interest)
9. “How strongly did you experience
distraction?” (Attention)

Interest
(%)
100%
84%
5%
2%
0%
6%
55%
52%
0%
0%
20%
18%
5%
6%
80%
40%
0%
14%

Attention
(%)
0%
4%
0%
4%
95%
78%
10%
4%
100%
94%
30%
16%
0%
0%
0%
12%
85%
80%

Enjoyment
(%)
0%
10%
90%
78%
0%
0%
35%
38%
0%
0%
5%
2%
90%
80%
15%
32%
5%
0%

Amount of
use (%)
0%
0%
0%
0%
0%
2%
0%
2%
0%
4%
0%
12%
0%
0%
0%
2%
0%
2%

Depth of
use (%)
0%
0%
0%
8%
5%
8%
0%
0%
0%
0%
45%
46%
0%
8%
5%
6%
10%
4%

Unclassified
(%)
0%
2%
5%
8%
0%
6%
0%
4%
0%
2%
0%
6%
5%
6%
0%
8%
0%
0%

Note. Percentages in bold indicate items that were correctly classified by a minimum of 70% of respondents in both groups.
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Table 4.3. Experts' (N = 20) and non-experts' (N = 50) classifications of the initial 18-item scale.

Table 4.3. Continued.

10. “How strongly did you experience
enjoyment?” (Enjoyment)

Group

Experts
Non-experts
11. “How strongly did you experience intrigue?”
Experts
(Interest)
Non-experts
12. “How strongly did you experience
Experts
mindfulness?” (Attention)
Non-experts
13. “How strongly did you experience fun?”
Experts
(Enjoyment)
Non-experts
14. “How strongly did you experience pleasure?” Experts
(Enjoyment)
Non-experts
15. “How strongly did you experience
Experts
indifference?” (Interest)
Non-experts
16. “How much time (in minutes) do you roughly
Experts
think that you spent on the app?” (Amount of use) Non-experts
17. “Which of the app’s components did you visit Experts
(e.g. diary, goal setting, game)?” (Depth of use)
Non-experts
18. “Which component was most memorable?”
Experts
(Depth of use)
Non-experts

Interest Attention
(%)
(%)

Enjoyment
(%)

0%
8%
80%
74%
0%
8%
5%
0%
0%
2%
60%
46%
0%
0%
0%
4%
15%
16%

100%
84%
0%
12%
0%
4%
95%
86%
100%
92%
25%
16%
0%
2%
0%
0%
0%
32%

0%
0%
10%
6%
55%
56%
0%
4%
0%
2%
0%
4%
0%
2%
0%
4%
30%
18%

Amount
of use
(%)
0%
2%
0%
2%
0%
2%
0%
4%
0%
0%
0%
2%
85%
80%
20%
8%
0%
2%

Depth
of use
(%)
0%
0%
5%
2%
25%
22%
0%
0%
0%
2%
0%
8%
5%
8%
65%
66%
15%
12%

Unclassified
(%)
0%
6%
5%
4%
20%
8%
0%
6%
0%
2%
15%
22%
10%
8%
15%
18%
40%
20%

Note. Percentages in bold indicate items that were correctly classified by a minimum of 70% of respondents in both groups.
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Item (Intended Category)

Table 4.4. The first version of the ‘DBCI Engagement Scale’.

Please answer the following questions with regards to your most recent use
of the Drink Less app.
How strongly did you experience the following?
1.
2.
3.
4.
5.
6.
7.
8.

Interest
Intrigue
Focus
Inattention
Distraction
Enjoyment
Annoyance
Pleasure

Measured on a 7-point scale with end-points and middle anchored: ‘not at all’;
‘moderately’; ‘extremely’
9. How much time (in minutes) do you roughly think that you spent on the
app?
Enter free text
10. Which of the app’s components do you remember visiting? (You can
select multiple options)
a)
b)
c)
d)
e)
f)
g)
h)
i)
j)
k)
l)

Calendar (Self-monitoring/feedback)
Create and view goals (Goal setting)
What has and hasn’t worked (Self-monitoring/feedback)
Create and view action plans (Action planning)
Your hangover and you (Self-monitoring/feedback)
Review your drinking (Normative feedback)
Dashboard (Self-monitoring/feedback)
Game (Cognitive bias re-training)
Drink + me (Identity change)
Useful information (Other)
Other (Other)
Can’t remember (Other)

Indexed as a proportion of available modules (e.g. 5/7 * 100 = 71.4).
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4.3.2 Scale evaluation

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

4.3.2.1 Inclusion criteria

Participants were eligible to take part in the evaluation study if they had i)
downloaded the alcohol reduction app Drink Less (see [95] for a detailed
description of the app’s content and Appendix 6 for illustrative screen shots)
onto an iPhone or iPad during the study period (17th May 2017-6th March 2018);
ii) not opted out from allowing their data to be used for research purposes; iii)
reported being 18+ years; iv) reported residing in the UK; v) 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 vi) reported an
AUDIT score of 8 or more, indicating excessive alcohol consumption [77].
Eligibility was determined during the app registration process. The Drink Less
app was selected as it includes evidence-based behaviour change techniques,
it has been designed with user-input, it is freely available on the UK Apple App
Store and because the researcher had access to the app’s raw usage data.

4.3.2.2 Sampling

As app users are most likely to disengage after their first login session [29,30],
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.
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4.3.2.3 Sample size

Due to the scarcity of prior research, it was not possible to predict what
parameter estimates to expect. A minimum of 200 participants was therefore
planned to be recruited, as this has been recommended as a rule-of-thumb for
Confirmatory Factor Analysis (CFA) [298].

4.3.2.4 Measures

In addition to the ‘DBCI Engagement Scale’, data were collected on: 1) gender;
2) type of work (i.e. manual, non-manual, other); and 3) 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
(https://pandas.pydata.org/) 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 operationalised 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 [95]). A new login was defined as a new screen view after 30
minutes of inactivity [302]. Participants were also asked to respond to the two
‘best bets’ for a short measure of engagement (described above).
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To allow the assessment of the scale’s divergent validity, participants were
asked to respond to two items tapping the state of ‘flow’, as this was
conceptualised as a qualitatively distinct state [43]. Although engagement with
DBCIs is expected to share some experiential qualities with the state of flow
(i.e. ‘attention’, ‘interest’), it was expected that users will not necessarily
experience ‘balance between challenge and skill’ or ‘loss of time and selfconsciousness’ 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’ [47], measured on 5-point Likert scales, that had
previously been found to load most strongly onto the general ‘flow’ factor were
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, only two of its most strongly loading items were
included to minimise measurement burden.

4.3.2.5 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 the 9th
August 2017 to: “Take a brief survey and enter a prize draw to win one of thirty
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£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 [303]. 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.

4.3.3 Data analysis

All analyses were conducted using SPSS version 20.0 [304]. The assumptions
for parametric tests were assessed (i.e. normality of the distribution of
residuals). When violated, normalisation was used (i.e. z-normalisation 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.

4.3.3.1 Construct validity

It was hypothesised that a five-factor solution (i.e. ‘amount of use’, ‘depth of
use’, ‘interest’, ‘attention’, ‘enjoyment’) would provide the best fit of the observed
data. Pre-planned 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) using principal axis factoring and oblique rotation was deemed more
suitable. Inspection of Cattell’s scree plots and the Kaiser criterion (i.e.
eigenvalues > 1) were used to determine the number of factors to retain [305].
Pre-planned analyses also included a comparison of the fit of the CFA solution
using the self-reported data as input with a CFA solution using a combination of
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self-reported data (i.e. the experiential indicators) and automatically recorded
usage data (i.e. the behavioural indicators). However, an additional EFA was
deemed more suitable.

4.3.3.2 Internal consistency reliability

Internal consistency reliability was assessed by calculating Cronbach’s a. A
large coefficient (i.e. a = .70 or above) was interpreted as evidence of strong
item covariance [298].

4.3.3.3 Criterion validity

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

4.3.3.4 Predictive validity

Pre-planned 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 returned to the app after their first login session,
this variable would have failed to discriminate between participants. Instead, an
unplanned analysis was conducted, in which the variable ‘number of
subsequent logins’, operationalised as the total number of logins in the 14 days
after app registration, was regressed onto total scale scores. A cut-off at 14
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days post-registration was deemed appropriate as DBCI access tends to be
most prevalent during this time window [306].

4.3.3.5 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 self-reported behavioural indicators) to a
model including only the objectively recorded behavioural indicators of
engagement.

4.3.3.6 Divergent validity

Divergent validity was assessed by calculating Pearson’s correlation coefficient
for the relationship between each of the two items tapping the state of ‘flow’ and
the overall measure of engagement.

4.3.3.7 Unplanned 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 significantly between those who did and did not
complete the scale. An additional unplanned sensitivity analysis was conducted
to assess if participants’ AUDIT scores were significantly associated with total
scale scores or the number of subsequent logins.
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4.4 Results
4.4.1 Participants

During the study period (294 days; 17th May 2017-6th March 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 link), with 203 (3.7%) users completing it (see Figure 4.1).
Participant demographic and drinking characteristics are reported in Table 4.5.

Figure 4.1. Participant flow chart.
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Table 4.5. Participants’ demographic and drinking characteristics.

Demographic characteristics

Female, % (N)

Completed
scale

Initiated (but not
completed) scale

(N = 203)

(N = 108)

64% (129)

53% (57)

Type of work, % (N)

pa

.07
.85

Non-Manual, % (N)

75% (152)

73% (79)

Manual, % (N)

11% (22)

11% (11)

Other, % (N)

14% (29)

17% (18)

41.8 (10.7)

42.4 (9.5)

.66

17.6 (6.1)

18.3 (6.8)

.31

Age in years, mean (SD)
Drinking characteristics
AUDIT, mean (SD)

Note. a Differences between groups were assessed using chi-square tests or ttests, as appropriate.
4.4.2 Descriptive statistics for scale items

Descriptive statistics for the scale items are reported in Table 4.6. 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 10
scale items, the two items used for the criterion validity analyses and the three
items used for the predictive and incremental validity analyses. Inter-item
correlations of the normalised items are reported in Table 4.7.
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Table 4.6. Descriptive statistics for the scale items (N = 203)

Range

Mean (SD)

Variance

Skewness

Kurtosis

1. “How strongly did you experience interest?”
2. “How strongly did you experience intrigue?”
3. “How strongly did you experience focus?”
4. “How strongly did you experience inattention?” (R)
5. “How strongly did you experience distraction?” (R)
6. “How strongly did you experience enjoyment?”
7. “How strongly did you experience pleasure?”
8. “How strongly did you experience annoyance?” (R)
9. “Which of the app’s components did you visit?”
10. “How much time do you roughly think that you spent on the app?” (seconds)
Items used to test Criterion Validity

1-7
1-7
2-7
1-7
1-7
1-7
1-7
1-7
14.29-100.00
120-3600

5.43 (1.19)
5.05 (1.57)
5.06 (1.24)
5.32 (1.47)
5.30 (1.65)
4.30 (1.40)
3.63 (1.56)
5.77 (1.40)
53.34 (22.99)
561.87 (379.07)

1.41
2.48
1.54
2.17
2.72
1.95
2.44
1.97
528.97
143,697.47

-0.61
-0.70
-0.52
-0.92
-0.91
-0.31
0.07
-1.27
0.20
3.62

0.34
-0.27
-0.07
0.22
-0.13
-0.37
-0.85
1.10
-0.73
22.65

11. Objective depth of use
12. Objective amount of use (seconds)

14.29-100.0
0-3303

77.62 (16.69)
802.57 (646.03)

278.68
417,354.87

-0.66
1.96

0.40
3.98

0-67
1-7
2-7

15.40 (12.35)
5.15 (1.16)
5.33 (1.11)

152.51
1.34
1.23

1.39
-0.83
-0.50

2.66
1.39
-0.14

1-5

2.87 (0.73)

0.53

-0.56

0.93

1-5

2.78 (1.21)

1.47

0.10

-1.05

Items used to test Predictive/Incremental Validity
13. Number of subsequent logins
14. “How engaging was the app?”
15. “How much did you like the app?”
Items used to test Divergent Validity
16. “When using Drink Less, the way time passed seemed different from
normal.”
17. “When using Drink Less, I was not worried about what others may have been
thinking about me.”

Note. The symbol (R) indicates that values have been reverse scored prior to the calculation of descriptive statistics.
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Scale Items

Table 4.7. Inter-item correlation matrix (N = 203).

1

2. Intrigue

.56***

1

3. Focus

.73***

.53***

1

4. Inattention (R)

.11

-.00

.14

1

5. Distraction (R)

.10

-.02

.14*

.60***

1

6. Enjoyment

.43***

.57***

.40***

-.08

-.15*

1

7. Pleasure

.29***

.41***

.31***

-.25***

-.30***

.62***

1

8. Annoyance (R)

.24***

.14*

.27***

.43***

.44***

.09

.02

1

9. Which of app’s components

.17*

.27***

.13

.03

.04

.20***

.14*

.11

1

10. How much time spent

.19***

.16*

.13

-.23***

-.17*

.16*

.19***

-.06

.28***
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1. Interest

10. How much time
spent

9. Which of app’ s
components

8. Annoyance (R)

7. Pleasure

6. Enjoyment

5. Distraction (R)

4. Inattention (R)

3. Focus

2. Intrigue

1. Interest

Scale Items

1

Note. The symbol (R) indicates that values have been reverse scored prior to analysis; * p < .05; ** p < .01; *** p < .001.

4.4.3 Scale validity

4.4.3.1 Construct validity

The Keiser-Meier Olkin (KMO) Test of Sampling Adequacy (KMO = 0.76) and
Bartlett’s Test of Sphericity (p < .001) indicated that the data were suited for
factor analysis [307]. Three different EFA solutions were subsequently tested to
arrive at a best fitting solution.

4.4.3.1.1 Solution 1

An EFA using principal axis factoring estimation with oblique rotation indicated
that a two-factor solution, accounting for 54.1% of the variance, provided the
best fit of the observed data (see Table 4.8). However, the second factor was
comprised only of the negatively worded items (i.e. 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.

4.4.3.1.2 Solution 2

A subsequent EFA with oblique rotation indicated that a one-factor solution
accounted for 44.5% of the variance (see Table 4.8).

4.4.3.1.3 Solution 3

An EFA with oblique rotation using a combination of self-reported data (i.e.
items 1, 2, 3, 6, and 7) and automatically recorded data (i.e. items 11 and 12)
suggested that a two-factor solution provided an adequate fit, which accounted

130

for 63.5% of the variance. The experiential indicators loaded clearly onto factor
1, and the behavioural indicators loaded clearly onto factor 2 (see Table 4.8).
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Table 4.8. Factor loadings of the ‘DBCI Engagement Scale’ in EFAs.

Solution 1*

Solution 2**

Solution 3***

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

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

Solution 2 was selected for further analyses, as it contained only the selfreported items. A total scale score was calculated for each participant, with
equal weight given to each of the retained self-reported items (i.e. items 1, 2, 3,
6, 7, 9 and 10).

4.4.3.2 Internal consistency reliability

Internal consistency estimates for the 7-item scale yielded a coefficient a of .77,
indicating adequate internal consistency reliability [301].

4.4.3.3 Criterion validity

Total scale scores were significantly correlated with objectively recorded ‘depth
of use’, r(201) = 0.23, p < .01, but not with objectively recorded ‘amount of use’,
r(201) = -0.02, p = .82. Self-reported ‘depth of use’ was significantly correlated
with objectively recorded ‘depth of use’, r(201) = 0.44, p < .001. Self-reported
‘amount of use’ was significantly correlated with objectively recorded ‘amount of
use’, r(201) = 0.15, p < .05.

4.4.3.4 Predictive validity

The overall measure did not predict the number of subsequent logins (B = .02,
95% CI = -.01, .05, p = .14). Asking users about how engaging they thought the
app was or how much they liked the app did not predict the number of
subsequent logins (see Table 4.9). A post-hoc power analysis indicated that a
total of 203 participants provided 44% power (two-tailed α = .05) to detect a
regression coefficient of .02 for the association between total scale scores and

133

the number of subsequent logins [39] (although it must be noted that post-hoc
power analyses should be interpreted with caution [308]).
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Table 4.9. Univariate and multivariate linear regression models predicting the
number of subsequent logins.

B (95% CI)

p-value

Total scale scores

.02 (-.01, .05)

.14

How engaging was the app?

.07 (-.07, .21)

.30

How much did you like the app?

.09 (-.05, .22)

.20

Objective amount of use

.07 (-.09, .22)

.40

Objective depth of use

.03 (-.13, .18)

.75

Objective amount of use

.09 (-.07, .25)

.27

Objective depth of use

-.01 (-.17, .15)

.89

.25 (.03, .46)

.02*

Focus

-.10 (-.30, .11)

.35

Enjoyment

.02 (-.18, .22)

.86

Intrigue

.04 (-.15, .22)

.71

Pleasure

-.02 (-.20, .15)

.79

Predictive Validity

Incremental Validity
Model 1

Model 2

Interest

* p < .05

4.4.3.5 Incremental validity

Results from the regression analyses are reported in Table 4.9. 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
(Model 1). Neither objective ‘amount of use’ nor objective ‘depth of use’ were
significant predictors of the number of subsequent logins. A model including the
automatically recorded indicators in addition to the experiential indicators of
engagement (i.e. items 1, 2, 3, 6 and 7) accounted for 4.9% of variance in the
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number of subsequent logins (Model 2). Interest was the only significant
predictor of the number of subsequent logins.

4.4.3.6 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) = 0.14, p = .04 and r(201) = -0.07,
p = .33, respectively). The two items tapping flow were not significantly
correlated with each other in this sample (r(201) = -0.02, p = .82).

4.4.3.7 Unplanned sensitivity analyses

The unplanned sensitivity analysis indicated that those who completed the
scale had a significantly greater median number of subsequent logins (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).

4.5 Discussion
4.5.1 Summary of key findings

This study described the systematic development of a new self-report 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,
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the first observation is that it was not established that it is feasible to measure
engagement through self-report in a real-world setting. Secondly, results from a
series of EFAs indicate that the 7-item ‘DBCI Engagement Scale’ is unifactorial
and internally reliable. Thirdly, total scale scores were significantly but weakly
correlated with objective ‘depth of use’ but not significantly correlated with
objective ‘amount of use’, thus questioning the scale’s criterion validity.
Fourthly, total scale scores did not predict the number of subsequent logins in
the next 14 days. Finally, total scale scores were significantly correlated with
one of the two items from the Flow State Scale, thus questioning the scale’s
divergent validity.

4.5.2 Limitations

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 is evident that the analytic sample was biased towards 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. The 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 self-selection bias.
However, these inclusion criteria mirror those in randomised 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) [153]. An important avenue for future research
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is therefore to evaluate the scale’s validity in a more controlled setting, with a
view to recruiting participants with a broader range of engagement levels (e.g.
students or participants taking part in research for credit or financial rewards).

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 refine the scale items, ensuring that the retained items are easy to
respond to [309]. 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 an association between initial experiential and behavioural
engagement and future engagement can be interpreted in multiple ways. First,
the study was not powered to detect a weak relationship between initial and
future engagement. Secondly, it is plausible that other factors, such as
motivation to change the target behaviour or perceived personal relevance, are
in fact more strongly predictive of future engagement than initial experiential
and behavioural 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
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context in which the DBCI is used (e.g. social cues) [281,288]. It was therefore
decided that this should be examined further in Chapter 5.

4.5.3 Conclusion

Behavioural and experiential indicators of engagement may resolve to a single
dimension. Low response rates to engagement surveys embedded in DBCIs
may make their use impracticable in real-world 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 behavioural
and experiential engagement.

4.5.4 Citation for the peer-reviewed article for this study

Perski, O., Blandford, A., Garnett, C., Crane, D., West, R., & Michie, S. (under
review). A self-report measure of engagement with digital behaviour change
interventions (DBCIs): Development and psychometric evaluation of the ‘DBCI
Engagement Scale’. Translational Behavioral Medicine.

4.5.5 Next steps

The next step of the thesis was to evaluate the ‘DBCI Engagement Scale’ in a
different population with a potentially broader range of engagement levels whilst
also taking account of users’ motivation to change (reported in Chapter 5).
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5 CHAPTER 5 – On the dimensional structure of
engagement with digital behaviour change
interventions (DBCIs): Psychometric evaluation of
the ‘DBCI Engagement Scale’ in a new population
(Study 4)
5.1 Abstract
Background: The ‘DBCI Engagement Scale’ was designed to capture the
behavioural and experiential dimensions of engagement with DBCIs. Results
from an initial evaluation study suggested that these indicators of engagement
may resolve to a single dimension; however, low response rates to the survey
and range restriction in both scale items and key outcome variables limited
efforts to evaluate the scale’s psychometric properties.

Purpose: The present study aimed to evaluate the ‘DBCI Engagement Scale’ in
a population with a broad range of engagement levels.

Methods: The study sample consisted of UK-based adults who drink
excessively and were willing to download the Drink Less app and complete the
scale immediately after their first login in exchange for a financial reward,
recruited via ‘Prolific’, an online research platform. Five types of validity (i.e.
construct, criterion, predictive, incremental, divergent) were examined using
factor analysis, correlational analyses, and regression analyses. Cronbach’s α
was calculated to assess internal reliability.

Results: Of 266 eligible participants, 147 (55%) completed the scale. Six items
were retained. A two-factor solution, with the experiential indicators loading onto
factor 1 (‘Experiential Engagement’) and the behavioural indicators loading onto
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factor 2 (‘Behavioural Engagement’), provided the best fit. The scale did not
show good internal consistency (α = .67), nor divergent and criterion validity.
Total scale scores predicted the variable ‘subsequent login’ in both unadjusted
and adjusted models controlling for motivation to reduce alcohol consumption
(ORadj = 1.14, 95% CI = 1.03-1.27, p = .01).

Conclusion: Experiential and behavioural indicators of engagement may
constitute two separate dimensions. The overall measure predicted future
behavioural engagement. This remained significant when adjusting for
motivation to reduce alcohol. Due to not achieving the desired sample size,
these findings merit replication in a larger sample.

5.2 Introduction
As outlined in Chapter 4, results from the initial evaluation of the ‘DBCI
Engagement Scale’ suggested that it had provided a suboptimal test of the
scale’s psychometric properties. It is notoriously difficult to study engagement in
real-world settings, as highly engaged individuals are more likely to take part in
such research (e.g. users who login to DBCIs more frequently have a greater
likelihood of responding to follow-up surveys) [99]. It was therefore considered
important to evaluate the scale’s psychometric properties in a different setting,
with a view to recruiting participants with a potentially broader range of
engagement levels. As motivation to reduce alcohol consumption tends to be
positively associated with behavioural engagement [164,310], it was considered
important to adjust for this variable in predictive validity analyses. The aim of the
present study was to evaluate the ‘DBCI Engagement Scale’ in a sample of UK-
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based, adult, excessive drinkers recruited via ‘Prolific’ [311], an online, webbased platform for recruiting and paying participants to complete tasks.

5.3 Methods
5.3.1 Study design

A pre-registered study protocol can be found on the OSF (osf.io/qcmx4). Ethical
approval was granted by UCL’s Computer Science Departmental Research
Ethics Chair (Project ID: UCLIC/1617/004/Staff Blandford HFDH).

5.3.1.1 Inclusion criteria

Participants were eligible to take part if they i) were aged 18+ years; ii) reported
an AUDIT score of ³ 8, indicating excessive alcohol consumption [77]; iii)
resided in the UK; iv) owned an iPhone capable of running iOS 8.0 software
(i.e. an iPhone 4S or later models); and v) were willing to download and explore
an alcohol reduction app (see Appendix 7).

5.3.1.2 Sampling

Participants were recruited via ‘Prolific’ (www.prolific.ac.uk) [311]. As app users
are most likely to disengage with health apps after their first login session
[29,30], novice users were recruited.

5.3.1.3 Sample size

As is commonly specified in the psychometric literature, a 25:1 participant-toitem ratio (i.e. a total of 250 participants) was considered desirable [305].
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5.3.1.4 Measures

During the screening phase, data were collected on: i) age; ii) gender; iii) type
of work (i.e. manual, non-manual, other); iv) patterns of alcohol consumption,
measured by the AUDIT; v) motivation to reduce alcohol consumption,
measured by MTSS [262,265,312]; and vi) willingness to download and explore
an alcohol reduction app (yes vs. no).

After having downloaded and explored the Drink Less app, data were collected
on: i) location during first use of the app (i.e. home, work, vehicle, public
transport, restaurant/pub/café, other’s home, can’t remember, other); ii) the 10item ‘DBCI Engagement Scale’; iii) two items from the ‘Flow State Scale’ that
have previously been found to load most strongly onto the general ‘flow’ factor
(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”); and iv) two items that represent the author’s best
bets for a short measure of engagement (i.e. “How much did you like the app?”;
“How engaging was the app?”).

App screen views were recorded automatically during participants’ first login
session and continuously over the next few days (to be able to derive the
variable ‘subsequent login’, described below). App screen views were stored in
an online database (NodeChef) and extracted using the free python library
pandas (https://pandas.pydata.org/) to derive objective ‘amount of use’, ‘depth
of use’ and the variable ‘subsequent login’. 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 derived by calculating the number of
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app components visited during participants’ first login session, indexed as a
proportion of the number of available components (i.e. Goal Setting; Selfmonitoring/Feedback; Action Planning; Normative Feedback; Cognitive Bias
Re-Training; Identity Change; Other [95]). The variable ‘subsequent login’ was
derived by assessing whether participants had accessed the app again after
their first login session (no vs. yes). A new login session was defined as a new
screen view following at least 30 minutes of inactivity [302].

5.3.1.5 Procedure

Interested participants, identified via Prolific’s online platform, were asked to
complete the screening questionnaire to assess study eligibility (see Appendix
7). The screening questionnaire was hosted by Qualtrics survey software [266].
Participants were paid £0.5 for completing the screening questionnaire.

Eligible participants were sent an e-mail invitation via Prolific to download the
Drink Less app from the Apple App Store and to explore it as they would
explore any new app (see Appendix 8). Participants were told that the
researcher would monitor their usage of the app to assess what content they
were interested in. For technical reasons, participants were told that they had to
select the option ‘interested in drinking less alcohol’ when asked about why they
were using the Drink Less app and to enable push notifications, as they would
otherwise not be sent the link to the study survey. When clicking on their
phone’s home button after having finished exploring the app, participants
received a push notification with a link to the survey. After completing this, they
were asked to enter their Prolific ID number, which enabled the researcher to
provide payment to participants and to match participants’ survey responses to
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their screen view records. All participants who initiated but did not complete the
task (as indicated by their response status on the Prolific platform, which was
either labelled ‘Timed out’ or ‘Returned submission’), were sent one reminder
message by the researcher. Participants were paid £1.25 for completing the
task.

5.3.2 Data analysis

All analyses were conducted using SPSS version 20.0 [304]. The assumptions
for parametric tests were assessed (i.e. normality of the distribution of residuals)
and when violated, normalisation was used (i.e. z-normalisation 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.

5.3.2.1 Construct validity

It was hypothesised that a five-factor solution (i.e. ‘amount of use’, ‘depth of
use’, ‘interest’, ‘attention’, ‘enjoyment’) would provide the best fit of the observed
data. A series of Exploratory Factor Analyses (EFAs) using principal axis
factoring estimation and oblique rotation were conducted. The inspection of
Cattell’s scree plots and the Kaiser criterion (i.e. eigenvalues > 1) were used to
determine the number of factors to retain [305].
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5.3.2.2 Internal consistency reliability

Internal consistency reliability was assessed through calculating Cronbach’s a.
A large coefficient (i.e. a = .70 or above) was interpreted as evidence of strong
item covariance.

5.3.2.3 Criterion validity

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

5.3.2.4 Predictive validity

The analysis of the scale’s predictive validity proceeded in several steps. The
variable ‘subsequent login’ was first regressed onto participants’ total scale
scores in an unadjusted logistic regression analysis. The variable ‘subsequent
login’ was then regressed onto each of the two ‘best bets’ for a short measure
of engagement (i.e. “How engaging was the app?”; “How much did you like the
app?”). The univariate association between motivation to reduce alcohol
consumption and the variable ‘subsequent login’ was subsequently assessed.
As motivation to reduce alcohol consumption was found to be significantly
associated with the variable ‘subsequent login’, a series of multivariate logistic
regression analyses were conducted, repeating the above univariate analyses,
adjusting for motivation to reduce alcohol.
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5.3.2.5 Incremental validity

Incremental validity was assessed by examining the additional variance
accounted for in the variable ‘subsequent login’ after adding the self-reported
experiential indicators to a model including only the automatically recorded
behavioural indicators of engagement.

5.3.2.6 Divergent validity

Divergent validity was assessed through calculating Pearson’s correlation
coefficient for the relationship between each of the two items tapping the state
of ‘flow’ and the overall measure of engagement.

5.4 Results
5.4.1 Participants

During the study period (31 days; 23rd July 2018-22nd August 2018), a total of
401 participants completed the online screening survey, of which 266 were
eligible to download the Drink Less app and respond to the survey. Of these,
147 (55%) completed the task (see Figure 5.1). The desired target of 250
participants was hence not achieved. Four participants who had initiated but not
completed the task responded to the messages indicating that they had
experienced technical issues due to i) already having installed the Drink Less
app prior to the study (n = 1), ii) failing to install the app despite trying multiple
times (n = 1), iii) receiving an error message during the onboarding stage which
hindered the participant from proceeding any further (n = 1), and iv) not
receiving the push notification containing the survey on their iPhone X, as it did
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not have a home button (although the developers confirmed this should not
have prevented the notification to be delivered) (n = 1). Participant demographic
and drinking characteristics are reported in Table 5.1.

Figure 5.1. Participant flow chart.
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Table 5.1. Participant demographic and drinking characteristics.
Demographic characteristics

Completed
scale (N =
147)

Eligible but
did not
complete
scale (N = 119)

pa

Female, % (N)

66% (97)

60% (71)

.29

Type of work, % (N)

.57

Manual, % (N)

13% (19)

13% (16)

Non-Manual, % (N)

61% (89)

66% (78)

Other, % (N)

27% (39)

21% (25)

34.4 (10.4)

36.6 (11.8)

Age in years, mean (SD)

.11

Drinking characteristics
1) I don’t want to cut down on drinking alcohol

10% (14)

22% (26)

2) I think I should cut down on drinking alcohol but I don’t really want to

29% (43)

21% (25)

3) I want to cut down on drinking alcohol but I haven’t thought about when

13% (19)

14% (17)

4) I really want to cut down on drinking alcohol but I don’t know when I will

12% (17)

9% (11)

5) I want to cut down on drinking and hope to soon

16% (23)

14% (17)

6) I really want to cut down on drinking alcohol and intend to in the next 3 months

7% (11)

3% (4)

7) I really want to cut down on drinking alcohol and intend to in the next month

14% (20)

16% (19)

15.4 (5.1)

14.2 (5.7)

AUDIT** score, mean (SD)
a

.08

150

MTSS*

.07

Differences between groups were assessed using chi-square tests or t-tests, as appropriate; * MTSS = Motivation To Stop Scale; ** AUDIT =
Alcohol Use Disorders Identification Test

5.4.2 Descriptive statistics

Descriptive statistics for the scale items are reported in Table 5.2. The
majority of participants completed the scale at home (80.3%) or at
work (12.9%).
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Table 5.2. Descriptive statistics for the scale items (N = 147).
Range

Mean (SD)

Variance

Skewness

Kurtosis

1. “How strongly did you experience interest?”

2-7

5.30 (1.09)

1.18

-0.30

0.06

2. “How strongly did you experience intrigue?”

1-7

5.39 (1.27)

1.61

-0.85

0.50

3. “How strongly did you experience focus?”

2-7

5.31 (1.18)

1.40

-0.56

0.14

4. “How strongly did you experience inattention?” (R)

1-7

5.61 (1.33)

1.76

-1.24

1.47

5. “How strongly did you experience distraction?” (R)

1-7

5.47 (1.45)

2.10

-1.12

0.86

6. “How strongly did you experience enjoyment?”

1-7

4.46 (1.44)

2.07

-0.10

-0.48

7. “How strongly did you experience pleasure?”

1-7

3.56 (1.64)

2.67

0.36

-0.70

8. “How strongly did you experience annoyance?” (R)

1-7

5.59 (1.39)

1.93

-1.09

1.08

9. “Which of the app’s components did you visit?”

14.29-100.00

58.70 (22.00)

484.01

-0.12

-0.67

10. “How much time do you roughly think that you spent on the app?” (seconds)

120-1200

520.82 (237.21)

56,267.82

0.93

0.96

11. Objective depth of use

28.57-100.00

66.66 (20.50)

420.28

-0.23

-0.85

12. Objective amount of use (seconds)

95-3571

409.45 (360.71)

130,116.72

5.13

40.34

13 “When using Drink Less, the way time passed seemed different from normal.”

1-5

2.76 (0.79)

0.62

0.11

0.10

14. “When using Drink Less, I was not worried about what others may have been thinking about me.”

1-5

3.34 (1.16)

1.35

-0.24

-1.11

15. “How much did you like the app?”

1-7

5.14 (1.29)

1.66

-0.80

0.82

16. “How engaging was the app?”

1-7

5.20 (1.17)

1.37

-0.65

0.66

Scale Items

Items used to test Divergent Validity

Items used to test Predictive/Incremental Validity

% (N)
17. Subsequent login (yes vs. no)

46% (67)

Note. The symbol (R) indicates that values have been reverse scored prior to the calculation of descriptive statistics.
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Items used to test Criterion Validity

To account for observed skewness, z-score transformation was
subsequently applied to the 10 scale items and the two items used to
test the scale’s criterion validity. Inter-item correlations of the
normalised scale items are reported in Table 5.3.
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3. Focus

4. Inattention (R)

5. Distraction (R)

6. Enjoyment

7. Pleasure

1
.46***
.10
.12
.31***
.09
.15
.00
.10

1
.31***
.28***
.44***
.15
.37***
.06
-.03

1
.43***
-.05
-.19*
.27***
.13
.08

1
-.15
-.24***
.34***
-.03
.11

1
.54***
.29***
.19*
.15

1
.12
1
.19*
.13
.33*** .09
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2. Intrigue

1
.44***
.65***
.18*
.18*
.48***
.19*
.28***
.18*
.10

10. How much time
spent

1. Interest
1. Interest
2. Intrigue
3. Focus
4. Inattention (R)
5. Distraction (R)
6. Enjoyment
7. Pleasure
8. Annoyance (R)
9. Which of app’s components
10. How much time spent

8. Annoyance (R)

Scale Items

9. Which of app’ s
components

Table 5.3. Inter-item correlation matrix (N = 147).

1
.29*** 1

Note. The symbol (R) indicates that values have been reverse scored prior to analysis; * p < .05; ** p < .01; *** p < .001.

5.4.3 Scale validity

5.4.3.1 Construct validity

The Keiser-Meier Olkin (KMO) Test of Sampling Adequacy (KMO = 0.70) and
Bartlett’s Test of Sphericity (p < .001) indicated that data were suited for factor
analysis. Three different EFA solutions were subsequently tested to arrive at a
best fitting solution.

5.4.3.1.1 Solution 1

An EFA with oblique rotation was conducted, and the eigenvalues indicated that
a three-factor solution, accounting for 61.2% of the variance, was most
appropriate (see Table 5.4). The loadings indicated that the second factor
comprised two of the negatively worded items (4 and 5). The third factor
comprised the two behavioural indicators of engagement (i.e. items 9 and 10)
and one of the experiential indicators (i.e. item 7), which made little theoretical
sense. The loading of item 8 (also a negatively worded item) onto factor 1 was
modest. Therefore, the negatively worded items (i.e. items 4, 5 and 8) and item
7 were discarded.

5.4.3.1.2 Solution 2

A subsequent EFA with oblique rotation indicated that a two-factor solution
accounted for 62.4% of the variance (see Table 5.4). The experiential indicators
loaded clearly onto factor 1, and the behavioural indicators loaded clearly onto
factor 2, with no cross-loadings (i.e. items that load at 0.32 or higher on two or
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more factors) [305]. The two latent factors were labelled ‘Experiential
Engagement’ and ‘Behavioural Engagement’, respectively.

5.4.3.1.3 Solution 3

An EFA with oblique rotation using a combination of self-reported data (i.e.
items 1, 2, 3 and 6) and automatically recorded data (i.e. items 11 and 12)
suggested a two-factor solution, which accounted for 65.7% of the variance.
The experiential indicators loaded clearly onto factor 1, and the behavioural
indicators loaded clearly onto factor 2 (see Table 5.4).
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Table 5.4. Factor loadings of the ‘DBCI Engagement Scale’ in EFAs.

Solution 1*

Solution 2**

Factor 1 Factor 2 Factor 3

Solution 3***

Factor 1 Factor 2 Factor 1 Factor 2

1. Interest
2. Intrigue
3. Focus
4. Inattention (R)
5. Distraction (R)
6. Enjoyment
7. Pleasure
8. Annoyance (R)
9. Which of app’s components
10. How much time spent

0.75
0.51
0.87
0.25
0.21
0.66
0.31
0.41
0.16
0.10

0.14
0.09
0.28
0.61
0.68
-0.35
-0.48
0.23
0.01
0.03

0.25
0.11
0.09
0.14
0.06
0.43
0.56
0.25
0.43
0.64

0.80
0.55
0.83
N/A
N/A
0.57
N/A
N/A
0.15
0.09

0.26
0.09
0.02
N/A
N/A
0.31
N/A
N/A
0.55
0.53

0.82
0.55
0.80
N/A
N/A
0.57
N/A
N/A
N/A
N/A

0.28
0.18
0.27
N/A
N/A
0.23
N/A
N/A
N/A
N/A

11. Objective depth of use
12. Objective amount of use

N/A
N/A

N/A
N/A

N/A
N/A

N/A
N/A

N/A
N/A

0.37
0.18

0.77
0.68

Note. The symbol (R) indicates that values have been reverse scored prior to analysis. *EFA with oblique rotation, including items 1-10;
** EFA with oblique rotation, including items 1, 2, 3, 6, 9 and 10; *** EFA with oblique rotation, including items 1, 2, 3, 6, 11 and 12.
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Scale Items

Solution 2 was selected for further analyses, as it contained only the selfreported items. Prior to this, a total scale score was calculated for each
participant, with equal weight given to each of the retained self-reported items
(i.e. items 1, 2, 3, 6, 9 and 10).

5.4.3.2 Internal consistency reliability

The internal consistency of the overall measure was a = .67, indicating
questionable internal reliability [298]. The ‘Experiential Engagement’ subscale
had an internal consistency of a = .78, while the ‘Behavioural Engagement’
subscale had an internal consistency of a = .45. Both subscales were
significantly correlated with the measure overall (r(145) = .90, p < .001; r(145) =
.56, p < .001, respectively). However, the subscales were not significantly
correlated with each other (r(145) = .15, p = .07).

5.4.3.3 Criterion validity

Total scale scores were significantly correlated with objectively recorded ‘depth
of use’, r(145) = 0.32, p < .001, and with objectively recorded ‘amount of use’,
r(145) = 0.33, p < .001. Self-reported ‘depth of use’ was significantly correlated
with objectively recorded ‘depth of use’, r(145) = 0.51, p < .001. Self-reported
‘amount of use’ was not significantly correlated with objectively recorded
‘amount of use’, r(145) = 0.10, p = .23.
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5.4.3.4 Predictive validity

Results from the regression analyses are reported in Table 5.5. In an
unadjusted model, total scale scores significantly predicted the variable
‘subsequent login’ (OR = 1.15, 95% CI = 1.05-1.27, p = .01).

Asking users about how engaging they thought the app was did not significantly
predict the variable ‘subsequent login’ (OR = 1.28, 95% CI = 0.96-1.71, p = .10).
Asking users about how much they liked the app was a significant predictor of
whether or not they opened the app again (OR = 1.39, 95% CI = 1.05-1.83, p =
.02).

Motivation to reduce alcohol consumption was not a significant predictor of total
scale scores (B = 0.26, 95% CI = -0.05-0.57, p = .09), but being highly
motivated to reduce alcohol (as compared with the other levels of motivation)
was a significant predictor of the variable ‘subsequent login’ (OR = 5.40, 95% CI
= 1.22-23.96, p = .03). In a model adjusting for motivation to reduce alcohol, the
association between total scale scores and the variable ‘subsequent login’
remained significant (OR = 1.14, 95% CI = 1.03-1.27, p = .01). Being highly
motivated to reduce alcohol was no longer a significant predictor of whether or
not participants opened the app again (OR = 4.43, 95% CI = 0.97-20.29, p =
.06).

When adjusting for motivation to reduce alcohol, the association between how
engaging participants thought the app was and the variable ‘subsequent login’
remained non-significant (OR = 1.34, 95% CI = 0.98-1.84, p = .07). When
adjusting for motivation to reduce alcohol, the association between how much
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participants liked the app and the variable ‘subsequent logins’ remained
significant (OR = 1.38, 95% CI = 1.03-1.84, p = .03).
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Table 5.5. Adjusted and unadjusted logistic regression models predicting the variable 'subsequent login'.
OR (95% CI)

ORadj (95% CI)

Total scale scores

1.15 (1.05-1.27)*

1.14 (1.03-1.27)*

How engaging was the app?

1.28 (0.96-1.71)

1.34 (0.98-1.84)

How much did you like the app?

1.39 (1.05-1.83)*

1.38 (1.03-1.84)*

I don’t want to cut down on drinking alcohol (reference)

1

-

I think I should cut down on drinking alcohol but I don’t really want to

1.30 (0.37-4.52)

-

I want to cut down on drinking alcohol but I haven’t thought about when

2.48 (0.60-10.27)

-

I really want to cut down on drinking alcohol but I don’t know when I will

1.26 (0.29-5.42)

-

I want to cut down on drinking and hope to soon

0.96 (0.24-3.85)

-

I really want to cut down on drinking alcohol and intend to in the next 3 months

0.68 (0.12-3.78)

-

I really want to cut down on drinking alcohol and intend to in the next month

5.40 (1.22-23.96)*

-

Objective amount of use

3.48 (1.59-7.61)**

-

Objective depth of use

0.91 (0.58-1.42)

-

Objective amount of use

2.88 (1.26-6.58)*

-

Objective depth of use

0.95 (0.60-1.50)

-

Interest

1.72 (1.03-2.85)*

-

Focus

0.82 (0.50-1.35)

-

Enjoyment

0.93 (0.61-1.40)

-

Intrigue

1.17 (0.78-1.76)

-

Predictive Validity
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MTSS

Incremental Validity
Model 1

Model 2

Note. ORadj = ORs adjusted for the Motivation To Stop Scale; * p < .05; ** p < .01.

5.4.3.5 Incremental validity

Results from the regression analyses are reported in Table 5.5. A model
including the automatically recorded indicators of engagement (i.e. items 11
and 12) accounted for 16% of variance in the variable ‘subsequent login’ (Model
1). A model including the automatically recorded indicators of engagement in
addition to the experiential indicators (i.e. items 1, 2, 3 and 6) accounted for
21% of variance in the variable ‘subsequent login’ (Model 2). Of the experiential
indicators, interest was the only independent, significant predictor of the
variable ‘subsequent login’ (OR = 1.72, 95% CI = 1.03-2.85, p = .04).

5.4.3.6 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(145) = 0.25, p < .01; r(145) = -0.01, p =
.95, respectively). The two items tapping flow were not significantly correlated
with one another in this sample (r(145) = -0.06, p = .47).

5.5 Discussion
5.5.1 Summary of key findings

This study evaluated the psychometric properties of the ‘DBCI Engagement
Scale’ in a sample of adult, UK-based, excessive drinkers who were willing to
download and explore the Drink Less app in exchange for a financial reward. To
ensure that participants with a broad range of engagement levels were
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recruited, participants in the present study were recruited via Prolific, an online,
web-based platform designed specifically for recruiting and paying participants
to complete research tasks.

First, although 266 participants were eligible to participate, only 147 (55%)
participants completed the task. Secondly, results from a series of EFAs
indicated that a two-factor solution provided the most appropriate fit, with the
first factor labelled ‘Experiential Engagement’ and the second factor labelled
‘Behavioural Engagement’. Thirdly, the retained 6-item scale did not
demonstrate adequate internal consistency reliability, or divergent validity.
Although the overall measure demonstrated adequate criterion validity, selfreported ‘amount of use’ was not significantly correlated with objective ‘amount
of use’. Fourthly, the overall measure of engagement was weakly associated
with whether or not participants opened the app again. This association
remained significant in a model adjusting for motivation to reduce alcohol.
Motivation to reduce alcohol was strongly associated with engagement, but was
not predictive of participants’ total engagement scores. Finally, asking
participants about how much they liked the app (but not how engaging they
thought the app was) was weakly associated with the variable ‘subsequent
login’.

In contrast to the first attempt at evaluating the ‘DBCI Engagement Scale’
(reported in Chapter 4), results from the present study indicated that a twofactor solution provided the best fit of the data. The ‘Experiential Engagement’
and ‘Behavioural Engagement’ subscales were not significantly correlated with
each other. Hence, the results from the present study lend support to the
argument put forward in Chapters 2 and 4, namely that users can spend time
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on a DBCI without necessarily being interested in or paying attention to its
content (and vice versa). Moreover, the finding that motivation to reduce alcohol
was not predictive of initial experiential and behavioural engagement suggests
that the state of engagement with a DBCI may be distinct from motivation to
change the target behaviour.

With regards to the scale’s criterion validity, the lack of a significant correlation
between self-reported and objectively recorded ‘amount of use’ in this sample
can potentially be explained in light of findings from the analysis of the scale’s
divergent validity. In line with the first evaluation study, the present study did not
provide evidence that the ‘DBCI Engagement Scale’ diverges from the ‘Flow
State Scale’. It appears that there may be conceptual overlap between the state
of engagement with DBCIs and the subdimension of flow that is labelled ‘losing
track of time’. As the proposed definition of engagement was in part developed
based on the concept of flow, these findings are not unexpected. However, this
serves as a plausible explanation for why participants’ estimates of their amount
of use were not significantly correlated with their objective amount of use; they
may have lost track of time when engaging with the Drink Less app. In the
incremental validity analyses, objective amount of use was found to be strongly
related to the variable ‘subsequent login’. Hence, further work is required to
explore whether it is more useful to consider objective or subjective amount of
time spent on a DBCI going forward. Moreover, it may be more fruitful to test
the scale’s divergent validity using a more conceptually distinct measure in the
future.

In contrast to the first evaluation study, participants’ overall scores on the ‘DBCI
Engagement Scale’ were weakly associated with future behavioural
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engagement in both unadjusted and adjusted analyses. However, it is difficult to
theorise about what a clinically meaningful effect would look like in this context,
as further research linking initial and future engagement to intervention
effectiveness is also required. The finding that a 1-point increase on the
standardised ‘DBCI Engagement Scale’ is associated with 1.15 times greater
odds of opening the app again might be found to be a meaningful effect.

One possible explanation for the finding that initial engagement predicted future
engagement when adjusting for baseline motivation to change, is that more
intensive engagement with the Drink Less app led to an increase in participants’
motivation to reduce their drinking. This might in turn have made them more
prone to return to the app. Alternatively, more intensive engagement during the
first login session might have made users’ memory of the app more salient,
which made them more likely to remember to return to the app. As the short
measure of how much users liked the app was also found to be predictive of
subsequent engagement, it is possible that not only salience of the app, but a
salient memory that one liked the app, is important for future engagement. It is
unclear why the first, but not the second short measure of engagement was
found to have predictive power. This could potentially be explained by the word
‘liking’ being easier to interpret than the word ‘engaging’. The potential
mechanisms underlying the relationship between initial experiential and
behavioural engagement, and future behavioural engagement, should be
explored further using experience sampling techniques, which involves
repeated measurements of participants’ psychological states and behaviours in
real-time [226], in the first few hours following initial app engagement.
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5.5.2 Limitations

This study has a few important limitations. Although a sample with a broader
level of engagement levels was recruited into the present study (as compared
with the study reported in Chapter 4), the desired sample size of 250
participants was not reached. Although it has been specified in the literature
that the participant-to-item ratio is key in determining the minimum necessary
sample size for conducting factor analyses, findings from simulation studies
indicate that other factors, including the number of items per factor and the level
of communality between items also influence sample size requirements [313].
Given the small number of items per factor and the wide-ranging level of item
communality in the present study, the two-factor solution should be interpreted
with caution and needs to be replicated in a larger sample in future research.

Longitudinal studies conducted via Prolific involve an initial screening study,
with eligible users subsequently being invited to complete the actual study.
Such studies tend to observe attrition rates of approximately 20-25%, and not
45% [314]. It is therefore likely that there were systematic differences between
the eligible participants who completed the task and those who did not.
Potential explanations are that participants experienced technical issues when
trying to complete the task (as evidenced by some participants’ responses to
the reminder messages) or that the small financial reward was not seen as
worth the effort. Indeed, a study assessing the demographic and psychological
characteristics of participants who regularly complete research tasks via
Amazon’s Mechanical Turk online platform (which is similar to Prolific) found
that 61% of surveyed participants (N = 1,000) reported that earning money was
a key motivator of participation [315].
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5.5.3 Conclusion

Behavioural and experiential indicators may constitute different dimensions of
engagement. Initial engagement, both behavioural and experiential, predicted
future behavioural engagement, and this held true when adjusting for baseline
motivation to change. Due to not achieving the desired sample size, these
findings require replication in a larger sample before drawing firm conclusions
regarding the scale’s factor structure and its relationship with key outcome
variables.

5.5.4 Next steps

The remaining empirical studies in this thesis focused on the identification of
factors that influence engagement with alcohol reduction apps. The next study
investigated the design features considered to be most important for
engagement with apps for alcohol reduction through the use of a novel ranking
task paradigm (Study 5, reported in Chapter 6). In line with a user-centred
design approach, Study 5 aimed to elicit potential app users’ needs and
preferences, with a view to using this information to inform the design of new,
and the modification of existing, apps for alcohol reduction.
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6 CHAPTER 6 – Engagement features judged by
excessive drinkers as most important to include in
smartphone applications for alcohol reduction: A
mixed-methods study (Study 5)
6.1 Abstract
Objective: Engagement with apps for alcohol reduction is necessary for their
effectiveness. This study explored 1) the design features that are ranked as
most important for engagement by excessive drinkers and 2) why particular
design features are judged to be more important for engagement than others.

Methods: Two studies were conducted in parallel. The first was a focus group
study with adult excessive drinkers, interested in reducing alcohol consumption
using an app (Ngroups = 3). Participants individually ranked their top 10 features
from a pre-specified list and subsequently discussed their rankings. The second
was an online study with a new sample (N = 132). Rankings were analysed
using the intraclass correlation coefficient (ICC) to assess level of agreement
between raters for each study. Qualitative data were analysed using inductive
thematic analysis.

Results: There was low agreement between participants in their rankings, both
in the focus groups (ICC = 0.15, 95% CI = 0.03-0.38) and the online sample
(ICC = 0.11, 95% CI = 0.06-0.23). ‘Personalisation’, ‘control features’ and
‘interactive features’ were most highly ranked in the focus groups. These were
expected to elicit a sense of benefit and usefulness, adaptability, provide
motivational support or spark users’ interest. Results from the online study
partly corroborated these findings.
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Conclusion: There was little agreement between participants, but on average,
the features judged to be most important for inclusion in smartphone apps for
alcohol reduction were personalisation, interactive features and control
features.

6.2 Introduction
Although existing alcohol reduction apps have involved users in the design
process [97,316,317], thus increasing their engagement potential, the benefits
of such user-centred design activities may be limited by involving only a small
number of potential users in the process. Although this allows researchers and
designers to gain an in-depth understanding of users’ needs, insights from a
small number of highly motivated participants who are willing to take part in
design sessions may not generalise to other target users. For example,
although community drug and alcohol service users were involved in the design
of DIAMOND, a web-based alcohol intervention, few new patients recruited
from the same service were willing to be randomised in a feasibility trial, mainly
due to expressing a strong preference for face-to-face treatment [318].

The present study used a mixed-methods approach, combining focus group
methodology with an online study, to identify engagement features judged by
excessive drinkers as most important to include in smartphone apps for alcohol
reduction. In-depth focus group discussions were conducted in a small sample,
in parallel with an online study with a larger sample of excessive drinkers, to
address the following research questions:

1. What engagement features are ranked most highly by potential users of
alcohol reduction apps?
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2. What reasons do potential users give for judging particular features to be
more important for engagement than others?

6.3 Methods
6.3.1 Study design

Two parallel studies were conducted. The first was a focus group study and the
second was an online study. As both methods have a number of well-known
strengths and weaknesses, data sources were triangulated to address the
same research questions.

Focus groups are useful for gaining an in-depth understanding of participants’
experiences, beliefs and motivations, and are particularly suitable when the
interaction between participants is expected to yield additional insight into the
topic of interest [319]. Hearing about others’ experiences and views may
stimulate discussion and allow participants to elaborate on ideas mentioned by
other group members [320]. However, a key weakness is that focus groups may
inhibit the expression of controversial opinions due to social conformity, thus
restricting the understanding of the diversity of users’ needs and preferences
[320].

Research conducted online benefits from being able to reach larger,
geographically diverse samples. Hence, results from online surveys are more
likely to generalise to other members of the target population than findings from
focus groups. Despite these strengths, online surveys that require cognitive
effort may suffer from ‘satisficing’, meaning that respondents simply provide a
satisfactory answer or randomly choose among response options [321,322].
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6.3.1.1 Participants

6.3.1.1.1 Focus groups

Drinkers were eligible to participate in one of the focus groups if they i) were
aged ≥ 18 years, ii) lived in in or near London (UK), iii) reported an AUDIT score
of ≥ 8, indicating excessive alcohol consumption [77], iv) owned an Android or
iOS smartphone with internet access and v) were interested in using a
smartphone app to reduce their drinking and vi) had previously used a health or
fitness app. It was expected that participants with prior experience of using a
health or fitness app would be able to more vividly imagine whether or not a
particular feature would be important for engagement and hence generate more
valid data.

Participants were recruited online through Gumtree (www.gumtree.com ) and
Call for Participants (www.callforparticipants.com) in addition to posters placed
on central London university campuses. The recruitment materials stated that
drinkers were invited to the laboratory to contribute to a focus group discussion
with other participants about how to design engaging smartphone apps for
alcohol reduction (see Appendix 9).

Of 48 participants who completed the screening questionnaire, 29 were eligible
to take part. Thirteen participants did not respond to any further study
communications. Six participants cancelled prior to taking part. One participant
failed to arrive on time. In total, nine participants took part in one of three focus
groups, with three participants in each group (see Figure 6.1). The average age
of participants was 30.0 years (SD = 10.1), 77.8% were female and 66.7% had
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a non-manual occupation. Participants had an average AUDIT score of 13.6
(SD = 3.1), indicating excessive alcohol consumption (see Table 6.1).

6.3.1.1.2 Online sample

A new sample of drinkers was recruited into the online study. Participants were
eligible if they met the inclusion criteria outlined above with the exception of ii)
and vi). Instead, participants had to reside in the UK and did not need prior
experience of using a health or fitness app. As the purpose was to explore
generalisability, the online sampling was less restrictive. Eligible participants
who did not pass a multiple-choice attention check at the end of the ranking
task (i.e. “What is a professional support feature?”) were excluded from the
analysis.

Participants were recruited online through Prolific (www.prolific.ac). The
recruitment materials invited drinkers to familiarise themselves with sixteen
different engagement features and rank their top 10 choices based on their
likelihood of promoting engagement with apps for alcohol reduction.

Of 400 participants who completed the screening questionnaire, 181 were
invited to complete the ranking task. Of these, 148 participants completed the
ranking task, with 132 participants included in the analytical sample (see Figure
6.1). Just under half of the included participants were female (49.2%), 34.1%
were aged 35-44 years, 13.6% had a manual occupation and 70.5% had a nonmanual occupation. Participants had an average AUDIT score of 16.1 (SD =
6.7), indicating excessive alcohol consumption (see Table 6.1).
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Figure 6.1. Participant flow charts for a) the focus group study, and b) the online sample.

Table 6.1. Participants' demographic and drinking characteristics.

Demographic and drinking characteristics

Gender
Women
Men
Age (years)
18-24
25-34
35-44
45-54
55-64
65+
Type of work
Manual
Non-manual
Other
AUDIT, mean (SD)
MTSS*
1. I don’t want to cut down on drinking alcohol
2. I think I should cut down on drinking alcohol
but I don’t really want to
3. I want to cut down but haven’t thought about
when
4. I really want to cut down but I don’t know
when I will
5. I want to cut down and hope to soon
6. I really want to cut down and intend to in the
next 3 months
7. I really want to cut down and intend to in the
next month

Note. * MTSS = Motivation to Stop Scale.
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Focus
groups,
n (%)

Online
sample, n
(%)

7 (77.8%)
2 (22.2%)

65 (49.2%)
67 (50.8%)

4 (44.4%)
3 (33.3%)
0 (0%)
2 (22.2%)
0 (0%)
0 (0%)

14 (10.6%)
32 (24.2%)
45 (34.1%)
28 (21.2%)
9 (6.8%)
4 (3.0%)

0 (0%)
6 (66.7%)
3 (33.3%)
13.6 (3.1)

18 (13.6%)
93 (70.5%)
21 (15.9%)
16.1 (6.7)

1 (11.1%)
1 (11.1%)

8 (6.1%)
42 (31.8%)

4 (44.4%)

16 (12.1%)

0 (0%)

10 (7.6%)

1 (11.1%)
0 (0%)

18 (13.6%)
10 (7.6%)

2 (22.2%)

28 (21.2%)

6.3.1.2 Measures

Data were collected on: 1) age; 2) gender; 3) type of work (i.e. manual, nonmanual, other); 4) alcohol consumption, measured using the AUDIT; 5) interest
in using a smartphone app to help cut down on alcohol (yes vs. no); and 6)
motivation to cut down on drinking alcohol, measured using the MTSS.

6.3.1.3 Materials

Sixteen different engagement features, derived from the systematic review
reported in Chapter 1 [281], were used as stimuli (see Table 6.2). Feature
descriptions were piloted and refined based on feedback from four independent
researchers and five non-expert app users, recruited from the author’s
networks. Engagement features that have previously been found to be difficult
for participants to describe verbally (e.g. aesthetics, ease of use, message tone)
were not included. An experimental study design was expected to generate
more valid data about how such abstract features influence engagement [287].

176

Engagement features

Descriptions and examples

Challenge features

Features that allow you to compete against yourself or against other users, such as your friends.
The app might, for example, encourage you to drink one unit less than your friends.

Control features

Features that allow you to make choices about how to use the app. The app might, for example,
allow you to choose between a few different target goals instead of having one fixed option.

Action plans to use the
app

A feature that encourages you to make a plan to use the app. An example might be to make a plan
to open the app as soon as you have finished your breakfast every morning.

Setting a goal to use the
app

A feature that encourages you to set a goal to use the app. For example, you might be able to set a
goal to use the app once a day for two weeks.

Monitoring use of the
app

A feature that allows you to record your use of the app. For example, the app might allow you to
manually enter how much time you have spent on it, or it might record it automatically for you.

Feedback on use of the
app

A feature that allows you to view your use of the app. For example, the app might show you how
many times you have opened it on each day of the week.

Credibility features

Features that make you feel that you can trust the app. For example, the app might have a clear
privacy policy, be endorsed by a trusted organisation, or be free from adverts.

Guidance features

Features that explain how to use the app. This might, for example, include video tutorials about how
the app’s different features work.

177

Table 6.2. Engagement features used in the ranking task.

Engagement features

Descriptions and examples

Interactive features

Features that allow and respond to input from the user. This might, for example, include a game or a
knowledge quiz. The direct opposite would be a static app that does not allow you to enter any information or
click into any of its features, much like this piece of text!

Novelty features

Features that ensure that you see or learn something new every time you open the app. This might, for
example, include daily content updates (e.g. a daily fact about alcohol or a daily motivational quote).

Narrative features

The presence of a storyline. For example, the app might be set up as a game or film with a plot, where you are
the main character. This might include the presence of an avatar (i.e. a virtual figure that represents you).

Personalisation

Tailoring of content according to information about you (driven by the app) or customisation of the app so that it
looks or acts the way you prefer (driven by you). For example, the app might tailor its content based on
information you give to it (e.g. about your age, gender, level of alcohol consumption) or you might be able to
change the colour and font.

Professional support
features

Features that enable you to have remote contact with a healthcare professional (e.g. the opportunity to chat to
a nurse or a psychologist via the app).

Social support
features

Features that allow you to connect with other app users. This might, for example, include an online discussion
forum or a peer-to-peer instant messenger (e.g. a ‘buddy system’).

Reminders to use the
app

Regular push notifications or text messages that remind you to use the app.

Rewards for using the
app

Being rewarded for using the app. You might, for example, receive a congratulatory message or a virtual
badge/coin after having opened the app for seven days in a row.
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Table 6.2. Continued.

6.3.1.4 Procedure

Interested participants read the information sheet describing the study. They
subsequently provided informed consent via an online screening questionnaire,
which also assessed study eligibility and collected descriptive data. The
screening questionnaire was hosted by Qualtrics survey software [266].

6.3.1.4.1 Focus groups

The focus groups were conducted at UCL. Sessions lasted approximately 2
hours. Participants received a £20 gift voucher as compensation for their time.
Sessions were facilitated by the author with support from a second researcher.

6.3.1.4.1.1 Individual activity

An individual activity was first conducted to allow participants to familiarise
themselves with the engagement features and to elicit their attitudes to the
features. The term ‘engagement’ was defined as a behaviour (e.g. how often
you use the app, how much time you spend on it) and as an experience (e.g.
how interested you are in the app, how much attention you pay to it, how much
you enjoy using it) [281].

Participants were each given a folder with post-its. Each of the 16 engagement
features was described on a separate post-it, accompanied by an illustrative
example. Participants were also encouraged to think of their own examples.
They were asked to rank their top 10 choices without consulting the other
participants, and were subsequently asked to place the post-its with their
selected features on a whiteboard, thus sharing their rankings with the group.
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6.3.1.4.1.2 Group discussion

Participants subsequently convened to discuss their rankings. A semi-structured
topic guide was used to steer the discussion (see Appendix 10). To gain a
better understanding of why particular features were perceived as more
important for engagement than others, participants were prompted to discuss
the reasons for their rankings (e.g. “Can you tell me a bit more about why you
ranked [insert feature here] highly?”).

6.3.1.4.2 Online sample

Eligible participants were invited to complete the online ranking task in their own
time on a personal computer, tablet or smartphone. The ranking task lasted for
approximately 10 minutes and was hosted by Qualtrics survey software.
Participants were paid £0.85 as compensation for their time. Participants were
asked to complete the same ranking task as the focus group participants. At the
end of the ranking task, participants were asked to respond to a multiple-choice
attention check (described above). To gain a better understanding of why
particular features were ranked more highly than others, participants were
asked to respond to a free-text question about why they believed that their top
choice would be important for engagement.

6.3.2 Data analysis

6.3.2.1 Focus groups

Participants assigned a unique score from 1-10 to their top ten engagement
features, with 1 representing their top choice. The remaining 6 features were
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assigned a rank of 11, as the distance between these features was not
expected to be meaningful. To assess the level of agreement between
participants, the intraclass correlation coefficient (ICC) was estimated by means
of a single measurement, absolute agreement, two-way, mixed effects model.
To assess whether some of the engagement features were, on average, ranked
more highly than others, rankings were reverse scored (to aid interpretation)
and descriptive statistics were calculated.

Sessions were audio-recorded, transcribed verbatim and analysed using
inductive thematic analysis. To inform the analysis, an interpretivist theoretical
framework was used, based on the premise that the ‘lived experience’ of the
individual can be captured through discussion between the researcher and
participant [250]. The thematic analysis was conducted in six phases: i) gaining
familiarity with the data, ii) generating initial codes, iii) searching for themes, iv)
reviewing themes, v) defining and naming themes, and vi) producing the report
[267]. Data were independently coded by the author and a second, independent
researcher. New inductive codes were labelled as they were identified during
the coding process. Data were sometimes assigned to multiple codes. All codes
that included data relating to the research questions were recorded. The author
reviewed the codes one by one, ordering the findings systematically under
headings. The ordered data were reviewed and revised in discussion with the
second researcher and were subsequently organised into themes.
Disagreements were resolved through discussion. Agreement on the final
themes was reached through discussion between all members of the
supervisory team.
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6.3.2.2 Online sample

Participants who provided incorrect responses to the ‘attention check’ were
excluded from the analysis, as incorrect responses were interpreted to suggest
that participants had not paid sufficient attention to the task to provide valid data
[322]. A single measurement, absolute agreement, two-way, mixed effects
model was fitted to estimate the ICC. Rankings were reverse scored and
descriptive statistics were calculated.

Responses to the free-text question about why participants believed that their
top choice would be important for engagement were analysed using inductive
thematic analysis (described in Section 6.3.2.1).

6.3.3 Ethical approval

Ethical approval was granted by UCL’s Departmental Research Ethics
Committee (UCLIC/ 1213/015). Personal identifiers were removed and data
were stored securely.

6.4 Results
6.4.1 Engagement features ranked most highly by potential users of
alcohol reduction apps

6.4.1.1 Focus groups

There was positive but low agreement between participants (ICC = 0.15, 95%
CI = 0.03-0.38; see Figure 5.2). On average, participants ranked
personalisation (M = 8.67, SD = 2.12), control features (M = 7.22, SD = 3.73)
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and interactive features (M = 7.00, SD = 2.92) most highly. Action plans (M =
2.56, SD = 3.24) and challenge features (M = 2.67, SD = 2.40) were judged to
be least important for engagement (see Table 6.3 and Figure 6.2).

6.4.1.2 Online sample

There was positive but low agreement between participants (ICC = 0.11, 95%
CI = 0.06-0.23; see Figure 5.2). On average, participants ranked
personalisation (M = 6.74, SD = 3.18), setting a goal to use the app (M = 5.97,
SD = 3.66) and challenge features (M = 5.56, SD = 3.93) most highly. Narrative
features (M = 2.26, SD = 2.53) and feedback on use of the app (M = 2.68, SD =
2.33) were judged to be least important for engagement (see Table 6.3 and
Figure 6.2).
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Table 6.3. Mean rankings of the 16 engagement features in a) the focus groups (N = 9) and b) the online sample (N = 132).

b) Online sample

Engagement features

Mean (SD)

Engagement features

Mean (SD)

1. Personalisation
2. Control features
3. Interactive features
4. Setting a goal to use the app
5. Guidance features
6. Social support features
7. Novelty features
8. Monitoring of use
9. Credibility features
10. Narrative features
11. Feedback on use
12. Professional support features
13. Rewards for using the app
14. Reminders
15. Challenge features
16. Action plans

8.67 (2.12)
7.22 (3.73)
7.00 (2.92)
4.89 (3.14)
4.78 (4.63)
4.56 (4.13)
4.33 (3.35)
4.00 (3.28)
3.89 (4.40)
3.56 (3.54)
3.33 (1.50)
3.22 (1.99)
3.22 (3.35)
3.11 (2.32)
2.67 (2.40)

1. Personalisation
2. Setting a goal to use the app
3. Challenge features
4. Interactive features
5. Control features
6. Credibility features
7. Rewards for using the app
8. Professional support features
9. Reminders
10. Social support features
11. Action plans
12. Guidance features
13. Novelty features
14. Monitoring of use
15. Feedback on use
16. Narrative features

6.74 (3.18)
5.97 (3.66)
5.56 (3.93)
5.43 (3.39)
5.41 (3.40)
4.86 (3.99)
4.70 (3.49)
4.36 (3.55)
4.27 (3.20)
3.82 (3.31)
3.98 (3.19)
3.74 (3.31)
3.66 (3.16)
3.56 (3.02)
2.68 (2.33)

2.56 (3.24)

2.26 (2.53)
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a) Focus groups

Challenge features

1 1 1 1 1

2

4

Credibility features

1 1 1 1 1

1

8 10 11

Setting a goal

1 1 2 3 6

7

7

8

Action plans

1 1 1 1 1

1

1

6 10

Reminders

1 1 1 1 2

5

5

6

6

Monitoring of use

1 1 1 1 4

4

7

8

9

Feedback on use

1 2 2 3 3

4

5

5

5

Guidance features

1 1 1 1 1

7

9 11 11

Interactive features

2 4 5 6 8

9

9

Control features

1 1 7 8 8

9 10 10 11

Personalisation

4 7 8 9 9 10 10 10 11

Novelty features

1 1 1 3 3

5

7

8 10

Narrative

1 1 1 1 1

3

6

8 10

Professional support features

1 1 2 2 3

4

4

5

Social support features

1 1 1 1 4

5

6 11 11

Rewards for using the app

1 1 1 1 2

3

3

7

9

9 11

7

6 11
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9

9

9

9
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Figure 6.2. Heat maps of rankings in the focus groups (top) and in the online sample (bottom). Red, orange and yellow boxes indicate
low rankings. Green boxes indicate high rankings.
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Challenge features
1
Credibility features
1
Setting a goal
1
Action plans
1
Reminders
1
Monitoring of use
1
Feedback on use
1
Guidance features
1
Interactive features
1
Control features
1
Personalisation
1
Novelty features
1
Narrative
1
Professional support features 1
Social support features
1
Rewards for using the app 1

6

6.4.2 Judgments as to why particular features are expected to be more
important for engagement than others

Six themes were generated: ‘lack of trust and guidance as initial barriers’,
‘motivational support’, ‘benefit and usefulness’, ‘adaptability’, ‘sparking users’
interest’ and ‘relatedness’. Two subthemes were developed in relation to the
final theme, which were labelled ‘perceived social stigma’ and ‘fear of social
comparison’ (see Table 6.4). Additional quotations can be found in Appendix
11.
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Table 6.4. Summary of themes and subthemes identified in a) the focus groups and b) the online sample.

Description

a) Identified in
focus groups

b) Identified in
online sample

1. Lack of trust and guidance as
initial barriers

Features that inculcate feelings of trust and ensure that the user can use the app
comfortably (e.g. credibility features, guidance features) were considered to be more
important for initial uptake than for continued engagement.

√

√

2. Motivational support

Features that support users’ motivation to engage with the app or to cut down on
drinking (e.g. control features, rewards, setting a goal to use the app, challenge
features, message tone) were expected to encourage engagement, particularly if they
promote users’ independence.

√

√

3. Benefit and usefulness

Features that make users feel that they are gaining something over and above status
quo (e.g. personalisation, interactive features, novelty features, rewards) were expected
to prompt engagement, particularly if they have utility ‘in real life’.

√

√

4. Adaptability

Features that allow the app to adapt its content according to the user’s level of progress
or to intervene in the right moment (e.g. personalisation, interactive features, reminders)
were expected to persuade the user and hence, promote engagement.

√

√

5. Sparking users’ interest

Features that grab users’ interest or provide a means of entertainment (e.g. narrative
features, social support features, challenge features, interactive features, novelty
features) were expected to prompt engagement.

√

√

6. Relatedness

Features that allow the user to connect with others who are in the same situation (e.g.
social support features) were expected to promote engagement.

√

√

i. Perceived social stigma

Features that trigger app use in front of family and friends or that connect users with
close others (e.g. social support features, challenge features) were expected by some
participants to elicit feelings of embarrassment and hence, lead to disengagement.

√

ii. Fear of social comparison

Features that encourage users to compete against friends or strangers (e.g. challenge
features) were expected by some participants to be demoralising.

√
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Themes

6.4.2.1 Lack of trust and guidance as initial barriers

Although participants expected the presence of credibility features to be
necessary to decide whether or not to engage with the app in the first place (as
such features would inculcate feelings of trust), they did not believe that
credibility features would promote further engagement after having made an
initial decision to download an app.

“…it wouldn’t increase my engagement behaviour. It would just
be the barrier, and make sure that I would actually use it, rather
than frequently use it." – P2, focus group

Similarly, the presence of guidance features was expected to aid initial app
navigation, but was not expected to prompt continued engagement. If guidance
was provided again later, this was expected to be annoying, as participants
believed that they would be capable of using the app without any further
support.

"Just at the beginning of the app, when you’ve downloaded it
and you’re using it for the first time, it should tell you what to do.
But not every time. You don’t need guidance how to use it and
where things are, because I think it would just be annoying...” –
P3, focus group

6.4.2.2 Motivational support

Participants expected that features that provide motivational support would be
important for engagement (e.g. control features, rewards, setting a goal to use
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the app, challenge features). This included features that support independent
decision-making by, for example, allowing users to make choices about how to
use the app (e.g. control features). Participants expected to feel more motivated
to work towards achieving goals that they had set for themselves.

"I feel that if you decide to carry out a task, you need to be in
control of it, because ultimately, that’s your goal that you’re
setting, and you want to have a sense of ownership or control
of whatever you want to achieve. You feel more responsible for
how you carry out your goals." – P2, focus group

“The more I would be able to manipulate the app to be and do
what I wanted or needed, for my own circumstances, the more
likely I am to use it.” – P16, online sample

The app’s ‘tone of voice’ or the way in which feedback was framed was
expected to influence engagement. For example, feedback on drinking patterns
framed in a positive manner (i.e. gain- rather than loss-framed) was expected to
enhance users’ beliefs about their ability to cut down on alcohol, and hence
motivate engagement with the app.

"...so that you don’t feel discouraged when you drink too much,
and then you decide that, you know what, I’m just going to
ignore the app and shut it off…” – P8, focus group

Participants believed that setting a goal to use the app or the receipt of rewards
would motivate them to return to the app. For example, virtual rewards (e.g.
badges, points) were expected to automatically encourage engagement.
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“It would encourage me to open the app on a daily basis.” –
P37, online sample

“…even if it doesn’t have practical meaning, it still works,
because it’s an incentive, and it tricks your brain to thinking that
you’re earning…” – P3, focus group

Participants who ranked challenge features highly believed that competing
against friends or other app users would help pushing oneself to achieve one’s
targets, thus providing an important source of motivation to cut down on
drinking.

“Personally, I feel if you have a community that challenges and
pushes each other it encourages you to push yourself…” –
P47, online sample

6.4.2.3 Benefit and usefulness

Participants believed that features that make users feel that they are gaining
something over and above what they already knew or felt before downloading
the app would be important for engagement (e.g. personalisation, interactive
features, novelty features, rewards). For example, rewards that had utility ‘in
real life’ or within the app itself (e.g. unlocking novel features, grocery store
vouchers) were thought to be more likely to prompt engagement due to their
real-world usefulness.

"Well, both of them are kind of: “Well done for doing this”,
they’re both a reward, they both make you feel a bit better. But
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a badge, it’s a cool fact, but it’s not the same as having
vouchers, where you can go and treat yourself to something
you want." – P6, focus group

Maintaining a balance between the amount of effort on the part of the user (e.g.
inputting vast amounts of information) and the rewards or outputs received from
the app was expected to be crucial for engagement. Participants believed that
they would engage with the app only if they felt that they were getting
something meaningful back, such as learning something new about alcohol or
about themselves (e.g. through personalised feedback). They also expected
that they would feel more warmly towards apps that maintained a two-way flow
of communication between user and app (i.e. ‘reciprocal interactivity’).

“You’ve got to keep putting stuff in, but it’s like, when am I
going to get something out of it?” – P5, focus group

Participants who did not rank narrative features, action plans or goal setting to
use the app highly believed that such features would distract from the main task
of reducing alcohol consumption or be more effortful than rewarding.

“Well, surely the other features will make you want to use the
app anyway.” – P6, focus group

6.4.2.4 Adaptability

Participants expected that features that make users feel that the app adapts
itself to their level of progress or intervenes in the right moment (e.g.
personalisation, interactive features, reminders) would promote engagement
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due to inculcating the belief that the app is speaking directly to the user. Highly
personalised and context-sensitive information was expected to be more
persuasive than generic advice about how to drink less.

“If it’s personal to me, you just get a sense of uniqueness, and
you’re like, yes, this is the best way for me to go, based on how
I am right now…” – P2, focus group

“Every person is an individual, so I would have more faith in the
app if it felt more tailored to my personal needs.” – P34, online
sample

Participants also expected that features that allow the app to intervene either in
the right moment or pre-emptively, ‘before it is too late’, would promote
engagement. For example, participants who identified as heavy drinkers
expected that professional support features would encourage engagement in
‘times of crisis’.

“It would help in times of crisis to be able to be in touch with a
professional, or if I needed to ask health questions related to
alcoholism.” – P51, online sample

However, participants who did not identify as having a problem with alcohol did
not expect professional support features to encourage engagement.

"I think if I found that I had an issue with alcohol, maybe…" –
P9, focus group

192

6.4.2.5 Sparking users’ interest

Participants expected that the presence of features that grab users’ attention or
provide a means of entertainment (e.g. interactive features, narrative features,
challenge features, social support features, novelty features) would prevent
boredom and hence encourage users to return to the app. The hedonistic
aspect of engagement was evident in participants’ accounts, emphasising that
some features are expected to be important for engagement only because they
make the app more fun and enjoyable to use.

“An app without any interactivity would get boring very quickly,
and I would probably forget about it or delete it after a while.” –
P72, online sample

"I do think that you need to keep people slightly entertained..."
– P9, focus group

Participants who ranked social support features highly believed that features
that connect the user with others would draw their attention to the app and
hence, promote engagement with other features.

“If you saw a message from such and such, you might be more
inclined to log on and respond to them. While you’re on the
app, you might use other features on it.” – P6, focus group
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6.4.2.6 Relatedness

Participants who ranked social support features highly expected that such
features would facilitate the receipt of non-judgmental support from other users
and hence, foster a sense of relatedness.

“Being able to exchange feedback with strangers with the same
goal could be supportive but non-judgemental as you will
probably not know the other users.” – P66, online sample

6.4.2.6.1 Perceived social stigma

Participants who did not rank social support or challenge features highly
imagined that features that trigger app use in front of family or friends or that
connect users with others through the app would evoke feelings of
embarrassment or worry that others may think that they have a problem with
alcohol.

“…I wouldn’t want something like: “Oh, why have you got that
app?”” – P5, focus group

6.4.2.6.2 Fear of social comparison

Participants who did not rank social support or challenge features highly also
pointed out that such features may have a negative effect on motivation to
change due to eliciting fear of failure or worry that others are progressing
quicker than oneself.
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“…somebody would always do better than me, performing
better on the app than me, so I’d be engaging with people who
are doing better than me on the app, which might be a bit
demoralising…” – P4, focus group

6.5 Discussion
6.5.1 Summary of key findings

This mixed-methods study found that there was low agreement between
participants concerning the importance of particular engagement features, both
in the focus groups and in the online sample. In general, features judged to be
most important for inclusion in smartphone apps for alcohol reduction were
personalisation, control features and interactive features. These features were
expected to foster a sense of benefit and usefulness, adaptability, provide
motivational support or spark users’ interest. Social support features and
challenge features were ranked highly by a subset of participants as they were
expected to foster relatedness and provide motivational support. However,
another subset of potential users did not rank such features highly as they were
expected to elicit social stigma or social comparison.

These findings lend support to and extend the results of prior research. First,
there is previous support for the finding that personalisation is expected to
promote engagement with alcohol reduction apps by inculcating the belief that
the app is speaking directly to the user. Previous results have been consistent
across types of study, including a formal expert consensus study [98] and a
qualitative study with potential users [287]. This finding can be explained by the
Elaboration Likelihood Model of Persuasion [63] and the Persuasive Systems
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Design Model [61], which posit that messages tailored to users’ needs and
interests have greater potential for deep processing. These findings highlight
two additional mechanisms through which personalisation may promote
engagement. First, personalisation may help to foster a sense of benefit and
usefulness. For example, encouraging users to return to the app to learn more
about themselves by offering highly personalised suggestions may prevent
users from feeling that they are inputting data without getting anything back.
Secondly, personalisation may help to foster a sense of adaptability by
supporting both user-led and reactive use. For example, participants imagined
that they would engage more with apps that keep up-to-date with their progress
and push relevant messages to users ‘just-in-time’.

Secondly, previous research has emphasised the importance of features that
support and enhance users’ motivation [103,145,248]. Participants in the
present study highlighted that they would be more motivated to achieve goals
that they had set for themselves (i.e. the need for autonomy), suggesting that
apps that provide autonomy-support in the form of ‘control features’ may be
more conducive to longer-term engagement than those that do not [323].
However, participants in the present study also expected the receipt of rewards
– which have previously been found to undermine participants’ autonomy [324]
– to help them engage with the app, begs the question as to what sources of
motivation are most supportive of engagement.

Thirdly, these results suggest that users may continue to engage with alcohol
reduction apps only if they are regularly provided with information or features
that pique their interest. Although few studies in the alcohol domain have
highlighted the importance of preventing boredom, this is not a novel idea in the
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digital gaming and technology literature [45,108]. It has been argued that users
have ‘non-instrumental’ needs (i.e. needs that do not serve as a means to
achieve a particular aim), such as the need for stimulation or enjoyment [56,57].
The presence of features that address these non-instrumental needs is
expected to give rise to a positive user experience and hence encourage
technology engagement [57]. It has also been suggested that it may be
particularly important to sustain users’ interest in the technology when they
have deviated from their goals [325]. The possibility of preventing
disengagement due to relapse by providing features that meet users’ need for
stimulation should therefore be explored.

Fourthly, although findings from focus groups with young adults who drink at
hazardous or harmful levels indicate a strong preference for features that foster
relatedness [326], evidence from studies with adult drinkers suggests that
people typically react differently to features that connect them with friends or
other users [287]. These results suggest that excessive drinkers may either
strongly like or dislike social support features or challenge features.

6.5.2 Limitations

This study was limited by employing an abstract, cognitively demanding ranking
task that may have been more suitable for a face-to-face (as opposed to an
online) study context. A plausible explanation as to why goal setting to use the
app was ranked highly in the online sample is that users thought that this
referred to goal setting for alcohol reduction. Potential misunderstandings were
mitigated by careful piloting of the feature descriptions, but it is possible that
some participants were still confused. Although participants’ rankings should be
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interpreted with caution, the qualitative findings aid in the interpretation of the
quantitative results.

It has been argued that users find it difficult to discuss design concepts without
visual or tactile prompts, or that users are not designers [327]. Indeed, some
participants in the present study found it difficult to articulate concrete design
suggestions, such as how a narrative linked to alcohol reduction would pan out.
However, an abstract ranking task was deemed most suitable to avoid limiting
participants’ imagination of particular features.

It is possible that the labels used for the engagement features may have biased
participants’ attitudes. This is suggested by a study in which old adults agreed
that a ‘falls-prevention intervention’ was a good idea, but only for people who
were older or frailer than them. The authors of the study therefore concluded
that reframing the intervention as a ‘balance-training programme’ might promote
uptake [328]. In the present study, labels such as ‘professional support features’
may have been perceived as too serious or irrelevant to participants’ particular
situations. This was suggested by a few participants in the focus groups. It is
therefore possible that the finding that professional support features were
preferred by participants who identified as being a ‘heavy’ drinker is an artefact
of the labels used.

As men tend to exhibit more alcohol-related problems than women across
countries [329,330], the recruitment of more women than men into the focus
groups constitutes a limitation. Future research should attempt to recruit a more
balanced sample, with a view to exploring possible gender differences in app
preferences. However, it should be noted that just over half of the online sample
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were male, and that no differential preferences based on gender were identified
in this sample. Moreover, while the current approach to eliciting user needs
provides useful information, an experimental study, in which the presence or
design of particular features is manipulated, is required in order to test the
actual impact on app engagement.

6.5.3 Conclusion

There was low agreement between participants concerning the importance of
particular engagement features, but on average, those judged to be most
important for inclusion in smartphone apps for alcohol reduction were
personalisation, interactive features and control features. This study highlights
that different features may be liked and used by different users, which should
be considered in the design of novel alcohol reduction apps, or the modification
of existing ones.

6.5.4 Citation for the published peer-reviewed article for this study

Perski, O., Baretta, D., Blandford, A., West, R., & Michie, S. (2018).
Engagement features judged by excessive drinkers as most important to
include in smartphone applications for alcohol reduction: A mixed-methods
study. Digital Health, 4, 1-15. https://doi.org/10.1177/2055207618785841

See Appendix 15 for the published peer-reviewed journal article.
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6.5.5 Next steps

Findings from the studies reported in Chapters 2, 3 and 5 suggested that
motivation to change, perceived usefulness of the app, the target behaviour
itself and perceived lack of time may influence engagement with apps for
alcohol reduction. However, these studies were limited by relying on
participants’ ability to predict their future preferences, experiences and
behaviour. It was therefore considered important to triangulate these findings
with behavioural data. Study 6 (reported in Chapter 7) employed a series N-of-1
designs to examine within-subjects (as opposed to between-subjects) predictors
of engagement with the Drink Less app, harnessing real-time Ecological
Momentary Assessments.
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7 CHAPTER 7 – Do daily fluctuations in psychological
and app-related variables predict within-person
variability in engagement with an alcohol reduction
app? A series of N-of-1 designs (Study 6)
7.1 Abstract
Background: Previous studies have highlighted between-subjects predictors of
engagement with apps for alcohol reduction, including psychological (e.g.
motivation to change) and app-related (e.g. the receipt of a daily reminder)
variables. However, strategies to promote engagement need to be effective at
the individual level. Evidence as to whether these between-subjects predictors
of engagement are also predictive for individuals is lacking.

Purpose: To examine whether daily fluctuations in i) the receipt of a daily
reminder, ii) motivation to reduce alcohol, iii) perceived usefulness of the app,
iv) alcohol consumption, and v) perceived lack of time are predictive of withinperson variability in the frequency and amount of engagement with a theoryand evidence-based alcohol reduction app, Drink Less.

Methods: This study used a series of observational N-of-1 designs.
Psychological and app-related predictor variables were measured using twicedaily Ecological Momentary Assessments for 28 days, sent to participants via
text messages. The outcome variables (i.e. the frequency and amount of
engagement) were measured objectively through automated recordings of
participants’ app screen views. Nine London-based adults who drank alcohol
excessively and were willing to set a goal to reduce their drinking took part.
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Each participant’s dataset was analysed separately using Generalised Additive
Mixed Models.

Results: Different variables were significant predictors of the frequency and
amount of engagement within and between individuals. The receipt of a daily
reminder (IRRs = 1.80-3.88, p’s < .05) and perceived usefulness of the app
(IRRs = 0.82-1.42, p’s < .05) were the most consistent predictors of withinperson variability in the frequency of engagement. Motivation to reduce alcohol
(IRRs = 1.67-3.45, p’s < .05) and perceived usefulness of the app (IRRs = 0.52137.32, p’s < .05) were the most consistent predictors of within-person
variability in the amount of engagement.

Conclusion: The utility of the app-related and psychological variables in
predicting the frequency and amount of engagement with the Drink Less app
differed within and between individuals. This suggests that different strategies
to promote engagement may be required for different individuals, and that such
strategies may have differential effects on the different facets of engagement.

7.2 Introduction
Studies to date have typically focused on the identification of between-subjects
predictors of engagement with DBCIs for alcohol reduction [281]. As strategies
to increase engagement also need to be effective for individuals [331,332], it is
important to examine whether key predictors identified at the between-subjects
level are also predictive of engagement at the individual level. This study aimed
to assess within-person predictors of the frequency (i.e. number of logins) and
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amount (i.e. time spent per login) of engagement with a theory- and evidencebased alcohol reduction app, Drink Less [95,97].

Published secondary analyses of data from RCTs of web- and app-based
interventions for alcohol reduction have typically been used to identify betweensubjects predictors of engagement. These studies show that demographic
characteristics, such as being female, older and more highly educated, are
positively associated with the frequency and amount of engagement
[164,333,334]. Higher baseline levels of motivation to change [164,335] and
lower baseline levels of alcohol consumption [164,310,333] have been found to
predict the frequency of engagement. Moreover, app-related variables, such as
the receipt of proactive reminders, have also been found to promote the
frequency of engagement [28]. Studies 2 and 5 reported in this thesis (Chapters
3 and 6) prompted excessive drinkers to reflect on factors they expected to be
most important for engagement with apps for alcohol reduction. These studies
highlighted that motivation to change, perceived personal relevance of the app
(defined as the extent to which the user believes that the app is suited to their
individual needs [287]), and perceived usefulness of the app (defined as the
extent to which the individual believes that use of the app will enhance task
performance [52]), were judged to be important for engagement [287,336].
Although common themes were identified in these studies, agreement between
potential users on what factors were expected to be most important for
engagement was low [336]. Qualitative research has also been conducted with
participants who disengaged prior to completion of an RCT of a web-based
alcohol reduction intervention [164]. When asked to retrospectively report on
why they disengaged from the intervention, users frequently mentioned
perceived lack of time (e.g. being too busy, having other priorities),
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dissatisfaction with the intervention (e.g. poor usability, irrelevant content) and
improvement in the condition (e.g. feeling better).

Quantitative studies examining predictors of engagement have typically relied
on between-subjects designs, aggregating data across participants. However,
individual-level interventions, including apps for alcohol reduction, are designed
to target within-subjects processes that lead to behaviour change. For
intervention strategies aimed at increasing engagement (e.g. proactive
reminders, rewards, feedback) to be promoted, they need to be shown to be
effective at the individual, not just at the group level. It is therefore important to
assess whether associations identified at the between-subjects level are also
identified at the within-subjects level. The N-of-1 design, also known as a
single-case design, is ideally suited for the assessment of within-person
processes. The N-of-1 design can be either observational or experimental and
“…receives its name by virtue of its sample size: N is equal to one” [337].

Qualitative studies have relied on either prospective or retrospective (as
opposed to real-time) self-reports of psychological processes. Such reports are
likely to be biased or inaccurate [338]. For example, when prospectively
predicting what factors are expected to be most important for engagement,
potential users tend to highlight app-related aspects, such as the presence of
features that enhance motivation to change (e.g. goal setting, self-monitoring
and proactive reminders) and perceived usefulness (e.g. tailoring of content,
rewards) [287,336]. However, when asked to retrospectively report on what
factors participants think contributed to their disengagement from an
intervention, different aspects tend to be highlighted, such as perceived lack of
time [164]. Ecological Momentary Assessment (EMA) is a data gathering
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method which overcomes the problems associated with both prospective and
retrospective self-reports, as it allows the examination of psychological
processes simultaneously to the behaviour (i.e. in ‘real-time’) [226,339].

The present study used a series of N-of-1 designs, harnessing EMAs, to
examine whether daily fluctuations in i) the receipt of a reminder, ii) motivation
to reduce alcohol, iii) perceived usefulness of the app, iv) alcohol consumption,
and v) perceived lack of time are predictive of within-person variability in the
frequency and amount of engagement with a theory- and evidence-based
alcohol reduction app, Drink Less. The decision to focus on ‘perceived
usefulness of the app’ in the present study (as opposed to ‘perceived relevance
of the app’) was informed by a meta-analysis of 59 studies indicating that the
variable ‘perceived usefulness’ is consistently associated with behavioural
intentions to use technology (r = 0.59) [53]; less is known about the relationship
between the variable ‘perceived relevance’ and key outcome variables. By
measuring predictor variables prior to the measurement of the outcome
variables, this study aimed to provide a greater understanding of the temporal
direction of the relationships under investigation.

7.3 Methods
7.3.1 Study design

A pre-registered study protocol can be found on the OSF (osf.io/zn79m). This
study used a series of observational N-of-1 designs with twice-daily (i.e.
morning and evening) self-report measures of cognitive and behavioural
predictor variables. The dependent variables were the objectively recorded
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frequency and amount of engagement with the Drink Less app, described in
detail below. Although the subjective experience during app use (i.e. attention,
enjoyment, interest) is also thought to be necessary for someone to be engaged
(see Chapters 2 and 4), it was considered important to minimise participant
burden. Hence, only behavioural indicators of engagement were considered, as
these could be measured automatically via participants’ app screen views. The
key outcome of interest, specified in the pre-registered analysis plan, was the
‘frequency of engagement’ (i.e. the number of logins per measurement period).
To complement these analyses, the variable ‘amount of engagement’ (i.e. the
time spent on the app per measurement period) was also investigated in a
series of unplanned analyses.

7.3.1.1 Participants

7.3.1.1.1 Eligibility criteria

Participants were eligible to take part if they i) were aged 18+ years; ii) owned
an iPhone capable of running iOS v.8.0 software or higher (i.e. iPhone 4S or
later models); iii) resided in or near London (UK) and were willing to come into
University College London (UCL) on one occasion (to ensure adequate study
commitment); iv) reported an AUDIT score of ≥ 8, indicating excessive alcohol
consumption [77]; v) were interested in using an app to reduce their drinking; vi)
were willing to set a goal to reduce their drinking; vii) installed the Drink Less
app and opened it at least once following the briefing interview (see ‘Procedure’
section below for more details); viii) were willing to engage with the app daily for
28 days, recognising that there may be occasional days where they would not
engage with it [340]; and ix) were willing to respond to twice-daily text
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messages for 28 days. Participants were excluded if they were not fluent
English speakers.

7.3.1.1.2 Sampling

Participants were recruited online through Call for Participants
(www.callforparticipants.com), social media (e.g. Twitter) and charitable alcohol
reduction organisations’ mailing lists. The recruitment materials stated that
drinkers were invited to take part in a study about how people use apps for
alcohol reduction in their daily lives, which involved responding to twice-daily
text messages for 28 days (see Appendix 12).

7.3.1.1.3 Sample size

The number of observations (and not the number of participants) determine
statistical power in N-of-1 designs [341]. As the Drink Less app was designed to
be used for 28 days, each participant was asked to respond to twice-daily EMAs
for 28 days (i.e. up to 56 observations per participant). The measurement
frequency of two EMAs per day was informed by prior research conducted
within the behavioural science domain [342]. As data were planned to be
analysed using Generalised Additive Mixed Models (see the ‘Data analysis’
section below for more details), Monte Carlo simulations [343] were run to
estimate the statistical power that would be achieved with a total of 56 data
inputs. A simulation-based power analysis conducted in R indicated that this
study would have 80% power to detect an incident rate ratio (IRR) of 1.8 for the
association between ‘perceived usefulness of the app’ (predictor variable) and
‘frequency of engagement’ (outcome variable). Given uncertainties regarding
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the distribution of model parameters, this power analysis should be interpreted
with caution. Details about statistical assumptions used to inform the power
analysis are shown in Table 7.1. To allow qualitative (but not quantitative)
assessment of potential between-subjects differences in the associations
between the predictor variables and app engagement, a total of 8 participants
was considered to be sufficient [342,344,345]. As previous N-of-1 studies report
up to 47% study drop-out [342,344,345], the researcher aimed to recruit an
additional 50% of the target sample (i.e. 12 participants).

Table 7.1. Statistical assumptions used to inform the simulation-based power
analysis

Considerations

Statistical assumptions and source of information
(where available)

Model type

Generalised Additive Mixed Model (GAMM)

Number of
observations

Twice-daily EMAs for a period of 28 days (i.e. a total of 56
observations per participant).

Seasonality

No seasonality reflected by the day of the week the data
were collected.

Distribution
and point
estimate
(dependent
variable)

The dependent variable (i.e. ‘frequency of engagement’,
operationalised as the number of app logins per
measurement period) was assumed to follow a Poisson
distribution with a mean of 11.7 logins per measurement
period [95]. As the dependent variable represents count
data, it was expected to follow a Poisson distribution. The
mean of 11.7 logins was drawn from a between-subjects,
factorial RCT of the Drink Less app [95], as this was
judged to represent the best available data.

Distribution
and point
estimate
(independent
variable)

The independent variable (i.e. ‘perceived usefulness of the
app’) was assumed to follow an Auto-Regressive (AR)
Integrated Moving Average process with first-order
autocorrelation, as it was expected that measurements
would be similar to those taken 12 hours previously. As
prior studies in the alcohol reduction domain assessing the
variable ‘perceived usefulness of the app’ are lacking, we
drew on results from the between-subjects, factorial RCT
of the Drink Less app, which assessed the variable
‘helpfulness of the app’ at 28-day follow-up. This variable
was deemed to be conceptually similar to the target
variable. It was therefore assumed that the mean level of
the independent variable would be 3.18 (SD = 0.93) [95].
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7.3.1.2 Measures

7.3.1.2.1 Online screening questionnaire

The following data were collected at baseline to determine study eligibility and
to describe the sample (see Appendix 13): i) age; ii) gender; iii) type of work (i.e.
manual, non-manual, other); iv) whether participants owned an iPhone capable
of running iOS 8.0 software or higher (i.e. iPhone 4S or later models); v)
whether participants were residing in or near London and were willing to come
into UCL for a briefing interview (yes vs. no); vi) alcohol consumption, measured
using the AUDIT; vii) whether participants were interested in using an app to
reduce their drinking (yes vs. no); viii) whether participants were willing to set a
goal to reduce their drinking (yes vs. no); ix) whether participants were willing to
engage with the study app daily for 28 days (yes vs. no); x) whether participants
had previously used an alcohol reduction app (yes vs. no) and if so, which one;
and xi) whether participants were willing to respond to the twice-daily text
messages for 28 days (yes vs. no).

7.3.1.2.2 Ecological Momentary Assessments (predictor variables)

The following data were collected twice per day (i.e. morning and evening) via
text messages, sent manually from an iPhone 6S by the researcher (see
Appendix 14):

1. ‘Motivation to reduce alcohol’, measured by asking: “How motivated are
you currently to reduce your drinking?”. The response options ranged
from 1-7, with 1 indicating ‘not at all’ and 7 indicating ‘extremely’.
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2. ‘Perceived usefulness of the app’, measured by asking: “How useful do
you currently think the Drink Less app is for you?” The response options
ranged from 1-7, with 1 indicating ‘not at all’ and 7 indicating ‘extremely’.

3. ‘Alcohol consumption’, measured by asking: “How many drinks
containing alcohol have you had in the past 12 hours?” Participants were
asked to input an integer from 0 (no drinks) to infinity (i.e. whole drinks).
To minimise respondent burden and because absolute amount of alcohol
was not of interest in the present study, participants were not asked to
consider the number of units consumed. Hence, participants were asked
to enter ‘1’ even if they had only had half a pint of beer.

4. ‘Perceived lack of time’, measured by asking participants: “To what
extent do you currently have time for the Drink Less app?” The response
options ranged from 1-7, with 1 indicating ‘I don’t have any time for the
app’ and 7 indicating ‘I have lots of time for the app’.

7.3.1.2.3 Additional predictor variables (tailored to participants’
preferences)

5. Whether or not a proactive reminder was received during each 12-hour
period. This variable was coded 1 if a reminder was received and 0 if it
was not received. The maximum number of reminders received every 24
hours was 1 (limited by the core design of the study app), and this
pattern did not change during the course of the study. This variable was
tailored to participants’ preferences at the outset of the study (i.e.
whether or not participants wanted to have the reminder switched on or
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off throughout the study). More details about the reminder are reported in
the ‘Procedure’ section below.

7.3.1.2.4 Outcome variables

App screen views were automatically recorded, stored in an online database
and extracted using the free python library pandas (https://pandas.pydata.org/)
to calculate objective frequency and amount of engagement. The variable
‘frequency of engagement’ was operationalised as the number of logins during
each 12-hour measurement period (e.g. 10AM to 10PM; 10PM to 10AM), with a
login defined as a new screen view following at least 30 minutes of inactivity
[302]. The variable ‘amount of engagement’ was derived by calculating the time
spent (in seconds) per measurement period. For descriptive purposes, the
variable ‘depth of engagement’ was also derived, which was operationalised as
the number of app components accessed per measurement period, indexed as
a proportion of the number of available components (i.e. Goal Setting; Selfmonitoring/Feedback; Action Planning; Normative Feedback; Cognitive Bias
Re-Training; Identity Change; Other [95]). However, as ‘depth of engagement’
was strongly correlated with ‘amount of engagement’ for all participants, no
inferential analyses were conducted using this variable.

7.3.1.3 Intervention

The Drink Less app is a stand-alone DBCI designed to promote alcohol
reduction in adults who drink excessively. The app is centred around a goal
setting module which allows users to select one or multiple weekly goals of their
choice (e.g. maximum number of units, alcohol-free days, maximum spending
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on alcohol, or maximum number of alcohol-attributed calories). The app also
includes five additional intervention modules: i) Normative Feedback, ii)
Cognitive Bias Re-Training, iii) Self-Monitoring and Feedback, iv) Action
Planning, and v) Identity Change. Details about how intervention content was
selected [86,98], user feedback on a first version of the app [346], the
development process [97] and a first evaluation of the app’s components in a
factorial RCT [95] have been described in detail elsewhere. The Drink Less app
allows users to set one daily reminder to open the app, which can be switched
on or off depending on the user’s preferences, and set to a suitable timing.

7.3.1.4 Procedure

Participants who expressed an interest in taking part were asked to read the
participant information sheet, provide informed consent and fill out the online
screening questionnaire.

Eligible participants were invited to a briefing interview at UCL where they were
asked to re-read the information sheet and were consented. Participants were
asked to download the Drink Less app, briefly explore it, and set at least one
weekly alcohol reduction goal of their choice. Participants were asked if they
wanted to switch the daily reminder on or off and if applicable, select a suitable
timing for these. After having explored the app, participants were asked to
complete a brief survey on their phone, which fetched their unique user ID,
generated by the Drink Less app. This information enabled the researchers to
match participants to their app screen views and hence, derive the outcome
variables. Participants were asked a few questions about their expected app
use and what they were hoping to achieve using the app. Participants were
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subsequently asked to select suitable timings for the twice-daily text messages.
In the morning, participants were asked to select a suitable time between 6am
and 10am; and in the evening, between 6pm and 10pm, ensuring that the
selected time points did not fall earlier/later than their usual morning and
evening bedtimes, respectively. Participants were subsequently asked to
familiarise themselves with the daily EMA questions and response options, and
practised inputting their responses to the four questions into a single text
message. No particular instructions about app engagement were provided other
than that participants were expected to engage with the app at least once daily
for 28 days, recognising that there may be occasional days when they would
not engage with it. Participants were told that they had to respond to at least
70% of the text messages and take part in the debriefing interview to receive
any payment. They were also asked to notify the researcher if they decided to
change the timing of the daily reminder, so that this could be accounted for in
the statistical analyses. Participants were told that they could not change the
timing of the twice-daily text messages over the course of the study, so as not
to complicate the statistical analyses. The briefing interviews lasted between 29
to 63 minutes.

After the briefing interview, participants were asked to respond to the twice-daily
text messages for 28 days, sent to users via a single text message. The first
text message was sent the morning after the briefing interview. When a
response was received, participants were sent the following standard response:
“Thank you for your responses!”. Participants also received weekly updates via
text message about their survey response rates to encourage adherence to the
study materials (e.g. “Hi X! Thank you for completing the first week of the study.
You have responded to X/14 text messages. Keep up the good work!”). If the
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text messages were not received in the expected format, participants received a
standard reply with instructions for how to input the responses (see Appendix
14).

After 28 days, participants were invited to take part in a debriefing interview
conducted over the phone, during which they were asked about the
acceptability of the twice-daily text messages and their experiences of engaging
with the app. The debriefing interviews lasted between 25 to 47 minutes.
Participants were paid £0.5 per data input (i.e. a maximum of £28), in addition
to £32 upon study completion (i.e. £60 in total). This was paid to participants in
the form of a shopping voucher.

7.3.1.5 Data analysis

Guided by published research in the behavioural science domain [342,344,345],
in time series with > 5% missing data, multiple imputation was carried out using
an expectation-maximisation with bootstrapping algorithm via the R package
Amelia II. Data were imputed separately for each dataset (i.e. each participant).
A polynomial time trend (e.g. linear, quadratic) was included if this was found to
improve the precision of the imputed data points. This was decided upon by
examining the 95% confidence intervals (CIs) of the means of the imputed data
points. Five imputed datasets were created per dataset with missing values,
which were combined prior to further statistical analyses using Rubin’s rules
[342,344,345].

Descriptive statistics were calculated for each participant. Time series analyses
were conducted via the R package mgcv: Generalised Additive Mixed Models
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(GAMMs) were fitted to estimate incident rate ratios (IRRs) for the predictor
variables. The IRR is a measure of relative difference and can, in this particular
context, be interpreted as the relative rate of logins or amount of engagement
for the different levels of the predictor variables. The GAMM is a type of
multilevel model which has previously been applied to data from N-of-1 designs.
GAMMs are particularly well-suited to the modelling of time series data with one
level of measurement (i.e. repeated measurements nested within one
individual), as it can accommodate the inclusion of autocorrelated error terms
[347]. The analyses proceeded in a number of stages using a ‘backwards’
selection procedure:

1. As the outcome variables represented counts, data were first assessed
for overdispersion (i.e. when the variance is greater than the mean). If
there was evidence for overdispersion, a quasi-Poisson distribution (as
opposed to a Poisson distribution) was specified.

2. As repeated measures taken from the same individual are often
correlated, data from N-of-1 studies typically violate the assumption of
independence of observations. Autocorrelation was therefore assessed
through the autocorrelation function and the partial autocorrelation
function. For example, evidence of first-order autocorrelation means that
measurements are significantly correlated with those taken 12 hours
previously.

3. Parsimonious models were subsequently built for each participant
through the stepwise elimination of redundant terms: a full model
including all predictor variables was first fitted to determine the most
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appropriate autocorrelation structure for each participant. Model fit was
compared using Akaike’s Information Criterion [348]. The predictor
variables were then sequentially varied to arrive at a best fitting model for
each participant. Although the a priori power analysis did not take
account of adjustment for seasonality or moving average terms, it was
determined a posteriori that adjustment for the day of the week through
the inclusion of a cyclic cubic smoothing term significantly improved the
model fit for all participants and that the inclusion of a moving average
term improved the model fit for some participants.

7.3.1.6 Ethical approval

Ethical approval was granted by UCL’s Computer Science Departmental
Research Ethics Chair (Project ID: UCLIC/1617/004/Staff Blandford HFDH).
Personal identifiers were removed, and anonymised data were stored securely
on a password protected computer. Participants’ contact details were stored
separately in a locked cabinet. The SIM card used to deliver the daily text
messages was wiped when data collection had been completed.

7.4 Results
7.4.1 Participants

Of 22 participants who completed the online screening questionnaire, 11 met
the inclusion criteria and were invited to take part. One participant was unable
to initiate the 28-day study during the allocated study period. In total, ten
participants took part in the study between June 29th and August 9th 2018. One
participant broke their phone 14 days into the study and re-downloaded the app
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onto a new phone without notifying the researcher. Due to technical issues, the
new phone’s app screens failed to sync with the database and hence, the
outcome data for the last 14 days of the study were lost. Hence, this participant
was excluded from the inferential analyses. In line with the desired sample size
of 8 participants, a total of 9 participants were included in the inferential
analyses (although descriptive statistics were calculated for all 10 participants).

Participants’ characteristics are summarised in Table 7.2. The mean age of
participants was 25.0 years (SD = 4.4), 90% were female and the majority were
employed in a non-manual profession (60%). Participants had a mean AUDIT
score of 15.5 (SD = 7.2), indicating excessive alcohol consumption. Two
participants had prior experience of using an alcohol reduction app, with one
participant having prior experience of using the Drink Less app. As participants
serve as their own comparisons in N-of-1 designs, the participant who had
previously used the Drink Less app was still invited to take part in the study.

Table 7.2. Participants’ demographic, drinking and app-related characteristics.

ID

Gender

Age

Type of
work

AUDIT

Prior use of
an alcohol
reduction
app

Prior use
of the
Drink
Less app

P1

Female

28

Non-manual

16

No

No

P2

Female

20

Other

10

No

No

P3

Female

25

Non-manual

30

No

No

P4

Female

18

Other

12

No

No

P5

Male

21

Other

22

No

No

P6

Female

31

Non-manual

8

No

No

P7

Female

23

Non-manual

12

Yes

Yes

P8

Female

30

Non-manual

11

No

No

P9

Female

28

Other

23

Yes

No

P10

Female

26

Non-manual

10

No

No
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7.4.2 Descriptive statistics

Eight participants (80%) decided to have the daily reminder switched on during
the study, with two participants (20%) deciding to have it switched off. Overall,
participants displayed high adherence to the daily text messages (M = 93%, SD
= 5.8%), with the number of missing responses varying from 0-16%. The mean
level of the psychological predictor variables over the course of the study varied
across participants (see Table 7.3).
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ID

Adherence,
N (%)

Timing of
text
messages

Daily
reminder
switched
on/off

Timing of
daily
reminder

Motivation to
reduce alcohol,
M (SD); range

Perceived
usefulness of
the app, M
(SD); range

Alcohol
consumption, M
(SD); range

Perceived lack
of time, M (SD);
range

P1

56 (100%)

10AM/PM

ON

10AM

5.3 (1.1); 3-7

5.4 (0.8); 4-7

2.1 (2.8); 0-10

6.1 (1.2); 3-7

P2

55 (98%)

10AM/PM

ON

1PM

6.3 (1.1); 3-7*

6.3 (1.1); 3-7*

0.1 (0.5); 0-3*

4.6 (2.2); 1-7*

P3

50 (89%)

7.30AM/PM

ON

4PM

5.2 (0.9); 4-7*

5.3 (1.1); 3-7*

1.2 (1.3); 0-5*

4.5 (1.0); 2-7*

P4

49 (87.5%)

10AM/PM

ON

11AM

4.1 (1.6); 1-7*

2.4 (1.3); 1-5*

0.1 (0.8); 0-4*

4.9 (1.8); 2-7*

P5

55 (98%)

9.30AM/PM

OFF

-

3.6 (1.0); 2-6*

3.6 (1.2); 1-7*

1.2 (1.7); 0-8*

3.9 (0.9); 2-7*

P6

47 (84%)

10AM/PM

ON

10AM

5.6 (0.7); 4-7*

4.4 (0.6); 4-6*

0.3 (0.8); 0-3*

4.4 (0.7); 3-7*

P7

48 (86%)

9AM/PM

ON

9AM

4.1 (1.2); 1-6*

3.2 (0.9); 2-5*

1.1 (2.1); 0-6*

2.8 (1.6); 1-6*

P8

51 (91%)

10AM/PM

OFF

-

5.9 (0.5); 4-7*

6.1 (0.9); 4-7*

0.4 (0.9); 0-4*

2.2 (1.4); 1-5*

P9

56 (100%)

10AM/PM

ON

10.30AM

4.3 (1.9); 1-7

1.9 (0.9); 1-5

3.9 (4.3); 0-14

6.0 (1.3); 2-7

P10

54 (96%)

10AM/PM

ON

9AM

5.3 (1.6); 1-7*

4.8 (1.0); 1-6*

1.9 (2.9); 0-9*

5.5 (1.0); 3-7*

Note. * For participants with missing data, means and standard deviations for the complete datasets (after multiple imputation) were
computed using Rubin’s rules.
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Table 7.3. Adherence to the twice-daily text messages and descriptive statistics for the predictor variables.

Over the course of the study, participants’ total number of logins ranged from
10-69 (see Figure 7.1 for plots of participants’ frequency of engagement over
the course of the study). The total depth of use ranged from 0.14 (i.e. accessing
one of the app’s seven components) to 0.86 (i.e. accessing six of the app’s
seven components). The total amount of use ranged from 4 minutes and 24
seconds to 70 minutes and 14 seconds. The average amount of use per
measurement period ranged from 0 minutes and 0 seconds (i.e. measurement
periods with no logins) to 1 minute and 15 seconds (see Table 7.4).
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Figure 7.1. Plots of participants' frequency of engagement over the course of the study period.

ID

Total number of logins; M
(SD); range

Total depth
of
engagement

Depth of
engagement per
login, M (SD)

Total amount of
engagement
(mm:ss)

Amount of engagement per
login (mm:ss), M (SD); range

P1
P2

39; 0.7 (0.7); 0 – 3
47; 0.8 (0.8); 0 – 4

0.71
0.86

0.10 (0.12)
0.20 (0.20)

23:11
60:43

00:25 (00:48); 00:00 – 02:49
01:05 (02:32); 00:00 – 16:32

P3
P4

35; 0.6 (0.6); 0 – 2
10; 0.2 (0.5); 0 – 2

0.57
0.43

0.10 (0.11)
0.03 (0.08)

13:12
04:24

00:14 (00:27); 00:00 – 02:19
00:05 (00:18); 00:00 – 01:29

P5

42; 0.8 (0.7); 0 – 3

0.29

0.11 (0.11)

18:20

00:20 (00:29); 00:00 – 02:11

P6

31; 0.6 (0.6); 0 – 2

0.57

0.09 (0.11)

39:19

00:42 (01:25); 00:00 – 08:12

P7

64; 1.1 (0.9); 0 – 3

0.14

0.10 (0.06)

19:14

00:21 (00:25); 00:00 – 02:24

P8
P9
P10

69; 1.2 (0.9); 0 – 3
34; 0.6 (0.7); 0 – 2
N/A*

0.43
0.43
N/A*

0.17 (0.13)
0.09 (0.11)
N/A*

70:14
35:26
N/A*

01:15 (02:08); 00:00 – 10:47
00:38 (02:04); 00:00 – 13:40
N/A*

Note. * Due to a technical issue, outcome data were lost for one participant.
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Table 7.4. Descriptive statistics of participants’ frequency, amount and depth of engagement with the Drink Less app.

7.4.3 Predicting the frequency and amount of engagement

Table 7.5 reports the Generalised Additive Mixed Models in which the frequency
and amount of engagement were each regressed onto the predictor variables,
adjusting for the day of the week, autocorrelation and moving average terms.
For two participants (P3 and P8), none of the predictor variables assessed was
significantly associated with the number of logins. None of the independent
variables assessed was significantly associated with the amount of engagement
for two participants (P1 and P8).

7.4.3.1 Daily reminder

The receipt of a reminder was a significant predictor of the number of logins for
three participants (IRRs = 1.80-3.88, all p’s < .05). For these participants (P1,
P6 and P7), the receipt of a reminder was associated with an 80-288% increase
in the number of logins in the next 12 hours.

The receipt of a reminder was a significant predictor of the amount of
engagement for one participant (IRR = 4.31, 95% CI = 1.73-10.73, p < .01). For
this participant (P3), the receipt of a reminder was associated with a 331%
increase in the amount of engagement in the next 12 hours.

7.4.3.2 Motivation to reduce alcohol

Motivation to reduce alcohol was a significant predictor of the number of logins
for one participant (IRR = 1.14, 95% CI = 1.02-1.27, p = .02). For this participant
(P4), a 1-point increase in motivation to reduce alcohol was associated with a
14% increase in the number of logins in the next 12 hours.
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Motivation to reduce alcohol was a significant predictor of the amount of
engagement for three participants (IRRs = 1.67-3.45, all p’s < .05). For these
participants (P4, P6 and P7), a 1-point increase in motivation to reduce alcohol
was associated with a 67-245% increase in the amount of engagement in the
next 12 hours.

7.4.3.3 Perceived usefulness of the app

Perceived usefulness of the app was a significant predictor of the number of
logins for three participants (IRRs = 0.82-1.42, all p’s < .05). For one participant
(P1), a 1-point increase in perceived usefulness of the app was associated with
an 18% reduction in the number of logins in the next 12 hours. For two
participants (P5 and P9), a 1-point increase in perceived usefulness of the app
was associated with a 38-42% increase in the number of logins in the next 12
hours.

Perceived usefulness of the app was a significant predictor of the amount of
engagement for four participants (IRRs = 0.52-137.32, all p’s < .05). For one
participant (P7), a 1-point increase in perceived usefulness of the app was
associated with a 48% reduction in the amount of engagement in the next 12
hours. For three participants (P4, P5 and P9), a 1-point increase in perceived
usefulness of the app was associated with a 67-13,632% increase in the
amount of engagement in the next 12 hours.

7.4.3.4 Alcohol consumption

The number of alcoholic drinks consumed in the past 12 hours was a significant
predictor of the number of logins for one participant (IRR = 1.50, 95% CI = 1.16224

1.93, p < .01). For this participant (P2), each alcoholic drink consumed in the
past 12 hours was associated with a 50% increase in the number of logins in
the next 12 hours.

The number of alcoholic drinks consumed in the past 12 hours was a significant
predictor of the amount of engagement for two participants (IRRs = 1.38-2.38,
p’s < .01). For these participants (P2, P3), each alcoholic drink consumed in the
past 12 hours was associated with a 38-138% increase in the amount of
engagement in the next 12 hours.

7.4.3.5 Perceived lack of time

Perceived lack of time was a significant predictor of the number of logins for two
participants (IRRs = 0.77-1.13, p’s < .05). For one participant (P6), a 1-point
increase in perceived lack of time (meaning that they had more time for the app)
was associated with a 23% reduction in the number of logins in the next 12
hours. For the other participant (P2), a 1-point increase in perceived lack of time
was associated with a 13% increase in the number of logins in the next 12
hours.

Perceived lack of time was a significant predictor of the amount of engagement
for two participants (IRRs = 0.20-4.77, p’s < .05). For one participant (P4), a 1point increase in perceived lack of time (meaning that they had more time for
the app) was associated with an 80% reduction in the amount of engagement in
the next 12 hours. For the other participant (P9), a 1-point increase in perceived
lack of time was associated with a 377% increase in the amount of engagement
in the next 12 hours.
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Table 7.5. Incident rate ratios (IRRs) for the associations between the variability in the predictor variables and variability in the
frequency and amount of engagement for each participant.
Frequency of engagement

Amount of engagement

IRR (95% CI)

p-value

IRR (95% CI)

p-value

Reminder

1.802,1 (1.19-2.74)

.01*

-

-

Motivation to reduce alcohol

1.142,1 (1.02-1.27)

.02*

1.120,0 (0.68-1.83)

.65

Perceived usefulness of the app

0.822,1 (0.68-0.99)

.04*

-

-

Alcohol consumption

-

-

-

-

Perceived lack of time

0.932,1 (0.86-1.02)

.15

-

-

Reminder

1.991,0 (0.67-5.94)

.22

-

-

Motivation to reduce alcohol

-

-

-

-

Perceived usefulness of the app

-

-

-

-

Alcohol consumption

1.501,0 (1.16-1.93)

< .01**

2.381,0 (1.65-3.43)

< .01**

Perceived lack of time

1.131,0 (1.01-1.25)

.03*

-

-

Reminder

-

-

4.310,0 (1.73-10.73)

< .01**

Motivation to reduce alcohol

0.891,0 (0.67-1.19)

.45

-

-

Perceived usefulness of the app

-

-

-

-

Alcohol consumption

-

-

1.380,0 (1.11-1.73)

< .01**

Perceived lack of time

-

-

1.190,0 (0.79-1.77)

.40

P1

P3

Note. All models were adjusted for the day of the week using a cyclic cubic smoothing term. Numbers in subscript indicate the lags of
autoregressive (AR) and moving average (MA) terms, respectively. A lag value of 0 indicates that an AR or MA term was not included; * p < .05;
** p < .01; *** p < .001.
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P2

Table 7.5. Continued.
Frequency of engagement

Amount of engagement

IRR (95% CI)

p-value

IRR (95% CI)

p-value

Reminder

-

-

-

-

Motivation to reduce alcohol

1.880,0 (1.22-2.91)

< .01**

2.030,0 (1.72-2.40)

< .001***

Perceived usefulness of the app

-

-

137.320,0 (49.45-381.34)

< .001***

Alcohol consumption

-

-

-

-

Perceived lack of time

-

-

0.200,0 (0.14-0.29)

< .001***

Motivation to reduce alcohol

-

-

-

-

Perceived usefulness of the app

1.422,2 (1.15-1.75)

< .01**

1.930,0 (1.06-1.82)

.02*

Alcohol consumption

-

-

-

-

Perceived lack of time

1.082,2 (0.81-1.43)

.60

-

-

Reminder

3.882,0 (1.37-11.03)

.01*

-

-

Motivation to reduce alcohol

1.072,0 (0.93-1.21)

.35

3.450,0 (1.34-8.83)

.01*

Perceived usefulness of the app

1.122,0 (0.94-1.34)

.21

-

-

Alcohol consumption

0.922,0 (0.83-1.02)

.13

-

-

Perceived lack of time

0.772,0 (0.61-0.97)

.03*

1.240,0 (0.71-2.17)

.45

P5

P6

Note. All models were adjusted for the day of the week using a cyclic cubic smoothing term. Numbers in subscript indicate the lags of
autoregressive (AR) and moving average (MA) terms, respectively. A lag value of 0 indicates that an AR or MA term was not included; * p < .05;
** p < .01; *** p < .001.
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P4

Table 7.5. Continued.
Frequency of engagement

Amount of engagement

IRR (95% CI)

p-value

IRR (95% CI)

p-value

Reminder

3.261,0 (2.15-4.96)

< .001***

-

-

Motivation to reduce alcohol

-

-

1.670,0 (1.16-2.40)

< .01**

Perceived usefulness of the app

-

-

0.520,0 (0.33-0.80)

< .01**

Alcohol consumption

-

-

-

-

Perceived lack of time

-

-

-

-

Motivation to reduce alcohol

-

-

-

-

Perceived usefulness of the app

-

-

-

-

Alcohol consumption

0.851,0 (0.67-1.09)

.20

0.820,0 (0.47-1.43)

.50

Perceived lack of time

-

-

1.330,0 (0.97-1.82)

.08

Reminder

-

-

-

-

Motivation to reduce alcohol

-

-

1.201,1 (0.92-1.58)

0.18

Perceived usefulness of the app

1.381,0 (1.24-1.53)

< .001***

1.671,1 (1.22-2.29)

< .01**

Alcohol consumption

-

-

-

-

Perceived lack of time

-

-

4.771,1 (1.09-20.79)

.04*

P7

P9

Note. All models were adjusted for the day of the week using a cyclic cubic smoothing term. Numbers in subscript indicate the lags of
autoregressive (AR) and moving average (MA) terms, respectively. A lag value of 0 indicates that an AR or MA term was not included; * p < .05;
** p < .01; *** p < .001.
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P8

7.5 Discussion
7.5.1 Summary of key findings

The current series of N-of-1 studies found that app-related and psychological
variables identified as important for engagement with apps for alcohol reduction
at the between-subjects level also fluctuate over time within individuals. The
utility of these variables in predicting two distinct facets of behavioural
engagement (i.e. the frequency and amount of engagement) with an alcohol
reduction app, Drink Less, differed within and between individuals. This
suggests that different strategies to promote engagement may be required for
different individuals, and that such strategies may have differential effects on
the various facets of engagement.

In line with findings from between-subjects studies [349], the receipt of a
proactive reminder was significantly associated with the frequency of
engagement for a few participants. However, this was not the case for all
participants who had opted to have the reminder switched on during the study,
which suggests that some participants may be more responsive to prompts than
others. For some participants, the daily reminder was received in the middle of
a measurement period. As all predictor variables were entered into the same
model, it was not possible to assess whether the receipt of a reminder had a
causal influence on subsequent engagement for these participants. Hence, for
some participants (e.g. P3), the significant association between the receipt of a
reminder and subsequent engagement may not indicate cause and effect.

In contrast to between-subjects studies [310], for a few participants, motivation
to reduce alcohol was significantly associated with the amount, but not
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necessarily the frequency, of engagement with the Drink Less app. This may be
interpreted to suggest that for some participants, being more highly motivated to
reduce alcohol makes one more willing to spend time (and effort) on the app,
providing that one has decided to open the app in the first place.

Previous between-subjects studies have identified a negative relationship of
baseline alcohol consumption with the frequency of engagement, such that the
higher the alcohol consumption, the less frequent the engagement. In the
present study, none of the participants was found to engage with the app at a
lower rate during time periods that followed sessions of heavier alcohol
consumption. Instead, alcohol consumption was positively related to the
frequency and amount of engagement for some participants. It is plausible that
the directionality of the relationship between engagement and the target
behaviour may vary across individuals: while some app users may be more
prone to engage when they are ‘doing well’ (i.e. having abstained from or
consumed less-than-typical amounts of alcohol), the reverse relationship may
hold true for other users.

The variable ‘perceived lack of time’ has typically been explored qualitatively in
interviews with participants who have dropped out of RCTs of DBCIs [164]. For
some participants in the present study, this variable was significantly associated
with fluctuations in the frequency and amount of engagement. However, the
direction of the relationships varied across participants, with some participants
displaying lower rates of the frequency or amount of engagement after having
indicated that they had a lot of time available for the app. It is possible that more
frequent EMAs would help detect a potential non-null relationship between
‘perceived lack of time’ and engagement for some participants: as only two
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measures per day were taken, participants may have rated themselves as
having a lot of time for the app at the time of the measurement, but this might
have changed a few hours later, thus interfering with their app use.

In line with findings from between-subjects studies [53,350], the variable
‘perceived usefulness of the app’ was found to be one of the most consistent
predictors of both the frequency and amount of engagement with the Drink Less
app. However, the direction of the associations differed across participants.
Although ‘perceived usefulness of the app’ tended to be positively associated
with the frequency and amount of engagement, the reverse held true for some
participants. Again, this might be indicative of the need to capture this variable
at a higher resolution (i.e. more frequent EMAs). Alternatively, this variable may
have been subject to social desirability (e.g. participants not wanting to
disappoint the researcher), or the question used to assess this variable might
have been misinterpreted by some participants. This highlights the need for
rigorous piloting of study measures to ensure that participants’ interpretation is
in line with the expected interpretation.

The finding that none of the assessed predictor variables was significantly
associated with the frequency and/or amount of engagement for some
participants begs the question as to what was driving engagement for these
participants. One plausible explanation is that these participants established a
habit or routine to engage with the app (e.g. every time they turned off their TV
in the evening, they checked up on the Drink Less app). This could be tested in
future research to assess whether some participants display more temporal
regularity in their frequency of engagement than others. If this were indeed the
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case, other users could potentially be encouraged to establish routines to
promote engagement with the app [351].

7.5.2 Strengths

To the author’s knowledge, this was the first study to examine within-person
predictors of the frequency and amount of engagement with an alcohol
reduction app. The predictors tested in this study were selected based on prior
evidence from between-person studies (reviewed in Chapter 2) and in-depth
qualitative studies with potential users of alcohol reduction apps (reported in
Chapters 3 and 6). Adherence to the twice-daily EMAs was high (0-16%
missing data), and the automatic recording of the outcome variables in real-time
ensured that participant burden and missing outcome data were minimised.
This study provided initial evidence that it is acceptable to participants to gather
data in this manner.

7.5.3 Limitations

Despite being conceptualised as a series of observational N-of-1 designs,
participants engaged with an active intervention in addition to the study
materials, which consisted of behaviour change techniques known to alter
cognitions and behaviour (e.g. prompts, self-monitoring). It is therefore possible
that both predictor and outcome variables were subject to non-random
fluctuations, which were caused by participants’ engagement with the
intervention itself, or with the study materials. However, as engagement with
DBCIs cannot be studied in isolation, without asking participants to engage with
a given intervention, it was not possible to overcome this particular limitation.
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The study sample was almost exclusively female. As men tend to exhibit more
alcohol-related problems than women [329,330], it is unclear whether the same
patterns of results would be observed in a more balanced or male-dominated
sample. None of the participants dropped out of the study, thus indicating that
they must all have been highly motivated to take part in the research. It is
therefore possible that different patterns of results may be obtained in samples
of less committed participants.

In order to keep participant burden to a minimum, the experiential facets of
engagement during each login session were not assessed. This study was
therefore unable to highlight potentially interesting relationships between the
predictor variables and experiential engagement. Future research should test
the feasibility of employing both time- and event-prompted EMAs, meaning that
users are sent a prompt to respond to a few questions about their experiential
engagement immediately after having engaged with the app. This would need
to be piloted carefully to ensure feasibility given the additional burden on
participants.

7.5.4 Avenues for future research

Qualitative pre- and post-study interviews were conducted with participants in
the present study. Data analysis is planned to investigate explanations for the
differences identified between participants, and the unexpected direction of the
association between ‘perceived usefulness of the app’ and behavioural
engagement observed for some participants.
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7.5.5 Conclusions

This series of N-of-1 designs found that predictors of the frequency and amount
of engagement with an alcohol reduction app differ across individuals. The most
consistent predictor of both frequency and amount of engagement was
perceived usefulness of the app.

7.5.6 Next steps

This was the final empirical study of the thesis. Chapter 8 brings together key
findings from the systematic review and the five empirical studies conducted as
part of this thesis, and highlights implications for research, policy and practice,
in addition to avenues for future research.
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8 CHAPTER 8 – General discussion
This thesis used an interdisciplinary approach, drawing on theoretical
frameworks and methods from the behavioural science and HCI literatures, to
study the problem of engagement with DBCIs, focusing on apps for smoking
cessation and alcohol reduction. Chapters 2-7 of this thesis reported results
from one systematic review and five empirical studies that used a range of
qualitative and quantitative methods to address the following research
objectives:

1. To gain a better understanding of how to conceptualise engagement with
DBCIs
2. To gain a better understanding of how to measure engagement with
DBCIs
3. To identify factors that promote or detract from engagement with DBCIs
in general, and with smoking cessation and alcohol reduction apps in
particular
In this final chapter, the key findings obtained in relation to the research
objectives are first discussed. The following sections provide a reflection on
general strengths and limitations of the research process, as more detailed
issues pertaining to each study are covered at the end of each chapter. The
final sections of this chapter focus on the implications for research, policy and
practice, and unanswered questions and suggestions for future research arising
from this thesis.
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8.1 Summary and interpretation of key findings
8.1.1 Objective 1: To gain a better understanding of how to conceptualise
engagement with DBCIs

Some form of engagement is necessary for DBCIs to be effective. Different
conceptualisations of engagement have emerged both within and across
scientific disciplines. Through i) integrating existing definitions of engagement
from the behavioural science and HCI literatures identified in a systematic
review (Chapter 2), ii) asking potential DBCI users how they understand the
term ‘engagement’ (Chapter 4), and iii) the use of logical reasoning methods to
identify necessary and sufficient conditions for someone to be engaged with a
DBCI (Chapter 4), engagement with DBCIs was conceptualised here as a state
that occurs during the momentary interaction with a DBCI. It was proposed that
the state of engagement necessarily involves two behavioural (i.e. the amount
and depth of DBCI use) and three experiential facets (i.e. attention, interest and
enjoyment). This argument was partially supported by findings from two
empirical studies (Chapters 4 and 5).

The practical utility of the proposed conceptualisation of engagement was
examined by first constructing a self-report measure that assessed the five
dimensions of engagement, subsequently examining how far these dimensions
were related to one another and to key outcome variables in two empirical
studies (Chapters 4 and 5). The results showed that engagement can be
usefully defined both as a behaviour and as a subjective experience, and that
this conceptualisation of engagement can be teased apart from other
psychological states, such as motivation to change the target behaviour.
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However, the hypothesis that engagement is underpinned by five (i.e. attention,
interest, enjoyment, amount of use, depth of use) factors was not supported.
Rather, evidence indicates that engagement is underpinned by two distinct
factors, labelled ‘Experiential Engagement’ and ‘Behavioural Engagement’,
respectively.

Theorists have argued that engagement with DBCIs includes cognitive
dimensions not suggested in this thesis (e.g. the ability to comprehend the
intervention materials and retain key information) [220], or that it does not
include any experiential or cognitive dimensions beyond the behavioural
dimensions (i.e. technology usage) [352]. As it is impossible to objectively
determine the theoretical foundation of psychological constructs [353], the lack
of consensus about the definition of 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 useful for
researchers, practitioners and policy-makers. This thesis found that the addition
of the experiential indicators of engagement to a model including only the
behavioural indicators led to an improvement in model fit when predicting
subsequent behavioural engagement (reported in Chapters 4 and 5). This
suggests that the definition of engagement proposed in this thesis has added
predictive power compared with definitions focusing solely on technology
usage.
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8.1.2 Objective 2: To gain a better understanding of how to measure
engagement with DBCIs

Existing ways of measuring engagement with DBCIs include objectively
recorded usage data from apps and websites, self-report questionnaires,
qualitative methods, observational methods, sensor data from wearables and
psychophysical measures of attention and arousal (reviewed in Chapter 2). As it
was considered useful to be able to compare engagement levels across DBCIs
in a standardised way, a self-report scale was developed. The ‘DBCI
Engagement Scale’ was constructed with input from potential users and
evaluated in two different populations of users who were willing to download
and explore the Drink Less app (reported in Chapters 4 and 5). The overall
measure was found to be predictive of subsequent behavioural engagement in
the second, but not the first, evaluation study. Criterion and divergent validity
were not established, and the scale’s internal consistency reliability was
questionable. Although it must be concluded that the ‘DBCI Engagement Scale’
requires further refinement before it is ready for routine use, the scale has
demonstrated potential as an instrument that could be useful for researchers,
policy-makers and practitioners.

8.1.3 To identify factors that promote or detract from engagement with
DBCIs in general, and with smoking cessation and alcohol
reduction apps in particular

A conceptual framework of factors that promote or detract from engagement
with DBCIs was developed in Chapter 2. Specific influences on engagement
with apps for smoking cessation and alcohol reduction were explored in
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Chapters 3, 6 and 7 through the use of think aloud and interview techniques,
focus group and survey methodology and a series of N-of-1 designs. The last
two empirical studies focused exclusively on apps for alcohol reduction.

The factors judged to be most important for the uptake of apps for smoking
cessation and alcohol reduction were the immediate look and feel of the app
(which included perceived ease of use and appealing aesthetics), ‘social proof’
and titles that appear realistic (Chapter 3). Some factors were initially
mentioned as important for engagement (i.e. credibility, accuracy, familiarity),
but were identified as being more important for the initial uptake of apps (as
opposed to subsequent engagement) in a later study using a different
methodology (reported in Chapter 6).

The design features expected to be most important for engagement by potential
users were those that enhance their motivation to change the target behaviour,
foster their beliefs about the perceived usefulness and relevance of the app,
and spark their interest (Chapters 2, 3 and 6). The relative importance of these
factors in predicting the frequency and amount of engagement with the Drink
Less app was found to differ both within and between individuals (Chapter 7).
However, the most consistent psychological predictor of the frequency and
amount of engagement was perceived usefulness of the app. Specific design
recommendations based on these findings are outlined in the section labelled
‘Implications for research, policy and practice’.

The finding that perceived usefulness of the app is a key predictor of
engagement with apps for smoking cessation and alcohol reduction lends
partial support to the Technology Acceptance Model (TAM) [52]. The TAM is
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centred on two constructs – perceived ease of use and perceived usefulness –
which are expected to jointly contribute to intentions to use technology.
However, as intentions do not always translate into action (known in the
behaviour change literature as the ‘intention-behaviour gap’) [54], the ability of
TAM to predict actual DBCI engagement was unclear prior to this thesis. In
particular, the findings from the series of N-of-1 designs (Chapter 7) suggest
that perceived usefulness is not only predictive of intentions to engage, but also
of behavioural engagement. This finding, coupled with the observation that
participants in Study 5 expected that design features that spark their interest
are important for engagement, can also be interpreted within the context of
Ryan and Deci’s Self-Determination Theory (SDT). The SDT distinguishes
between ‘intrinsic motivation’ (i.e. the performance of an activity for no apparent
reason other than it being perceived as enjoyable or interesting in itself) and
‘extrinsic motivation’ (i.e. the performance of an activity because it is perceived
to be instrumental in achieving some other valued outcome, distinct from the
activity itself) [55]. The observation that users are driven to engage with apps
when they perceive these to be useful for achieving a particular goal (e.g.
reducing their drinking) suggests that extrinsic motivation plays an important
role in the promotion of engagement with DBCIs. Given that DBCIs are
designed to achieve outcomes that are distinct from the activity of engaging
with the DBCI itself, this is not a surprising finding. However, the finding that
potential users expected that they would be more prone to engage with a DBCI
if it sparked their interest suggests that intrinsic motivation to engage with the
DBCI itself also plays a key role in the promotion of engagement with DBCIs.

The results from this thesis can also be linked to the User Experience (UX)
perspective, which is concerned with the ability of interactive products to satisfy
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users’ need for autonomy (defined as the feeling of being in control of one’s
actions), stimulation (defined as the feeling of pleasure and interest), meaning,
or relatedness to other people [56,57]. Many participants in the studies reported
in Chapters 3 and 6 mentioned that they did not want to share progress or
discuss behaviour change strategies with other app users. Coupled with the
finding that perceived usefulness and perceived personal relevance were
identified as key predictors of engagement, this may be interpreted to suggest
that DBCI users not only have a need for relatedness to other people (which
may or may not be mediated by the technology), but also a need for
‘relatedness to the technology itself’, which could perhaps be defined as ‘the
feeling that the app speaks directly to the user’.

The findings from this thesis also lend empirical support to the Behaviour
Change Intervention Ontology [9]. Results from the studies reported in Chapters
2, 3, 6 and 7 indicate that the DBCI itself (i.e. content and delivery), the context
of use (i.e. the setting in which the DBCI is used and characteristics of the
population using it) and the target behaviour (e.g. alcohol consumption) do
indeed influence engagement with DBCIs. The finding that not only baseline,
but also daily levels of motivation to change and perceived usefulness of the
app when interacting with a DBCI are significantly associated with engagement,
may be interpreted to suggest that ‘mechanisms of action’ of the DBCI (i.e.
psychological processes that change due to interactions with the intervention)
also influence engagement.
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8.2 Strengths
This thesis has several strengths, particularly from a methodological viewpoint:
a range of qualitative and quantitative methods (i.e. mixed-methods) were used
to address the same research questions. This helped overcome well-known
limitations associated with each method, as data sources were triangulated.
The use of novel research methods (e.g. the new ranking task paradigm
developed as part of Chapter 6, the series of N-of-1 designs in Chapter 7) also
facilitated this. Moreover, the research conducted as part of this thesis was
interdisciplinary in scope, drawing on theoretical frameworks and methods from
the behavioural science and HCI literatures. Although interdisciplinary research
comes with its particular challenges [354], the interdisciplinary approach
constitutes a key strength of this thesis, as a broader range of factors were
considered, and a wider range of research methods were employed, than if the
research had been confined to a single scientific discipline.

8.3 Limitations
This thesis had a broad scope: rather than focusing efforts either on the
development of a self-report scale or on the identification of factors that promote
engagement, both of these areas were covered. More work is required to refine
and test the ‘DBCI Engagement Scale’ before it can be used in routine practice,
and more experimental work is required to test the conceptual framework of
factors that influence engagement with DBCIs.

Due to the nature of the methods used in this thesis, little knowledge was
generated with regards to the specific characteristics of the setting of use that
may influence engagement with apps for smoking cessation and alcohol
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reduction. Moreover, this thesis focused only on one mode of delivery (i.e.
smartphone apps) and two different behaviours, with more emphasis on alcohol
than smoking towards the end of the thesis. Although research methods similar
to those used in this thesis could be employed to test whether the findings
generalise to DBCIs for other behaviours (e.g. physical activity), different
methods are required to identify what environmental factors may influence
engagement with apps for smoking cessation and alcohol reduction. For
example, the use of sensor data, such as the smartphone’s global positioning
system, could be used for this purpose.

8.4 Implications for research, policy and practice
8.4.1 Research

Due to the observed non-normal distributions of the scale items that jointly
formed the ‘DBCI Engagement Scale’, a decision was made to use z-score
normalisation. Consequently, total scores on the ‘DBCI Engagement Scale’ are
only meaningful in relation to the average intensity of experiential and
behavioural engagement that a particular DBCI generates. This may facilitate
attempts to develop cut-offs for ‘high’ and ‘low’ engagers across DBCIs,
irrespective of their specific parameters (e.g. the number and length of
intervention components). For example, users with scores that fall within a
particular range of standard deviations above or below the mean might usefully
be classified as ‘high’ and ‘low’ engagers, respectively, and these patterns may
replicate across DBCIs. This merits exploration by evaluating the ‘DBCI
Engagement Scale’ across different kinds of DBCIs (e.g. apps for smoking
cessation or physical activity).
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Moreover, the finding that fluctuations in psychological and app-related
variables are associated with variability in engagement suggests that different
intervention strategies may be effective for different users, at different points in
time. Hence, just-in-time adaptive interventions (JITAIs) [274] may be a
promising intervention strategy to test in future research. The JITAI is a type of
intervention that is specifically designed to address the dynamically changing
needs of individuals. JITAIs rely on inputs from, for example, EMAs or sensor
data collected via wearables to make decisions as to whether an intervention
should be delivered at a particular moment in time or not and if so, what type of
intervention to deliver. For example, a JITAI could be delivered when an
individual’s level of perceived usefulness of the app or motivation to reduce
alcohol is below a given threshold for action. The utility of JITAIs for promoting
engagement with apps for alcohol reduction should be explored in future
research.

8.4.2 Policy

The results of this thesis have implications for digital health policy: a shared
definition and measure of engagement can be used to help policy-makers and
commissioners to set evaluation standards for health apps and other DBCIs.
For example, the UK National Health Service’s Apps Library
(https://apps.beta.nhs.uk/), which endorses health apps that meet particular
criteria, currently asks developers to provide evidence of effectiveness,
usability, technical stability and data protection. Findings from this thesis
suggest that the Apps Library should also require developers to report
information about observed engagement levels in different subgroups of users,

244

to ensure that products are of a certain standard before they are promoted
more widely.

8.4.3 Practice

As smokers and drinkers tend to select apps at least partly based on their
immediate look and feel, it is important for healthcare professionals to
collaborate with interaction design experts to develop evidence-based smoking
cessation and alcohol reduction apps that are on a par with other commercially
available apps in terms of aesthetics and usability. As smokers and drinkers
were found to rely on ‘social proof’ (i.e. other users’ ratings and brand
recognition) when selecting apps, this could be leveraged by researchers and
practitioners by initiating collaborations with developers of popular apps or apps
from well-known brands. For example, it might be more fruitful to modify the
content of a well-established app with an existing client base rather than
developing a novel smoking cessation or alcohol reduction app.

The finding that users may continue to engage with smoking cessation and
alcohol reduction apps only if they are regularly provided with information or
features that pique their interest suggests that this needs to be considered in
the design process. The possibility of preventing disengagement by providing
features that meet users’ need for stimulation (e.g. novelty, narrative features,
interactive features) should therefore be explored.

The finding that smokers and drinkers are more willing to engage with apps that
provide options regarding quitting strategy poses a design challenge. As
evidence suggests that some quitting strategies are more effective than others
on average – for example, quitting smoking ‘cold turkey’ tends to be more
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effective than gradual reduction [355] – designers might benefit from using
persuasive design elements (as suggested by the Persuasive Systems Design
Model), such as providing tutorials and guidance, using tunnelling techniques
(i.e. making users click through a pre-specified sequence of pages), or making
use of normative influence, to attempt to modify users’ beliefs and attitudes [61].

Findings from this thesis also suggest that the specifics of how to personalise
content to support smokers’ and drinkers’ needs merit further investigation. A
data-driven approach using machine-learning techniques might be helpful in
advancing the knowledge on how to meaningfully tailor app content according
to individual differences. For example, machine-learning techniques were
recently applied to data from the ‘E-COMPARED’ project, an RCT comparing
treatment as usual with blended therapy (i.e. internet-based therapy in
combination with face-to-face support) in adults with major depressive disorder.
Baseline data (e.g. depression and anxiety scores) were used to predict
outcomes and treatment cost, which were subsequently used to derive
individual treatment recommendations [356]. In a similar vein, decisions about
the type of feedback to provide in apps for smoking cessation and alcohol
reduction, or whether or not to offer features that link users with others on social
media, could be made based on individual preferences at baseline, to foster a
sense of perceived usefulness and personal relevance. It has been proposed
that tailoring of content or features based on psychological constructs (e.g. the
need for relatedness to other people or to the technology itself) is more effective
than tailoring based on behaviour, which is in turn more effective than tailoring
based on demographic characteristics [357]. Tailoring on users’ underlying
psychological needs, such as the need for relatedness or stimulation, thus
constitutes an avenue for future research.
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The finding that few smokers and drinkers wanted to use the apps in social
settings should be considered in the design process. Smoking and drinking are
perceived as more private than, for example, physical activity behaviours,
perhaps due to social stigma [271,272]. It should therefore not be assumed that
features typically included in apps targeting other types of behaviour (e.g.
physical activity) can successfully be transferred to those targeting smoking and
drinking. The hypothesis that smokers and drinkers might engage more with
apps that suggest how to replace smoking and drinking with other activities, as
opposed to those that provide in-the-moment support, could be tested in future
research. See Table 8.1. for a summary of design recommendations.
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Table 8.1. Summary of key design recommendations.

Category

Design Recommendations

How can the reach of
evidence-based apps
be improved?

Develop smoking cessation and alcohol reduction apps
that are on a par with other commercially available apps
in terms of aesthetics and usability, perhaps including
collaboration with interaction design experts.
Researchers and practitioners may consider initiating
collaborations with developers of popular apps and/or
apps from well-known brands to leverage their existing
‘social proof’.
Use simple and straightforward titles that include key
words (e.g. “quit smoking” or “drink less alcohol”).

How can engagement
with apps for smoking
cessation and alcohol
reduction be improved?

Use persuasive design elements (e.g. guidance,
tunnelling, personalisation, normative influence) to modify
users’ beliefs about how to quit smoking or reduce their
drinking, or their beliefs about the app being personally
relevant to them and their particular situation.
Consider users’ need for stimulation with a view to
sparking users’ interest during each DBCI interaction (e.g.
novelty, interactivity, narrative features).
Use machine-learning techniques to explore how to
meaningfully tailor content according to individual
differences.
Consider the online and offline social preferences of the
target population. For example, it might be more fruitful to
focus on behaviour substitution or problem solving, as
opposed to in-the-moment support, for smokers and
drinkers.

8.5 Unanswered questions and avenues for future research
Engagement was conceptualised here as a state with experiential and
behavioural facets which can vary in intensity. The claim that engagement is a
state (rather than an enduring trait) was not tested empirically. State variables
should vary as situational contingencies change (i.e. they should have low testretest reliability) [290]. Future research should therefore test whether, when
holding contextual factors constant (e.g. population and setting of use), the
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state of engagement varies across different DBCIs (e.g. two differently designed
apps for alcohol reduction).

In line with theories of behaviour change [358], engagement with DBCIs may be
more usefully conceptualised as a behaviour that is influenced by multiple,
dynamically interacting intra- and extra- individual factors (e.g. psychological,
social, environmental). It may therefore 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 behaviour (sometimes referred
to as ‘state-space representations’ of when a particular intervention produces a
given effect) [359]. For example, the likelihood that a user engages
behaviourally with an alcohol reduction app (i.e. the frequency of engagement)
may increase if, for example, (i) their belief that the app is useful to them is
above a certain threshold for action, (ii) their daily level of motivation to reduce
drinking is high, and (iii) they are not surrounded by others who drink. However,
the likelihood that a user spends time on the app (conditional on them having
decided to engage with the app in the first place) may increase if, for example,
(i) they are experiencing enjoyment and/or interest whilst interacting with the
app (also referred to as ‘intrinsic motivation’ [55]), (ii) they are not stressed, and
(iii) they are not distracted by external stimuli. The inter-relationships between
such variables should be tested using EMAs to gather temporally rich,
contextualised data [226], which can be modelled using computational
techniques from control systems engineering (e.g. dynamic systems modelling)
[275].

Moreover, future attempts to validate state-based measures of engagement
should carefully consider other indicators of predictive validity. For example, it is
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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 (ELMP) [63]. The ELMP argues that deeper information processing
(which tends to occur when one is paying attention to the content), which can
be manipulated by persuasive design features, leads to better knowledge
retention. This merits exploration in future research.

Findings from this thesis also beg the question as to what sources of motivation
are most supportive of engagement. This should be investigated experimentally
through A/B testing or factorial experiments. It may, for example, be
hypothesised that features that support users’ intrinsic motivation to engage
with the app (e.g. novelty features, interactive features) will differentially impact
on the frequency of engagement, as compared with features that support users’
extrinsic motivation (e.g. perceived usefulness and relevance of the app).

8.6 Concluding remarks
Some form of engagement is necessary for DBCIs to be effective. This thesis
aimed to gain a better understanding of how to define, measure and promote
engagement with DBCIs in general, and with apps for smoking cessation and
alcohol reduction in particular. This was achieved through the use of a range of
qualitative and quantitative methods. Engagement was usefully defined both as
a subjective experience and as a behaviour, and a self-report measure with
promising psychometric properties was developed and evaluated. Results from
one-to-one interviews, focus groups and a series of N-of-1 designs showed that
design features that enhance users’ motivation to change the target behaviour,
that foster their beliefs about the perceived usefulness and relevance of the
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app, and that spark their interest are most important for promoting engagement
with apps for smoking cessation and alcohol reduction. These findings can be
used to inform the design of new, or modification of existing, apps for these
behaviours.
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Appendix 1 – Electronic search strategy (Study 1)
1. “user engagement”.ti,ab,sh.
2. engag*.ti,sh.
3. immersion.ti,sh.
4. flow.ti,sh.
5. involvement.ti,sh.
6. presence.ti,sh.
7. adherence.ti,sh.
8. attrition.ti,sh.
9. 1 OR 2 OR 3 OR 4 OR 5 OR 6 OR 7 OR 8
10. digital.ti,sh.
11. web*.ti,sh.
12. computer.ti,sh.
13. online.ti,sh.
14. technology.ti,sh.
15. mobile.ti,sh.
16. smartphone.ti,sh.
17. 10 OR 11 OR 12 OR 13 OR 14 OR 15 OR 16
18. “behavior?r change”.ti,ab,sh.
19. intervention.ti,ab,sh.
20. game*.ti,ab,sh.
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21. multimedia.ti,ab,sh.
22. 18 OR 19 OR 20 OR 21
23. 9 AND 17 AND 22

314

Appendix 2 – Characteristics of included studies (Study 1)
Authors
(Year)

Country

Study aim

Population

Technology

Programme
length

Participant
characteristics

Study design

Data collection
method

Al-Asadi et al.
(2014)

Australia

To identify predictors of pre-treatment
attrition and formal withdrawal from the
Anxiety Online program.

Anxiety

Website

12 weeks

N = 3,880;

Cohort

Survey

Cohort

Survey

Secondary analysis
of RCT data,
intervention arm

Website logs

Mean age (SD) =
36.4 (12.1);
% Female = 68.3

An et al.
(2006)

US

To identify rates of participation in the
RealU intervention.

Smokers

Website

20 weeks

N = 257;
Mean age (SD) =
20.1 (1.6);

Arden-Close
et al. (2015)

UK

To examine patterns of web usage
amongst obese primary care patients
within the POWeR intervention.

Obese individuals

Website

12 weeks

N= 132;
Mean age (SD) =
51.6 (13.0);

315

% Female = 70

% Female = 66
Bellg et al.
(2004)

UK

To conceptualise treatment fidelity and
to offer recommendations for how to
incorporate fidelity measures into
intervention research.

N/A

N/A

N/A

N/A

Review, narrative
synthesis

N/A

Ben-Zeev et
al. (2014)

US

To assess the usability of and
engagement with a mobile phone
intervention.

Serious mental
illness/substance
abuse

Mobile
phone

12 weeks

N = 17;

Pre- posttest

Text-message log

Experimental,
between-subjects
design

Exoskeleton to
measure upper body
joint movement and
video camera

Mean age (SD) =
40.5 (11.6);
% Female = 41

BianchiBerthouze et
al. (2007)

UK

To understand video game
engagement based on body
movements.

Healthy adults

Digital game

N/A

N = 14;
Mean age (SD) =
25.0 (4.4)

Borrelli
(2011)

US

To discuss the assessment, monitoring,
and enhancement of treatment fidelity in
public health trials.

N/A

N/A

N/A

N/A

Review, narrative synthesis

N/A

Bossen et
al. (2013)

The
Netherlands

To explore patient and study characteristics
that facilitate or hinder usage of a Webbased physical activity intervention.

Patients diagnosed
with hip and/or knee
osteoarthritis

Website

9
weeks

N = 199;

Mixed methods including
secondary analysis of RCT
data, intervention arm

Website logs and
face-to-face
interviews

Mean age
(SD) = 60.0
(6.3);

Bouvier et
al. (2014)

France

To gain a better understanding of what it
means to be engaged and how to decide
whether a behaviour reflects engagement
or not.

Healthy adults

Digital game

N/A

N/A

Review, narrative synthesis

N/A

Boyle et al.
(2012)

UK

To explore the diverse aspects of
engagement and to develop a coherent
understanding of engagement in computer
games.

N/A

Digital game

N/A

N/A

Systematic review,
narrative synthesis

N/A

Brigham
(2015)

US

To explain the term ‘gamification’ and its
current use.

N/A

N/A

N/A

N/A

Review, narrative synthesis

N/A

Brouwer et
al. (2011)

The
Netherlands

To identify methods that promote better
exposure to internet interventions.

Primary prevention of
physical chronic
disease

Internetdelivered
interventions

N/A

N/A

Systematic review,
narrative synthesis

N/A

Brown &
Cairns
(2004)

UK

To develop a grounded theory of
immersion.

Healthy adults

Digital game

N/A

N = 7;

Qualitative

Face-to-face
interviews

% Female =
43

316

% Female =
63

Burns & Fairclough
(2015)

UK

To quantify the degree of immersion in a digital
world.

Healthy adults

Digital game

N/A

N = 20;
Mean age
(SD) = 23.7
(4.2);

Experimental, mixed
design

Event-related potentials
to task-irrelevant stimuli

Experimental, withinsubjects design

Questionnaires

% Female =
35
Cairns et al. (2013)

UK

To explore how social play influences the
immersive experience of digital gameplay.

Healthy adults

Digital game

N/A

N = 24;
% Female =
42

Calleja (2007)

Australia

To develop a conceptual model for
understanding game involvement.

N/A

Digital game

N/A

N/A

Review, narrative
synthesis

N/A

Carter et al. (2013)

UK

To compare the acceptability of a selfmonitoring weight management intervention
delivered by a smartphone app with that of a
website.

Overweight
individuals

Smartphone
app, website

6
weeks

N = 128;

RCT

Usage data

Experimental,
between-subjects
design

Questionnaires

Secondary analysis of
RCT data, intervention
arm

Usage data

317

Mean age
(SD) = 41.2
(8.5);
% Female =
77

Chapman,
Selvarajah, &
Webster (1999)

Canada

Chen et al. (2015)

US

To examine engagement in two types of
multimedia training systems.

Healthy adults

To explore the nature of engagement with an
online workshop for cancer survivors.

Cancer
survivors

Interactive
software

N/A

Web-based

8
weeks

N = 72;
% Female =
69
N = 127;
Mean age
(range) = 52
(26-81);
% Female =
82

Taiwan

Chou et al.
(2014)

Taiwan

Christensen et
al. (2009)

To explore online game players’ flow experiences.

Healthy
adults

Digital game

N/A

To explore design factors that increase flow
experience in mobile games.

Healthy
adults

Mobile phone

N/A

Australia

To review rates of adherence to internet
interventions for anxiety and depression.

Anxiety,
depression

Internet-based
interventions

Chung &
Gardner (2012)

Australia

To assess the effect of different kinds of induced
interruptions on players’ presence in a virtual
reality theatre.

Healthy
adults

Digital game

Couper et al.
(2012)

US

To explore the qualities of engagement in an
online intervention designed to promote fruit and
vegetable consumption.

Healthy
adults

Website

N = 30;

Experimental, withinsubjects design

Questionnaires

N = 234

Qualitative

Focus groups

N/A

N/A

Systematic review,
narrative synthesis

N/A

N/A

N = 36;

Experimental, mixed
design

Questionnaires

RCT

Usage data

Experimental,
between-subjects
design

Questionnaires

Experimental,
between-subjects
design

Questionnaires

% Female = 63

Mean age
(SD) = 22.4
(2.9)
4
months

N = 2513;
Mean age =
46.3;

318

Chiang et al.
(2011)

% Female = 69
Crutzen et al.
(2012)

The
Netherlands

To assess whether user control increases website
use.

Healthy
adults

Website

N/A

N = 668;
Mean age
(SD) = 49.0
(16.0);
% Female =
49.7

Crutzen et al.
(2013)

The
Netherlands

To assess whether social presence may increase
website use.

Healthy
adults

Website

N/A

N = 458;
Mean age
(SD) = 49.0
(16.0);
% Female = 50

Cugelman
et al. (2011)

UK

Cussler et
al. (2008)

US

To explore the effect of persuasive and psychological
design features to inform the development of online
campaigns that seek to encourage health behaviour
change.

Healthy adults

To compare weight regain in women randomised to
receive an online intervention and those randomised to
self-directed weight maintenance.

Overweight and
obese women

Internet-based
interventions

N/A

Website

12 months

N = 6028;
% Female = 48

N = 161;

Systematic
review, metaanalysis

N/A

RCT

Website
logs

Mean age (SD) =
48.0 (4.4);

Danaher et
al. (2006)

US

To describe initial patterns of participant exposure to
ChewFree.com.

Smokeless
tobacco users

Website

6 weeks

N = 2523

RCT

Website
logs

Davies et
al. (2012)

Australia

To assess the relationship between website
engagement and intervention outcomes in 10,000 Steps
Australia.

Healthy adults

Website

24 months

N = 348;

Cohort

Website
logs

Dennison et
al. (2014)

UK

To assess whether POWeR intervention usage was
enhanced by the addition of brief telephone coaching.

Overweight
individuals

RCT

Website
logs

% Female = 64
Website

12 weeks

N = 786;
Mean age (SD) =
44.0 (12.7);
% Female = 80

Donkin et
al. (2011)

Australia

To describe methods used to assess adherence to etherapy and to evaluate the association of adherence
and intervention outcomes.

Physical illness
and mental health

Technology-driven
interventions

N/A

N = 34,465

Systematic
review,
narrative
synthesis

N/A

Donovan et
al. (2015)

US

To assess the efficacy of Wellness & Success among
community and college students.

Alcohol and other
drug users

Computer-based

120 minutes

N = 415;

RCT

Website
logs

Mean age (SD) =
21.4 (2.2);
% Female = 73
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% Female = 100,

Fang et al.
(2013)

US

To develop an instrument to measure flow elements in
computer gameplay.

N/A

Digital game

N/A

N/A

Instrument
development
and validation

Survey

Ferguson
(2015)

UK

To examine adherence to online interventions for
individuals with hearing loss.

Hearing loss

Web-based

4 weeks

N = 44;

RCT

Website
logs

RCT

Website
logs

RCT

Survey

RCT

Website
logs

Secondary
analysis of RCT
data

Website
logs

Mean age (SD) =
65.3 (5.7);
% Female = 34

US

Geraghty
et al.
(2013)

US

To examine website use patterns associated with
long-term weight maintenance.

Overweight individuals at
risk of cardiovascular
disease

Website

To model attrition in a dual-language internet smoking
cessation intervention.

English or Spanish speaking
smokers

Internet
intervention

30 months

N = 348;
% Female = 63

4 weeks

N = 16430;
Mean age (SD) =
36.2 (10.7);
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Funk et al.
(2010)

% Female = 47
Glasgow et
al. (2011)

US

To characterise usage patterns in the My Path selfmanagement website.

Individuals with Type 2
diabetes

Website

4 months

N = 270;
Mean age = 60;
% Female = 48

Graham et
al. (2013)

US

To determine whether smokers recruited during the
New Year period differed on website utilisation rates
compared with smokers recruited during other time
periods.

Smokers

Website

3 months

N = 136;
Mean age (SD) =
43.2 (12.3);
% Female = 71

Habibovic et
al. (2014)

The
Netherlands

To assess characteristics of ‘completers’ and ‘noncompleters’ in the WEBCARE intervention.

Patients with
cardioverter
defibrillators

Website

12
weeks

N = 146;

RCT

Website logs

Cohort

Manual entry of
website activities

Pre- posttest

Website logs

Experimental,
within-subjects
design

ECG recording,
respiratory belt

RCT

Questionnaires

Cohort

Usage data

Mean age (SD) =
58.2 (9.9);
% Female = 18

HainesSaah et al.
(2015)

Canada

To determine the feasibility of engaging young
adults in a user-driven, online support forum for
smoking cessation.

Smokers

Web-based

12
weeks

N = 60;
Mean age = 21
(range: 19-24);
% Female = 43

Han et al.
(2012)

US

To assess social and psychological characteristics
predictive of different levels of engagement with an
online support group.

Women with a
diagnosis of breast
cancer

Web-based

4
months

N = 231;
Mean age = 51;

Harmat et
al. (2015)

Sweden

To assess the co-variation of subjective ratings of
flow with cardiovascular and respiratory responses
whilst playing a computer game.

Healthy adults

Digital game

N/A

N = 77;
Mean age (SD) =
27.8 (5.4);
% Female = 52

Herbert et
al. (2010)

Canada

Helander et
al. (2014)

Finland

To examine whether the Theory of Planned
Behaviour and the Transtheoretical Model are able
to explain adherence and attrition in an online
intervention.

Chronic insomnia

To assess factors associated with sustained use of
The Eatery, a mobile app that promotes healthy
eating.

Individuals
interested in
healthy eating

Website

5 weeks

N = 94;
% Female = 62

Smartphone
app

N/A

N = 189,770
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% Female = 100

Henshaw et
al. (2015)

UK

HilvertBruce et al.
(2012)

Australia

To explore motivations for uptake,
engagement, and adherence to a
computer-based auditory training
programme.

Hearing loss

To examine whether non-completers drop
out due to lack of efficacy and whether
changes in delivery or clinician contact
improve adherence.

Anxiety,
depression

Computerbased

4 weeks

Online
intervention

N/A

N = 44;
Age range = 50-74

Study 1: N = 2107;

Randomised,
quasi-crossover

Questionnaires,
focus group

Pre- posttest

Website logs

Cross-sectional

Survey

Systematic
review, metaanalysis;

Face-to-face
interviews, focus
groups

Mean age (SD) = 40.1
(13.7);
% Female = 64
Study 2: N = 1108;
Mean age (SD) = 39.1
(13.6); % Female = 62

Mean age (SD) = 40.1
(13.8); % Female = 64
Hong et al.
(2012)

Taiwan

Horsch et
al. (2015)

The
Netherlands

To assess whether computer self-efficacy
and ‘competitive anxiety’ are associated
with flow.

Healthy adults

To gain insight into strategies that enhance
adherence to technology-mediated
treatment.

Insomnia

N/A

N/A

N = 101;
% Female = 56

Internet-based
interventions

N/A

N = 2,961

Qualitative
Hsu & Lu
(2004)

Taiwan

Hwang et
al. (2011)

Taiwan

To identify predictors of users’ acceptance
of online games.

Healthy adults

To explore the perceived usability of video
games in an elderly population.

Elderly
individuals (> 60
years)

Digital game

N/A

N = 233;

Cross-sectional

Survey

Qualitative

Interviews and
observation

% Female = 20
Digital game

N/A

N = 60;
% Female = 53
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Study 3: N = 1090;

Irvine et al.
(2015)

US

Jahangiry et
al. (2014)

Iran

To evaluate the efficacy of FitBack.

To assess adherence and attrition in a
lifestyle intervention.

Individuals with nonspecific lower back
pain

Mobile
web app

8 weeks

Individuals with
metabolic syndrome

Website

6 months

N = 597;

RCT

Questionnaires

RCT

Attendance at
follow-up
assessment

Experimental,
between-subjects
design

Questionnaires,
eye tracking

% Female = 58
N = 160;
Mean age (SD) =
44.5 (10);
% Female = 34

Jennett et al.
(2008)

UK

To assess whether immersion can be
defined quantitatively.

Healthy adults

Digital
game

N/A

N = 40;
Mean age (SD) =
21.0 (3.5);

Jennings
(2000)

US

To describe theory and research from
different disciplines relevant to creating
engaging websites.

N/A

Website

N/A

N/A

Review, narrative
synthesis

N/A

Johansson
et al. (2015)

Sweden

To explore participants’ experiences of nonadherence to Internet-delivered
psychological treatment.

Generalised anxiety
disorder

Website

8 weeks

N = 7;

Qualitative

Face-to-face
interviews

Systematic
review, narrative
synthesis

N/A

Mean age (SD) =
39.3 (17.1);
% Female = 86

Kelders et al.
(2012)

The
Netherlands

To investigate whether particular
intervention characteristics and persuasive
design elements influence adherence to
web-based interventions.

Health interventions

Webbased

N/A

N/A
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% Female = 75

Khadjesari
et al.
(2011)

UK

To determine the impact of incentives on
follow-up rates in an online trial.

Alcohol users

Website

12 months

N = 7,935;

RCT

Questionnaires

Crosssectional

Survey

Mean age = 38;

Kim et al.
(2013)

US

To test whether a novel mobile user
engagement model may explain intention to
engage.

Healthy adults

Klein et al.
(2014)

Smartphone

N/A

N = 297;

The
Netherlands

To assess the functioning of an intelligent
mobile support system for therapy adherence
and behaviour change.

Individuals with Type 2
diabetes, HIV, and/or
cardiovascular disease

Smartphone app

N/A

N = 17

Pre- posttest

Survey

Kok et al.
(2014)

The
Netherlands

To examine user characteristics associated
with adherence to the Mobile CT programme.

Depression

Website and
mobile phone

8 weeks

N = 129

RCT,
intervention
arm

Website logs

Kuijpers et
al. (2013)

The
Netherlands

To explore the possible relevance of webbased interventions aimed at increasing
empowerment and physical activity in
individuals with chronic illness for cancer
survivors.

Chronic illness

Web-based

N/A

N/A

Systematic
review,
narrative
synthesis

N/A

Lefebvre et
al. (2010)

US

To develop an instrument to measure
engagement with health information.

Healthy adults

Website

N/A

N = 230;

Instrument
development
and validation

Questionnaires

Leslie et al.
(2005)

Australia

To describe engagement and retention with a
physical activity website in a workplace
setting.

Healthy adults

RCT,
intervention
arm

Website logs

% Female = 50

% Female = 60
Website

8 weeks

N = 655;
Mean age = 43;
% Female = 50

324

% Female = 57

Lieberman
(2006)

US

To develop and evaluate the effect of a
personified guide on adherence to an online
alcohol reduction programme.

Alcohol users

Website

N/A

N = 288;

RCT

Website
logs

Mean age (SD)
= 36.0 (12.1);

Lin & Wu (2014)

China

To assess the impact of SMS reminders on
adherence to follow-up in digital health
interventions.

Health interventions

Mobile phone

N/A

N = 12,783

Systematic review,
meta-analysis

N/A

Liu et al. (2009)

Taiwan

To examine user acceptance of three kinds of
streaming media (text, audio, and video) during
online learning.

Healthy adults

Multimedia

N/A

N = 88

Experimental,
between-subjects
design

Survey

Ludden et al.
(2015)

The
Netherlands

To assess the impact of different design features
on adherence to web-based wellbeing
interventions.

Healthy adults

Web-based

N/A

N/A

Review, narrative
synthesis

N/A

Mahmassani et
al. (2010)

US

To examine user behaviour in a multiplayer
online role-playing game.

Healthy adults

Digital game

N/A

N/A

Cohort

Game
logs

Manwaring et al.
(2008)

US

To assess whether adherence predicts outcomes
in an online programme for the prevention of
eating disorders.

Individuals with high
levels of weight concern

Internet
intervention

8
weeks

N = 209;

RCT, intervention arm

Website
logs

% Female =
100
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% Female = 31

Martey et al.
(2014)

US

To examine the relationships among
different measures of engagement.

Healthy
adults

Digital
game

N/A

Study 1: N = 280;
Mean age = 21;

Experimental,
between-subjects
design

Questionnaires, electrodermal activity, mouse clicks,
and mouse movement

RCT

Questionnaires

% Female = 59
Study 2: N = 480;
Mean age = 19.5;
% Female = 65
Australia

To evaluate the dropout rate for an internetbased intervention for erectile dysfunction.

Erectile
dysfunction

Website

McCambridge et
al. (2011)
McClure et al.
(2013)

12
weeks

N = 44;

UK

To determine whether differences in length
and relevance of follow-up questionnaires
have an impact on loss to follow-up.

Alcohol
users

Website

12
months

N = 8,060

RCT

Questionnaires

US

To explore the effect of four design features
on engagement with an internet-based
smoking cessation programme.

Smokers

Website

8 weeks

N = 1865;

Multiphase
optimization
strategy trial

Website logs

RCT, intervention
arm

Website logs, survey

% Female = 0

Mean age (SD) =
44.2 (14.7);

326

McCabe & Price
(2009)

% Female = 63
Meischke et al.
(2011)

US

To determine the characteristics of parents
who engage with an internet-based health
intervention for their children.

Parents to
children with
asthma

Website

6
months

N = 283

Miller,
Cafazzo, &
Seto (2014)

Canada

To examine effective use of gamification design
principles in developing mHealth apps.

Chronic
illness

Smartphone
app

N/A

N/A

Review,
narrative
synthesis

N/A

Mohr et al.
(2013)

US

To evaluate the efficacy of telephone coaching in
improving adherence to MoodManager.

Depression

Website

12 weeks

N = 101

RCT

Website logs

Morris et al.
(2015)

US

To introduce and evaluate a web-based, peer-to-peer
cognitive reappraisal platform.

Depression

Website

3 weeks

N = 166;

RCT

Website logs,
questionnaires

Mean age (SD) = 23.7
(5.3);
% Female = 72

Morrison &
Doherty
(2014)

UK

To conduct an exploration of the use of visualisations of
log data to improve understanding of engagement with
web-based interventions.

Depression

Website

N/A

N = 326

Secondary
analysis of
cohort data

Website logs

Morrison et al.
(2014)

UK

To examine the effect of two different design features
(tailoring and self-assessment) on engagement.

Mild bowel
problems

Website

N/A

Study 1: N = 24;

Qualitative

Interviews

Partial factorial
design

Website logs

Secondary
analysis of RCT
data

Website logs,
questionnaires

Median age = 25;

Study 2: N = 178;
Mean age (SD) = 30.2
(11.7);
% Female = 78
Murray et al.
(2013)

UK

To assess whether adherence and retention are
related.

Alcohol
users

Website

12 weeks

N = 7,932;
Mean age (SD) = 38.0
(11.0);
% Female = 57
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% Female = 67

Neve et al. (2010)

Australia

To describe the prevalence and predictors of
dropout and non-usage attrition in a web-based
weight loss programme.

Overweight
individuals

Website

12
months

N = 9,599;

Cohort

Website logs

N = 39;

RCT;

Website logs;

% Female = 56

Qualitative

Interviews

N = 17;

Review, narrative
synthesis;

Face-to-face
interviews

Mean age (SD)
= 35.7 (9.5);
% Female = 86

Nicholas et al.
(2010)

Australia

O’Brien & Toms
(2008)

Canada

To explore reported reasons for non-adherence to
an online psycho-education programme.

Bipolar
disorder

Website

To conceptually and operationally define
engagement with technology.

Healthy adults

Technology

8 weeks

N/A

% Female = 59

Qualitative
O’Brien & Toms
(2010)

Canada

To develop an engagement scale.

Healthy adults

Website

N/A

Study 1: N =
440;
% Female = 69

Instrument
development and
validation

Questionnaires

Experimental,
between-subjects
design

Questionnaires

Review, narrative
synthesis

N/A
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Study 2: N =
802;
% Female = 70
Oh & Sundar
(2015)

US

To explore the effect of two different interactivity
types (modality and message) on website
engagement.

Healthy adults

Website

N/A

N = 167;
Mean age =
19.6;
% Female = 58

Oinas-Kukkonen &
Harjumaa (2009)

Finland

To describe a framework for the design and
evaluation of Persuasive Systems.

N/A

N/A

N/A

N/A

Park et al.
(2010)

US

To examine the effect of exposure to a pre-game story on
the feeling of presence during gameplay.

Healthy
adults

Digital
game

N/A

Study 1: N = 30;
% Female = 80

Experimental,
between-subjects
design

Questionnaires

Study 2: N = 24;
% Female = 58
Parks
(2014)

US

To outline important design considerations in online
positive psychological interventions.

Healthy
adults

Website

N/A

N/A

Review, narrative
synthesis

N/A

Peels et al.
(2012)

The
Netherlands

To assess user characteristics associated with
participation and attrition in web-based and print-based
tailored physical activity interventions.

Aging
population

Website

12
weeks

N = 1,729; Mean
age = 48.3

Cluster RCT

Questionnaires

To examine the association between social ties and
engagement with a health and wellness online
intervention.

Healthy
adults

Website

Cohort

Website logs

To examine attrition prevalence and pre-treatment
predictors of attrition in a sample of open-access users of
a Web-based program.

Problem
drinkers

Website

Cohort (Study 1), RCT
(Study 2)

Website logs

US

Postel et al.
(2011)

The
Netherlands

4
weeks

N = 84,828;

3
months

Study 1: N = 780;

% Female = 84.

Mean age (SD) =
47.5 (10.8); %
Female = 54
Study 2: N = 144;
Mean age (SD) =
45.8 (9.7);
% Female = 58
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Poirier &
Cobb
(2012)

% Female = 52

US

To measure the effect of adding online community features
to an Internet-based walking program on attrition and
average daily step counts.

Sedentary
adults

Website

16
weeks

N = 324;

Richardson et
al. (2013)

RCT

Step counts,
website logs

US

To examine the effectiveness of a Web-based smoking
cessation intervention, to identify the most effective
features, and to gain insight into who is most likely to use
those features.

Smokers

Website

1
month

N = 1,033, %
Female = 52

Cohort

Website logs

Ritterband et al.
(2009)

US

To propose a model to help guide future development of
online interventions and to predict and explain behavior
change afforded by online interventions.

N/A

Internet
interventions

N/A

N/A

Review, narrative
synthesis

N/A

Sainsbury et al.
(2015)

Australia

To assess the acceptability of an online intervention to
improve diet adherence in coeliac disease and to examine
the relationships with participant characteristics, attrition,
and effectiveness.

Coeliac
disease

Website

N/A

N = 189

RCT

Completion of
follow-up
assessment

Schønau-Fog &
Bjørner (2012)

Denmark

To propose a method that can be used to empirically
investigate the experience of wanting to continue playing.

Healthy
adults

Digital game

N/A

N = 30

Qualitative

Interviews

Schubart et al.
(2011)

US

To review what factors influence user engagement in
Internet-based behavioral interventions for chronic illness.

Chronic
illness

Internet-based
interventions

N/A

N/A

Systematic
review, narrative
synthesis

N/A

Schwarzer &
Satow (2012)

Germany

To predict smoking abstinence in internet users who
engage with a virtual community.

Smokers

Virtual
community

10
weeks

N = 13,174

Cohort

Website logs

Mean age (SD)
= 52.0 (11.4); %
Female = 66
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Richardson et
al. (2010)

Sharek &
Wiebe
(2014)

US

To investigate a novel technique for measuring video game
engagement by capturing behavioral data without interfering
with the main task.

Healthy adults

Digital game

N/A

N = 156;
Mean age (SD)
= 30.8 (10.2);

Experimental,
between-subjects
design

Gameclock clicks

% Female = 58
Shaw et al.
(2014)

US

To describe how fidelity recommendations may be applied in
mobile phone interventions for weight loss.

Overweight
individuals

Mobile phone

N/A

N = 261

Review, narrative
synthesis

N/A

Short et al.
(2015)

Australia

To propose a new model of user engagement that can be used
to guide the development and evaluation of online behaviour
change interventions.

N/A

Online
interventions

N/A

N/A

Review, narrative
synthesis

N/A

Stark et al.
(2011)

US

To describe dietary self-monitoring rates among participants
randomised to the intervention arms of two pilot studies.

Dialysis
patients

Electronic
diary

16
weeks

Study 1: N =
22;

RCT, intervention arm

Website
logs

% Female = 40
Study 2: N =
26;
Mean age =
52;
% Female = 44
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Mean age =
56;

Steinberg et
al. (2014)

US

To examine patterns and predictors of self-monitoring
adherence and the association between adherence and
weight change in an online intervention.

African-American
women with low
income

Interactive
voice
response

12 months

N = 185;

RCT

IVR completion

Fractional
factorial design
with 16 arms

Website logs

Observational
prospective
cohort

Automated
recording logins,
time spent, page
views

Cohort

Contact log

Mean age (SD) =
35.4 (5.5)
% Female = 100

Strecher et
al. (2008)

Ubhi et al.
(2015)

US

UK

To determine whether engagement in a web-based
smoking cessation intervention predicts 6-month
abstinence, whether particular groups are more likely to
engage, and whether particular components influence
engagement.

Smokers

To conduct a preliminary evaluation of the effectiveness
of a novel smoking cessation smartphone application.

Smokers

Website

6 months

N = 1,866;
Mean age = 46.3;
% Female = 60

Smartphone
application

28 days

N = 1,170
% 16-29 years =
50.4
% 30-49 years =
45.4
% 50+ years = 4.2

VanDeMark
et al. (2010)

US

To describe the characteristics of participants in the ETREAT intervention, and to examine the characteristics
that predict active engagement.

Substance use
disorder

Website

3 months

N = 157;
Mean age (SD) =
36.6 (9.7);
% Female = 52

332

% Female = 64.5

Van den Berg et
al. (2006)

The
Netherlands

To assess engagement with an Internet-based physical
activity intervention with individual supervision.

Rheumatoid
arthritis

Webbased

12
months

N = 82;
Median age (IQR)
= 49.5 (12.9);

RCT, intervention
arm

Website
logs

% Female = 76
Vandelanotte et
al. (2007)

Australia

To review outcomes of web-based physical activity
interventions and to identify relationships of intervention
components with behavioural outcomes.

Healthy adults

Website

N/A

N = 4,845

Systematic review,
narrative synthesis

N/A

Voils et al.
(2014)

US

To present approaches to inform intervention duration,
frequency, and amount when 1) the researcher has no a
priori expectation, and 2) when the researcher does
have an a priori expectation.

N/A

N/A

N/A

N/A

Review, narrative
synthesis

N/A

Wang et al.
(2012)

US

To examine the mediating role of adherence to selfmonitoring of diet and physical activity on weight loss in
an online trial.

Overweight
individuals

Webbased

12
months

N = 210;

RCT

Usage
data

RCT (Study 1),
cohort (Study 2)

Website
logs
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Mean age (SD) =
46.8 (9.0);
% Female = 85

Wanner et al.
(2010)

Switzerland

To assess and compare user characteristics and
adherence to Active Online in an open access context
over time and between trial participants and open
access users.

Healthy adults

Website

6 weeks

Study 1: N = 836;
Mean age = 43.1;
% Female = 75
Study 2: N =
5,084;
Mean age = 38.4;
% Female = 50

Webber et al.
(2008)

US

To examine the relationships between motivation, adherence, and
weight loss in an online behavioral weight-loss intervention.

Overweight
individuals

Website

16
weeks

N = 66;

RCT

Website
logs

Mean age (SD) =
50.1 (9.9);
% Female = 100

West & Michie
(2016)

UK

To provide guidance on the development and evaluation of digital
behaviour change interventions in healthcare.

N/A

N/A

N/A

N/A

Review

N/A

Weston et al.
(2015)

UK

To investigate measurements of engagement using a health-based
quiz app.

Healthy adults

Smartphone
app

N/A

N = 29;

RCT

Usage
data

Crosssectional

Survey

Crosssectional

Survey

Age range= 2156;

Whiteside et al.
(2014)

US

Zhou (2013)

China

To get user feedback on messaging content intended to engage
suicidal individuals.

Suicidal
individuals

Web-based

To identify factors associated with the initial adoption of mobile games.

Healthy adults

Mobile phone

N/A

N = 34;
% Female = 68

N/A

N = 231
% Female = 37
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% Female = 59

Appendix 3 – Online screening surveys (Study 2)
Online screening survey (all interested participants)

Question
How old are you?
Do you smoke cigarettes daily?
How often do you have a drink containing
alcohol?

Response Options
Enter free text
(1) Yes
(2) No
(0) Never
(1) Monthly or less
(2) 2 to 4 times a month
(3) 2 to 3 times a week
(4) 4 or more times a week

How many standard drinks containing alcohol (0) 1 to 2
do you have on a typical day when you are
(1) 3 to 4
drinking?
(2) 5 to 6
(3) 7 to 9
(4) 10+
How often do you have six or more standard
drinks on one occasion?

(0) Never
(1) Less than monthly
(2) Monthly
(3) Weekly
(4) Daily or almost daily

Do you live in or near London?

(1) Yes
(2) No
(1) Yes
(2) No

Do you own an iPhone or an Android
smartphone with Internet access capable of
running apps?
Would you consider using a smartphone app
to help you stop/cut down on your smoking?

(1) Yes
(2) No

Would you consider using a smartphone app
to help you cut down on your drinking?

(1) Yes
(2) No
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Online survey to assess demographic characteristics (all eligible
participants)

Question
What is your gender?
Do (did) you work as an
employee or are (were) you selfemployed?
How many people work (worked)
for your employer at the place
where you work (worked)?

Response Options
(1) Male
(2) Female
(1) Employee
(2) Self- employed with employees
(3) Self-employed/freelance without
employees
(1) 1 to 24
(2) 25 or more

OR
How many people do (did) you
employ?
Do (did) you supervise any other
employees? (A supervisor or
foreman is responsible for
overseeing the work of other
employees on a day-to-day basis)
Please tick one box to show
which best describes the sort of
work you do. If you are not
working now, please tick a box to
show what you did in your last
job.

(1) Yes
(2) No

(1) Modern professional occupations
(teacher, nurse, physiotherapist, social
worker, welfare officer, artist, musician,
police office, software designer)
(2) Clerical and intermediate
occupations (secretary, personal
assistant, clerical worker, office clerk,
call centre agent, nursing auxiliary,
nursery nurse)
(3) Senior managers or administrators
(finance manager, chief executive)
(4) Technical and craft occupations
(motor mechanic, fitter, inspector,
plumber, printer, tool maker, electrician,
gardener, train driver)
(5) Semi-routine manual and service
occupations (postal worker, machine
operative, security guard, caretaker,
farm worker, catering assistant,
receptionist, sales assistant)
(6) Routine manual and service
occupations (HGV driver, van driver,
cleaner, porter, packer, sewing
machinist, messenger, labourer,
waiter/waitress, bar staff)
(7) Middle or junior managers (office
manager, retail manager, bank
manager, restaurant manager,
warehouse manager, publican)
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What is your ethnic group?

Have you made an attempt to
stop smoking in the past 12
months?
Which of the following best
describes you?

Have you ever used a
smartphone app to help you quit
smoking?
How many cigarettes do you
smoke per day?
How soon after waking do you
usually smoke your first
cigarette?
How often did you experience
urges to smoke in the past 24
hours?

(8) Traditional professional occupations
(solicitor, medical practitioner, scientist,
civil/mechanical engineer)
(1) English/Welsh/Scottish/Northern
Irish/British
(2) Irish
(3) Gypsy or Irish Traveller
(4) Any other White background
(5) White and Black Caribbean
(6) White and Black African
(7) White and Asian
(8) Any other Mixed/Multiple ethnic
background
(9) Indian
(10) Pakistani
(11) Bangladeshi
(12) Chinese
(13) Any other Asian background
(14) African
(15) Caribbean
(16) Any other Black/African/Caribbean
background
(17) Arab
(18) Any other ethnic group
(1) Yes
(2) No
(1) I don’t want to stop smoking
(2) I think I should stop smoking but I
don’t really want to
(3) I want to stop smoking but I haven’t
thought about when
(4) I REALLY want to stop smoking but
I don’t know when I will
(5) I want to stop smoking and hope to
soon
(6) I REALLY want to stop smoking and
intend to in the next 3 months
(7) I REALLY want to stop smoking and
intend to in the next month
(1) Yes
(2) No
Enter free text
(0) 61+ minutes
(1) 31-60 minutes
(2) 6-30 minutes
(3) <5 minutes
(0) Not at all
(1) A little of the time
(2) Some of the time
(3) A lot of the time
(4) Almost always
(5) All the time
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Have you made an attempt to cut
down on drinking alcohol in the
past 12 months?
Which of the following best
describes you?

Have you ever used a
smartphone app to help you cut
down on your drinking?
How often did you experience
urges to drink in the past 24
hours?

When was the last time you
downloaded an app, if ever?

How frequently do you use the
apps on your smartphone, if at
all?
Do your friends and family ask for
your advice or help in using
smartphone apps?
I use my smartphone to:

(1) Yes
(2) No
(1) I don't want to cut down on drinking
alcohol
(2) I think I should cut down on drinking
alcohol but don't really want to
(3) I want to cut down on drinking
alcohol but haven't thought about when
(4) I REALLY want to cut down on
drinking alcohol but I don't know when I
will
(5) I want to cut down on drinking
alcohol and hope to soon
(6) I REALLY want to cut down on
drinking alcohol and intend to in the
next 3 months
(7) I REALLY want to cut down on
drinking alcohol and intend to in the
next month
(1) Yes
(2) No
(0) Not at all
(1) A little of the time
(2) Some of the time
(3) A lot of the time
(4) Almost always
(5) All the time
(1) Today or yesterday
(2) In the last week
(3) In the last month
(4) In the last 3 months
(5) In the last 6 months
(6) More than 6 months ago
(1) Daily
(2) Weekly
(3) Monthly
(4) Never
(1) Yes
(2) No
(1) Check my e-mail
(2) Find out what my friends are doing
on Facebook
(3) Get information via Twitter
(4) Navigate using Google Maps or
similar tools
(5) Read the news
(6) Research things to purchase
(7) Download and play games
(8) Download and use health/fitness
apps
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Appendix 4 – Topic guides and verbal
instructions (Study 2)
Pre-session interview
1.

Can you tell me about an app that you are using regularly?
Why do you think that you are using it regularly?

2.

Have you ever used a health or fitness app? Can you tell me
about it?

3.

What do you think a smoking cessation/alcohol reduction
app should provide or do?

4.

After the first half of the interviews, another question was
added:

5.

What is your identity as a smoker/drinker?

Think aloud
Verbal instructions
“During this session, you will be given two smartphone-based tasks to
complete. I would like to emphasise that this is not a test; I am
interested in the tasks themselves, not your performance. I would like
you to complete the tasks whilst ‘thinking aloud’. This means that I
would like you to complete the tasks, and while you do so, try to say
everything that goes through your mind. I would like you to pretend
that you are at home and try to forget that I am here.
Thinking aloud usually feels a bit strange at first, as it is an unusual
task. Don’t worry about it, most people find it a bit unnatural at first, but
quickly get used to it! We will start off with a practice task to make sure
that you feel comfortable. I would like you to change the ring tone on
your smartphone whilst trying to say everything that goes through your
mind.”
Tasks
1.

I would like you to imagine that you are at home. Please
find an app that you think will be engaging enough to
help you quit or cut down on your smoking/drinking.
Please use the App Store/Google Play to search for apps
whilst thinking aloud.

2.

Imagine that you have selected a smoking
cessation/alcohol reduction app that you would like to try.
Please download one of the free apps that you think will
be engaging enough to help you quit or cut down on your
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smoking/drinking. Please complete the baseline
questions and explore the app whilst thinking aloud.
Post-session interview
1.
2.
3.
4.
5.
6.

I noticed that you mentioned that you thought that [...] was ...
Can you tell me a bit more about that?
I noticed that you made a comment about [...]. Can you
elaborate on that?
How do you understand the term ‘engagement’ in the
context of apps?
Do you think that the app that you chose to download was
engaging? Why/why not?
Do you think that you would find the app/those particular
features engaging longer term? Why/why not?
Do you think that you might use the app that you have
downloaded after leaving this session? Why/why not?

After the first half of the interviews, the following questions were
added:
7.
8.
9.
10.

You mentioned that you thought that [...] was ... How do you
think that feature would fit into your daily life?
How important is it for you to be able to relate to the app’s
content?
How do you think engaging with the app would help you
stop/cut down on your smoking/drinking?
How do you think that [...] would help you stop/cut down on
your smoking/drinking?
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Appendix 5 – Additional quotations (Study 2)
Research Question

Theme

Example Excerpts

1. What factors shape
smokers’ and drinkers’
choice of apps?

The immediate look
and feel of the app

"...they were sort of dark and black and had some sort of neon lighting on it, and it just didn’t look very inviting, whereas
that first one was actually really colourful and bright, and quite modern, and had illustrations…" – D3
"...it looks kind of inviting, with all the colours and exclamations and stuff." – D5
"I liked the logo because it was green, it looked minimalistic, so I thought that maybe the app will be easy to use, and not
chaotic, just easy to use." – S5
"The pictures look very scientific, not very user-friendly at all." – D1
"It looks a lot more simple to use, and a simple user face." – S4

Social proof

"It hasn’t had that many downloads, only 100, which seems quite low, not many people have used this." – D4

"So here’s the thing, this is what I normally do, I would just look at the stars, because other people have done this." – S6
"It’s also by […], so it just seems more trustworthy. I don’t know the other ones." – D7
"...the fact that it was by the […] made me want to go and look at it." – S2
Realistic and relevant
titles

"There’s one called […] but it’s got the word ‘alcoholic’ in it so I’m thinking it’s probably not for me." – D2
"“Dependence – quit tobacco and alcohol”. That sounds a bit hip, directed towards younger people than me." – D6
“Obviously, with that, maybe, I’d known what I was getting, which probably would have been more suitable, but, “Sober
Time,” it didn’t seem like it was completely off topic, so it didn’t mislead me in that way.” – D10
"OK, this one is one of the condescending ones. “We are your motivation” kind of thing." – S3
“I think they could probably have chosen a better name. I didn’t like the whole “now” thing." – S6
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"None of these apps have any ratings, so it’s really hard to know what people are thinking of them, because I genuinely
just go on the ratings." – S2

Features that enhance
motivation

"I liked that. That was a good idea. You have a goal to aim for, and then it’s saying: “You’ve reached it” or “You haven’t
reached it.”" – D4
"...then you have these goals as well, and then obviously if you do have a cigarette then, you kind of ruin it…" – S5
"...it just tallies up how much you’re smoking, which is good, because just keeping track of something will automatically
help you reduce…" – S2
"Rewards to keep me motivated to give all this information in the journal. Just to keep using it.” – S6
"I mean, I can see why these achievement things are useful, but for me, they don’t really bother me at all. I guess it’s
trying to motivate you to get all these achievements, but for me, I just kind of don’t give a s*** about that." – D1

Features that enhance
autonomy

"...if there’s an option saying: “How often do you want to be notified”, I think would be quite handy as well." – D4
"I want to be able to handle the app myself, and feel that it’s support for me, not taking over." – D6
"I like having control, but then, I probably will forget to use things unless it gives me a notification." – S9
"Because that 14 units of alcohol is just an irrelevance. It doesn’t apply to anyone at all." – D9
"I do want to quit cold turkey, and then I’d probably want one of those apps, but in the meantime, I would like an app that
would also be for cutting down smoking, because that’s obviously helping too." – S5

Features that enhance
personal relevance

"...the app doesn’t personalise enough. Maybe in the registration bit, they could perhaps ask you what you’re interested in
mostly." – D7
"“Heavy alcohol consumption is linked to a number of cancers, such as...” OK, thank you. Now you’re just scaring me. I
don’t know if I like them telling me that." – D6
"...not only how you’re destroying everything with the smoking, because obviously that doesn’t go in, but maybe positive
things will…" – S3
"It comes back to what I was saying about the guidelines coming across as preachey or whatever." – D1
"...it has very non-judgmental language in it, which is really good." – S10
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2. What factors are judged
to be important for
engagement?

Features that enhance
credibility

"Yeah, I’m not bothered about data concerns, or whatever, I’m quite happy to just give my information away." – D1
"I just don’t think I like to give my details to any random app that I’ve searched for, so, like I said, if someone
recommended something to me, but yeah, I probably don’t like to give my information to anything more than I have to,
and definitely not a random app with bad reviews..." – D3
"If you say something inaccurate, stupid, or lazy, you’re going to lose your credibility." – S6
"I don’t know whether they’ve just thought that could help or if they’ve actually conducted some research where people
have said that this has helped, tips in the moment." – S9
"If I’m going to do this, it would be about what I was doing, I don’t really mind if there’s a strong community of people
doing exactly the same thing.” – D10
"I don’t know, I don’t think I would want other people to know that I’m trying to reduce my drinking, personally." – D4
"I don’t see very many tips on that, the social aspect and how to get over the social aspect." – S10
"...that’s what I see as the psychology of quitting. If you are quitting by telling everyone that you’re quitting, it puts so much
pressure on you." – S3
"“Post progress on Facebook or Twitter.” I wouldn’t be interested in that, I’m more of a private person." – S6
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Consistency with online
and offline social
preferences

Appendix 6 – Screen shots of the Drink Less app
(Study 3)
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Appendix 7 – Online screening survey (Study 4)
Question

Response Options

Please enter your Prolific ID.

Enter free text

What is your gender?

(1) Male
(2) Female

How old are you (in years)?

Enter free text

Are you currently residing in the
United Kingdom?

(1) Yes
(2) No

What kind of job do you have?

1) Manual
2) Non-manual
3) Other (e.g. student,
unemployed, retired)

Do you own an iPhone capable of
running iOS v.8.0 or higher (i.e.
iPhone 4S or later models)?

(1) Yes
(2) No

Are you willing to download and
explore an alcohol reduction app?

(1) Yes
(2) No

How often do you have a drink
containing alcohol?

(1) Never
(2) Monthly or less
(3) 2 to 4 times a month
(4) 2 to 3 times a week
(5) 4 or more times a week

How many standard drinks
containing alcohol do you have
on a typical day when you are
drinking?

(1) 1 or 2
(2) 3 or 4
(3) 5 or 6
(4) 7, 8 or 9
(5) 10 or more

How often do you have six or
more standard drinks on one
occasion?

(1) Never
(2) Less than monthly
(3) Monthly
(4) Weekly
(5) Daily or almost daily

How often during the last year
have you found that you were not
able to stop drinking once you
had started?

(1) Never
(2) Less than monthly
(3) Monthly
(4) Weekly
(5) Daily or almost daily

How often during the last year
have you failed to do what was
normally expected from you
because of drinking?

(1) Never
(2) Less than monthly
(3) Monthly
(4) Weekly
(5) Daily or almost daily

How often during the last year
have you needed a first drink in

(1) Never
(2) Less than monthly
(3) Monthly
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the morning to get yourself going
after a heavy drinking session?

(4) Weekly
(5) Daily or almost daily

How often during the last year
have you had a feeling of guilt or
remorse after drinking?

(1) Never
(2) Less than monthly
(3) Monthly
(4) Weekly
(5) Daily or almost daily

How often during the last year
have you been unable to
remember what happened the
night before because you had
been drinking?

(1) Never
(2) Less than monthly
(3) Monthly
(4) Weekly
(5) Daily or almost daily

Have you or someone else been
injured as a result of your
drinking?

(1) No
(2) Yes, but not in the last year
(3) Yes, during the last year

Has a relative or friend or doctor
or another health worker been
concerned about your drinking or
suggested you cut down?

(1) No
(2) Yes, but not in the last year
(3) Yes, during the last year

Which of the following best
describes you?

(1) I don't want to cut down on
drinking alcohol
(2) I think I should cut down on
drinking alcohol but don't really
want to
(3) I want to cut down on
drinking alcohol but haven't
thought about when
(4) I REALLY want to cut down
on drinking alcohol but I don't
know when I will
(5) I want to cut down on
drinking alcohol and hope to
soon
(6) I REALLY want to cut down
on drinking alcohol and intend to
in the next 3 months
(7) I REALLY want to cut down
on drinking alcohol and intend to
in the next month
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Appendix 8 – Task instructions for Prolific
participants (Study 4)
1. Please go to the Apple App Store and download the Drink Less app:
https://itunes.apple.com/gb/app/drink-less-help-drinkingless/id1020579244?mt=8

2. Complete the onboarding process. Please spend some time
exploring the app, in the same manner as you would explore any other
new app. Please ensure that you click ‘Allow’ when you are asked
whether you would like to receive push notifications, as this is
how you will receive a link to the final survey.

3. When you have finished exploring the app, please press your
iPhone’s home button. This will trigger a push notification asking you
to fill out a brief survey. Please click on the notification and complete
the survey. Please make sure that you enter your Prolific ID!
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Appendix 9 – Recruitment materials (Study 5)
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Appendix 10 - Topic guide for focus groups
(Study 5)
1. Can you tell us a bit more about why you ranked [insert feature
here] highly?
2. Can you tell us a bit more about why you ranked [insert feature
here] as less important for engagement?
3. How do you think that [insert feature here] would help you to engage
with the app?
4. Could you give a concrete example of [insert feature here] that
would help you to engage with the app?
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Appendix 11 – Additional quotations (Study 5)
Themes

Quotations

1. Lack of trust and
guidance as initial
barriers

"… you’d only use it as soon as you set up the app and that’s it. When you know how to work your way around the
app and what features there are, and that’s it. Once you know how it works, then you don’t need it." – P1, focus
group
“…it shows you around the app first, shows you what it’s capable of doing, the little things it’s got going on, and then
it’s like: “Hey! Let’s start this”." – P5, focus group
"I would like to know that the app is from a credible source before I even contemplate using it, so this would be a
must to begin." – P24, online sample

2. Motivational support

"I feel that if you decide to carry out a task, you need to be in control of it, because ultimately, that’s your goal that
you’re setting, and you want to have a sense of ownership or control of whatever you want to achieve. You feel
more responsible for how you carry out your goals." – P2, focus group
"I am competitive - really enjoy challenges within my network." – P45, online sample

3. Benefit and usefulness

"The information you enter, you want to get something back from it, just to increase your improvement, or whatever
you want to achieve.” – P2, focus group
"I think to feel you're getting something else out of it, it will make you think not having alcohol can still be a good
thing even if that's what you want…" – P26, online sample
"I think that’s the only way you’re going to get it to work. It’s got to be a two-way thing between you and the app to
achieve your goals and to make sure that information that you put in is correct as well. Otherwise the whole thing is
going to be a waste of time.” – P1, focus group
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"I think if rewards were present I would be more likely to use the app on a regular basis." – P33, online sample

4. Adaptability

"In the beginning, you might want to set a goal, but once the app gets more information about you, it might suggest
a further goal, so it’s more challenging…" – P4, focus group
"I think a pop-up notification could be really useful around like 6 or 5pm, which is when people get off work or off
uni…" – P9, focus group
"Any app I engage with needs to meet my individual needs. Apps that do not have flexibility will not be used by me,
regardless of their function." – P76, online sample

5. Sparking users’ interest

"You want it to be interesting to you. You want it to have surprising features." – P4, focus group
"I feel like if there was games and quizzes to do it would encourage me to use it more as I like doing these." – P110,
online task
"It just keeps you want to engage with it, or it doesn’t make you want to keep away, it makes you want to go back to
it because it’s actually quite good, and more features are unlocking as you’re going on. You don’t realise this, and
this is happening…" – P5, focus group
"It just gets a lot of people in the same situation as you. You don’t feel so alone." – P2, focus group
"Would be able to get help and support from similar people going through the same problems." – P41, online
sample

i. Perceived social
stigma

“I don’t like the idea of putting something personal and having lots of people seeing it." – P6, focus group

ii. Fear of social
comparison

"…people like me that would be quite shy about my friends knowing my success or failure, day by day. I think that
might be quite overwhelming…" – P7, focus group

"See, I’m quite private about things like drinking more than I want to, which is sort of where I’m up to, or I’m a lot
healthier now, but there are few people that I would share that with." – P7, focus group

“To me, it’s the self-betterance. I’m trying to improve myself, so I’d rather do it just me rather than someone saying:
“I used to do this...” – P5, focus group
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6. Relatedness

Appendix 12 – Recruitment materials (Study 6)
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Call For Participants
Understanding the real-world
use of an alcohol reduction
app

University College London
28 day(s) to complete

We are looking for participants to take part
in a study to help us learn more about how
people use an alcohol reduction app in their
daily lives. This study involves: 1) a briefing
interview, conducted in person at University
College London (60-90 minutes); 2) daily
use of an alcohol reduction app for a period
of 28 days; 3) the completion of two brief
surveys (~1 minute) per day for 28 days,
sent to you via text message; 4) a debriefing
interview, conducted over the phone (30
minutes).

£60 shopping voucher

Interview; Daily surveys for 28
days

Gower St, Bloomsbury, London
WC1E 6BT, UK

Find out more online
Poster printed on 28/06/2018

More info

355

cfp.cc/X8RHR3

cfp.cc/X8RHR3

cfp.cc/X8RHR3

cfp.cc/X8RHR3

cfp.cc/X8RHR3

cfp.cc/X8RHR3

cfp.cc/X8RHR3

cfp.cc/X8RHR3

cfp.cc/X8RHR3

cfp.cc/X8RHR3

cfp.cc/X8RHR3

cfp.cc/X8RHR3

www.cfp.cc /X8RHR3

by scanning the QR code
or visiting the URL

cfp.cc/X8RHR3

Study expires on 28/07/2018

Appendix 13 – Online screening survey (Study 6)
Question

Response Options

What is your gender?

(1) Male
(2) Female

How old are you (in years)?

Enter free text

What kind of job do you have?

1) Manual
2) Non-manual
3) Other (e.g. student,
unemployed, retired)

Do you live in or near London?

(1) Yes
(2) No

Do you own an iPhone capable of
running iOS v.8.0 or higher (i.e.
iPhone 4S or later models)?

(1) Yes
(2) No

Are you willing to download and
explore an alcohol reduction app?

(1) Yes
(2) No

Have you ever used an alcohol
reduction app?

(1) Yes
(2) No

If so, which one?

Enter free text

Are you interested in using an
app to reduce your drinking?

(1) Yes
(2) No

Are you willing to set a goal to
reduce your drinking?

(1) Yes
(2) No

Are you willing to come into
University College London for a
briefing interview?

(1) Yes
(2) No

Are you willing to use an alcohol
reduction app daily for 28 days?
(We recognise that there may be
occasional days where you will
not use it)

(1) Yes
(2) No

Are you willing to respond to text
messages two times per day for
28 days?

(1) Yes
(2) No

Are you willing to participate in a
debriefing interview at the end of
the study, conducted over the
phone?

(1) Yes
(2) No

How often do you have a drink
containing alcohol?

(1) Never
(2) Monthly or less
(3) 2 to 4 times a month
(4) 2 to 3 times a week
(5) 4 or more times a week

How many standard drinks
containing alcohol do you have

(1) 1 or 2
(2) 3 or 4

356

on a typical day when you are
drinking?

(3) 5 or 6
(4) 7, 8 or 9
(5) 10 or more

How often do you have six or
more standard drinks on one
occasion?

(1) Never
(2) Less than monthly
(3) Monthly
(4) Weekly
(5) Daily or almost daily

How often during the last year
have you found that you were not
able to stop drinking once you
had started?

(1) Never
(2) Less than monthly
(3) Monthly
(4) Weekly
(5) Daily or almost daily

How often during the last year
have you failed to do what was
normally expected from you
because of drinking?

(1) Never
(2) Less than monthly
(3) Monthly
(4) Weekly
(5) Daily or almost daily

How often during the last year
have you needed a first drink in
the morning to get yourself going
after a heavy drinking session?

(1) Never
(2) Less than monthly
(3) Monthly
(4) Weekly
(5) Daily or almost daily

How often during the last year
have you had a feeling of guilt or
remorse after drinking?

(1) Never
(2) Less than monthly
(3) Monthly
(4) Weekly
(5) Daily or almost daily

How often during the last year
have you been unable to
remember what happened the
night before because you had
been drinking?

(1) Never
(2) Less than monthly
(3) Monthly
(4) Weekly
(5) Daily or almost daily

Have you or someone else been
injured as a result of your
drinking?

(1) No
(2) Yes, but not in the last year
(3) Yes, during the last year

Has a relative or friend or doctor
or another health worker been
concerned about your drinking or
suggested you cut down?

(1) No
(2) Yes, but not in the last year
(3) Yes, during the last year

Which of the following best
describes you?

(1) I don't want to cut down on
drinking alcohol
(2) I think I should cut down on
drinking alcohol but don't really
want to
(3) I want to cut down on
drinking alcohol but haven't
thought about when
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(4) I REALLY want to cut down
on drinking alcohol but I don't
know when I will
(5) I want to cut down on
drinking alcohol and hope to
soon
(6) I REALLY want to cut down
on drinking alcohol and intend to
in the next 3 months
(7) I REALLY want to cut down
on drinking alcohol and intend to
in the next month
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Appendix 14 – Text messages (Study 6)
Twice-daily text message
Hi [insert name here]!
Please answer the following questions:
a) How motivated are you currently to reduce your drinking? (1 = not at
all; 7 = extremely)
b) How useful do you currently think the Drink Less app is for you? (1
= not at all; 7 = extremely)
c) How many drinks containing alcohol have you had in the past 12
hours?
d) To what extent do you currently have time for the Drink Less app?
(1 = I have lots of time for the app; 7 = I don’t have any time for the
app)
Please enter your responses as follows: a=X; b=X; c=X; d=X
When response is received
Thank you for your responses!
Message if response is not in expected format
Hi [insert name here]! It appears that your responses are not in the
expected format. Please enter your responses as follows: a=X; b=X;
c=X; d=X
Thank you!
Weekly message about EMA completion rate
Hi [insert name here]! Thank you for completing the first week of the
study. You have responded to X out of 14 text messages. Keep up the
good work!
Hi [insert name here]! Thank you for completing the second week of
the study. You have responded to X out of 28 text messages. Keep up
the good work!
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Hi [insert name here]! Thank you for completing the third week of the
study. You have responded to X out of 42 text messages. Keep up the
good work!
Hi [insert name here]! Thank you for completing the first week of the
study. You have responded to X out of 56 text messages. Keep up the
good work!
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Appendix 15 – Published peer-reviewed articles
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SYSTEMATIC REVIEWS

concepts (Bsynthetic constructs^) identified in the
reviewed articles [32]. CIS does not propose a formal
method for critically appraising the quality and methodological rigour of included studies but recognises
that the critical evaluation and integration of disparate
forms of evidence is essentially a product of the
Bauthorial voice^ [33]. The evidence is critiqued on
the basis of the implicit assumptions underlying the
methodological decisions made in the reviewed
articles. Hence, the quality of the evidence is considered in the development of the synthetic constructs,
with the consideration based on the authors’ judgements. Principles of CIS have previously been
employed in reviews of the health literature [34–36].

Criteria for considering studies for this review
All types of study designs were included except position papers. All types of information sources were
included except articles that were not peer-reviewed
or not available in English. Studies with adult participants (i.e. aged 18 years or older) were included, as it
was expected that different factors might influence
engagement in children and adult populations due to
different cognitive abilities [37]. Studies specifically
targeting participants with cognitive impairment or
intellectual disabilities were excluded for the same
reason. DBCIs and digital interventions targeting individuals with mental health or chronic physical health
conditions were included as no a priori reason suggesting that engagement should be conceptualised differently across the included topic areas could be identified. Interventions were excluded if they did not incorporate any digital component as part of the intervention itself (i.e. face-to-face delivery only) or if the technology was used solely as a tool to deliver measurement surveys. Studies involving recreational or educational digital games or multimedia software (e.g. software involving animations, sound and text) were included providing that engagement was discussed or
measured. For the conceptualisation of Bengagement
as flow^, the games or technology did not need to be
related to behaviour change. The primary outcome
was definitions of engagement with DBCIs, digital
games or multimedia software expressed either implicitly or explicitly. Secondary outcomes included proposed direct and indirect influences on engagement,
measures of engagement and associations between
engagement and intervention effectiveness expressed
either implicitly or explicitly.

between sensitivity, i.e. retrieving a high proportion of
relevant articles, and specificity, i.e. retrieving a low
proportion of irrelevant articles [15]. An academic librarian was consulted for the validation of the databases
and the final search terms. Terms were searched for in
titles and abstracts as free text terms or as index terms
(e.g. Medical Subject Headings) where appropriate (see
Electronic Supplementary Material 1).

Searching for other resources
Articles from adjacent fields not immediately or obviously relevant to the research questions were identified
through expertise within the review team [32]. The
Association for Computing Machinery Digital Library
(a repository for conference proceedings) and relevant
journals (i.e. Journal of Medical Internet Research, Journal
of the American Medical Informatics Association, Telemedicine and e-Health) were hand searched, and reference
chaining was employed to identify additional articles
of interest [15, 32].
Data collection and analysis

Selection of studies
Articles identified through the electronic and hand
searches were merged using EndNote X7 [38] to ensure
consistency. Duplicate records were removed. Two
researchers independently screened (i) titles, (ii) abstracts
and (iii) full texts of the identified articles against the predefined eligibility criteria [15]. Any disagreements were
resolved through discussion and by consulting a third
researcher if necessary. Inter-rater reliability was
assessed based on two coding categories (i.e. inclusion
versus exclusion) after the full text screening phase with
the prevalence- and bias-adjusted kappa (PABAK) statistic, which controls for chance agreement [39]. The
following cutoffs were used: 0.40–0.59 indicates fair
agreement, 0.60–0.74 indicates good agreement and
>0.75 indicates high agreement [15].

Search methods for the identification of studies

Data extraction and management
A pro-forma was developed by the first author to
extract information about the study setting, participant
characteristics, study design, data collection method
and study findings [32]. The pro-forma was piloted
on a sample of included articles to ensure that relevant
information was captured [15]. A second researcher
independently checked the pro-forma for accuracy
and completeness [31]. Due to limited resources, a
single reviewer completed the data extraction.

Electronic searches
A structured search of the following electronic databases
was conducted in November 2015: Ovid MEDLINE
(1946—November 2015), PsycINFO (1806—November
2015), ISI Web of Knowledge (1900—November 2015)
and ScienceDirect (1900—November 2015). Search
terms were piloted and refined to achieve a balance

Quality appraisal
CIS suggests the prioritisation of seemingly relevant
articles rather than favouring particular study methodologies [40]. Judgements about the relevance and underlying assumptions of articles were made by the first author
and were incorporated into the data synthesis [32].
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Data synthesis
Based on the principles from CIS, the data synthesis
comprised the following steps:

Eligibility

Screening

Identification

1. Concepts identified in the full texts of included
articles were labelled with codes by the first author.
The research questions were used as a top-down
coding frame; fragments of text explicitly or implicitly referring to definitions of engagement, measures of engagement, influences on engagement or
associations between engagement and intervention
effectiveness were coded.
2. A subsample of codes was selected through random
sequence generation (https://www.random.org/)
for validation by an independent researcher to increase rigour [41]. Disagreements were discussed
until consensus was reached.
3. Synthetic constructs (i.e. concepts that explain similar themes) were developed from the codes, and
relationships between synthetic constructs were
specified by the first author.
4. The synthetic constructs and the proposed relationships between constructs were validated by an independent researcher. Disagreements were discussed until consensus was reached.

Results
Summary of search results
The electronic database search yielded 925 published
articles. After removing duplicates, 560 articles
remained for screening. A PABAK score of 0.88 was
achieved after the full text screening phase, indicating
high inter-rater reliability [15]. Due to this reliability
score, the additional 31 information sources were
screened by a single reviewer. Of the 140 full texts
screened, 117 met the inclusion criteria and were included in the data synthesis. Six qualitative studies, 27
reviews, 2 mixed methods studies and 82 quantitative
studies were included (see Fig. 1). Characteristics of the
included studies are described in Electronic Supplementary Material 2.

Records identified through
database searching
(n = 925)

Records after duplicates removed
(n = 560)

Titles screened
(n = 560)

Titles excluded
(n = 292)

Abstracts screened
(n = 268)

Abstracts excluded
(n = 159)

Full-text articles
assessed for eligibility
(n = 109)

Additional records identified
through other sources
(n = 31)

Included

5. Two synthesising arguments (i.e. an integrative definition and its measurement, and a conceptual
framework) were developed based on the synthetic
constructs by the first author.
6. The synthesising arguments were refined through
discussion between all co-authors.

Full-text articles excluded (n = 23),
with reasons:
Book chapter (n = 5)
Not adults (n = 4)
Meeting abstract/poster (n = 3)
No definition of engagement (n = 6)
Focusing on learning (n = 4)
Not available through library
resources (n = 1)
!

Studies included in qualitative
synthesis
(n = 117)

Fig 1 | PRISMA flow diagram of the study selection process [42]
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How has engagement been defined in the literature?
The following two synthetic constructs were developed: Bengagement as subjective experience^ and
Bengagement as behaviour^.

Engagement as subjective experience
Engagement has been conceptualised as the subjective
experience that emerges in the momentary interaction
with a system [18, 28, 43]. This kind of conceptualisation was only identified in the computer science and
HCI literatures. Similarities can be found between
engagement and the state of Bflow^, described as a
mental state characterised by focused attention, intrinsic interest and enjoyment, balance between challenge
and skill, and temporal dissociation (i.e. losing track of
the passage of time) [18, 44–47]. Similarities can also
be found between engagement and the state of
Bimmersion^ within digital gaming, characterised by
cognitive absorption, the willingness to direct emotions towards an activity and feeling cutoff from reality
[43, 48–51]. As conceptual overlap was observed between these experiential qualities, the authors propose
that they can be grouped under the following cognitive
and emotional states: attention, interest and affect.
Engagement as behaviour
The majority of articles reviewed from the behavioural science literature conceptualised engagement in behavioural terms, suggesting that it is
identical to the usage of a DBCI or its components. Engagement has further been described as
the extent of usage over time [19, 52], sometimes
referred to as the Bdose^ obtained by participants
or Badherence^ to an intervention [25, 53, 54],
determined by assessing the following subdimensions: Bamount^ or Bbreadth^ (i.e. the total length
of each intervention contact), Bduration^ (i.e. the
period of time over which participants are exposed to an intervention), Bfrequency^ (i.e. how
often contact is made with the intervention over
a specified period of time) and Bdepth^ (i.e. variety of content used) [20, 53]. In the computer
science and HCI literatures, engagement has
been conceptualised as the degree of involvement
over a longer period of time [55], sometimes
referred to as Bstickiness^ [56]. A distinction has
also been made between Bactive^ and Bpassive^
engagement; while the former involves contributing to the intervention through posting in an
online discussion forum, the latter involves reading what others have written without commenting, also known as Blurking^ [57]. Engagement
has also been conceptualised as a process of
linked behaviours, suggesting that users move
dynamically between stages of engagement, disengagement and re-engagement [28]. As conceptual overlap was observed between these definitions, the authors propose that engagement
involves different levels of usage over time.
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Development of an integrative definition of engagement
An integrative definition of engagement with DBCIs
was developed through the merging of overlapping
conceptualisations as outlined above, in addition to
the integration of the two overarching synthetic constructs. The following two-part definition is therefore
proposed:
BEngagement with DBCIs is (1) the extent (e.g. amount,
frequency, duration, depth) of usage and (2) a subjective
experience characterised by attention, interest and affect^.
Engagement is conceptualised as a multidimensional construct: the behavioural dimensions of engagement are underpinned by the user’s subjective experience of what it feels like to be engaged with a DBCI.
Engagement is considered to be a dynamic process
that is expected to vary both within and across individuals over time.

How has engagement been measured?
The following two synthetic constructs were developed: Bsubjective measures^ and Bobjective
measures^.

Subjective measures
In research settings, self-report questionnaires have
frequently been used to measure engagement with
digital games and DBCIs [51, 58–67]. Qualitative
approaches, such as interviews or think aloud methodology, have been employed to gain a better understanding of the nature of users’ experiences of engagement with digital games and DBCIs [60, 68, 69].

Objective measures
Automatic tracking of use patterns, including number
of logins, time spent online and the amount and type of
content used during the intervention period, was the
most commonly used measure of engagement in the
behavioural science literature [11, 19, 20, 26, 44, 70–
82]. Physiological measures including cardiac activity,
respiratory depth [62] and electro-dermal activity [65],
and psychophysical measures, such as eye tracking
[51], have been used to measure engagement in the
computer science and HCI literatures.

Measures relating to the integrated conceptualisation of
engagement
Based on the literature synthesis, we suggest that all
facets of engagement proposed in the integrative definition of engagement can in principle be measured or
inferred through the following: (1) user-reported interaction with the DBCI through self-report questionnaires, interview studies or think aloud studies; (2)
automated recording of DBCI use (e.g. logins, page
views); and (3) recording of physiological or psychophysical correlates of DBCI interaction.
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What factors have been hypothesised or found to influence
engagement?
The following two synthetic constructs were developed: Bcontext^ and BDBCI^. Context was subdivided into Bpopulation^ and Bsetting.^ DBCI was subdivided into Bcontent^ and Bdelivery.^ Relationships
between constructs were specified.
Context

Population
Psychological characteristics—Motivation was found to be
positively associated with engagement across many
studies, with none indicating a negative association
[20, 68, 83–87]. As the available evidence is correlational in nature, the direction of influence cannot be
assumed. It has been hypothesised that the relationship between motivation and engagement might be Ushaped; those who are least and most motivated to, for
example, quit smoking, are hypothesised to disengage
quickly from DBCIs due to failed and successful behaviour change, respectively [19].
Expectations are thought to be influential in that users
are hypothesised to engage more if there is a match
between their expectations and the goal of the DBCI
[49, 73, 86, 88, 89]. Prior experiences of using other
websites or apps, or of having tried face-to-face
counselling (which may or may not have worked),
might shape users’ expectations of what DBCIs can
provide [90].
Mental health, including low mood, anxiety and stress,
has been found to be negatively associated with engagement [68, 73, 87, 91–96]. A negative association
with mental health was mainly observed in studies of
DBCIs targeting individuals diagnosed with a mental
health condition but was also observed in physical
activity [68] and weight loss [94] interventions. Similarly, experience of well-being or believing that one does
not need to work on certain issues has been found to
be negatively associated with engagement [92].
Need for cognition, defined as the tendency to process
large amounts of information [11, 30, 57, 88, 97], and
self-efficacy to execute a given behaviour [83, 98, 99]
were found to be positively associated with
engagement.
Personal relevance, which refers to the extent to
which a DBCI is perceived to apply to the individual and their particular situation, has been
hypothesised to positively influence engagement
[69, 78, 100–104]. Results from interview studies
indicate that participants believe that lack of personal relevance is a sufficient reason for dropping
out from intervention trials [86, 92, 95, 105].
Demographic characteristics—Age [20, 57, 63, 68–70, 73,
76, 79, 91, 95, 96, 99, 106–111], gender [20, 69, 73, 90,
95, 100, 101, 110, 111], education [20, 69, 91, 92, 96, 99,
106, 107, 109, 110, 112], employment [91, 92, 107] and
ethnicity [57, 106] were found to be significantly associated with engagement. There was a trend towards a
positive association between engagement and older
TBM

age, higher educational attainment and being a woman; however, as no meta-analysis was conducted, a
conclusion about the size and direction of influence
cannot be drawn. Computer literacy, or confidence using
the Internet, has been found to be positively associated
with engagement [11, 20, 98, 99, 106, 108, 113]. However, as none of the included studies adequately measured baseline computer skills in their designs, a firm
conclusion cannot be drawn.
Physical characteristics—Physique, including baseline
weight and the presence of comorbidities, was found
to be negatively associated with engagement [68, 70,
71, 91–94, 106, 112].

Setting
The social and physical environments in which a DBCI
is used, have been hypothesised to influence engagement [4, 29, 30]. The social environment includes
culture (e.g. prevailing norms), commercial environment, media and social cues. The physical environment includes financial resources, material resources,
time pressure, physical cues, location, the healthcare
system and policy. Time [86, 92, 93, 114] and access to
hardware or the Internet [30, 115] have been hypothesised to be positively associated with engagement.
DBCI

Content
DBCIs that include particular behaviour change techniques (BCTs), such as action plans [78], goal setting
[116], feedback [59] and self-monitoring tools [78],
have been found to be associated with higher engagement [78]. Rewards and incentives have been hypothesised [26, 100, 101, 117] or found [118] to positively
influence engagement; however, evidence from trials
in which the presence of rewards or incentives has
been manipulated is scarce.
Social support features, referring to features that facilitate the receipt of social support, were found to positively influence engagement [76, 82, 119–124]. Features that decrease the feeling of loneliness or that
increase motivation through competition with others
include online discussion forums, gamification elements such as leaderboards that show users where they
rank in a gamified system, and peer-to-peer contact
[125, 126]. Evidence indicates that DBCIs that provide
access to such features are successful in getting users
who report lower social support at baseline to engage
[57, 127]; however, participants who reported higher
levels of social support at baseline were found to be
more likely to engage with the social elements of
DBCIs across a few studies [68, 86, 91, 96].
Reminders have been hypothesised [117, 128, 129] or
found to positively influence engagement; results from
a meta-analysis indicate a positive effect of reminders
on engagement [130]. However, receiving too many
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reminders may have a negative effect on engagement
due to Be-mail fatigue^ [69].

Delivery
Mode of delivery, which includes face-to-face, telephone,
text message, smartphone app, website and mass media delivery, has been hypothesised to influence engagement with DBCIs [4].
Professional support features, which include features
that enable remote contact with a clinician via e-mail,
telephone or text messages, have been found to positively influence engagement with DBCIs [20, 25, 26,
63, 68, 70, 73, 77, 88, 90, 95, 120, 131–134]. However,
results from a randomised controlled trial (RCT) of a
web-based weight loss intervention in which some
participants received coaching calls from a nurse indicated that participants in the coaching arm were more
likely to drop out around the time of the first coaching
session, suggesting a negative influence of professional
support features in particular situations [70].
Control features, referring to features that make users
feel that they are in control of and are free to make
choices about how to interact with a DBCI, have been
hypothesised [51, 119] or found [52, 74, 110] to positively influence engagement. For example, results
from an RCT in which participants either received
content all at once or sequentially over a period of
weeks suggest that participants were more likely to
disengage when the content was delivered sequentially
[110]. Tunnelled interventions (i.e. those that lead
users through a number of predetermined steps) have
been found to generate more page views compared
with self-paced ones [74]. However, this may be an
artefact of making users click through a pre-specified
number of pages in order to progress through the
DBCI.
Novelty, generated by regular content updates, has
been found to positively influence engagement
through preventing boredom [25, 26]. However, there
might be a trade-off between novelty and programme
complexity; it has been hypothesised that participants
will disengage if the intervention is perceived as too
long or overly complicated [26, 68, 73, 88, 131, 135,
136]. It has been hypothesised that the presence
of too many features may compromise a DBCI’s
ease of use [19], referring to whether or not it feels
natural for the user to operate an interactive
system. Ease of use has been hypothesised to
positively influence engagement [71, 100, 137].
The personalisation or tailoring of content has been
hypothesised [26, 52, 68, 72, 80, 103, 106, 110, 113,
119, 120, 138] or found [19, 20, 66] to positively
influence engagement. Interactivity, referring to a twoway flow of information between a DBCI and its user,
has been hypothesised [28, 48, 50, 66, 78, 100, 139] or
found [19] to positively influence engagement.
Message tone, which refers to the terminology and
wording used to communicate health messages [92,
101], and narrative [43, 50, 65, 103, 125, 140], referring
to the presence of a storyline, have been hypothesised
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to positively influence engagement. Furthermore, challenge [61, 100, 141], aesthetics and design [120, 139, 142,
143] and credibility features [68, 73], referring to features
that inculcate a feeling of trust, familiarity [97, 139,
144], and the provision of guidance or tutorials [68,
106, 145] have been hypothesised to positively influence engagement with DBCIs.
What are the proposed relationships between engagement
and the effectiveness of DBCIs?
The following four synthetic constructs were developed to explain the proposed relationships between
engagement and the effectiveness of DBCIs:
Bmechanisms of action^, Bunmeasured third variable^,
Boptimal dose^ and Beffective features^.

Mechanisms of action
Mechanisms of action proposed to mediate the effect of
engagement with DBCIs on intervention effectiveness
[4] include increased knowledge, motivation, affect
management, cognitive restructuring, skill building
[29], comprehension and practice of programme content, and increased self-efficacy [19]. A further distinction has been made between Bintervention receipt^,
which refers to the extent to which participants understand and can perform the skills taught, and
Benactment of intervention skills^, which refers to the
extent to which participants use these skills [146, 147].
It has also been hypothesised that mechanisms of
action, such as accountability to a healthcare practitioner and relatedness to other individuals, might positively influence engagement with DBCIs [68, 77, 86,
96].

Unmeasured third variable
An unmeasured third variable, such as higher baseline
motivation or self-efficacy, may be responsible for the
observed association between increased engagement
and positive DBCI outcomes. Alternatively, those who
engage with DBCIs might simply be more inclined to
behave healthily in general [11]. It has also been argued that the target behaviour itself might influence
engagement [148]. For example, smokers who relapse
might be more likely to stop engaging with the DBCI,
while those who successfully manage their cravings
might be more likely to continue engaging with the
DBCI.

Optimal dose
Optimal dose refers to a pre-defined level of engagement at which specific DBCIs are effective. It has been
hypothesised that the receipt of an optimal dose may
explain the relationship between engagement and intervention effectiveness but that the optimal dose for
particular DBCIs may vary depending on user characteristics [70, 113].
TBM

367

SYSTEMATIC REVIEWS

Effective features
The use of specific intervention features has been
found to be associated with better DBCI outcomes
[70]. It has been suggested that there may be a mismatch between features that participants choose to
engage with frequently and effective features that are
causally linked to intervention outcomes [104]. For
example, although users may enjoy engaging with a
particular feature (e.g. filling out a food diary), thus
using it frequently, use of a less popular feature (e.g.
Bgetting support^ tools) might be more strongly associated with intervention outcomes, such as weight
loss [70].
Development of a conceptual framework of engagement with
DBCIs
The final aim of the review was to develop a conceptual framework specifying potential direct and indirect
influences on engagement and relationships between
engagement and intervention effectiveness. As the
framework proposed by Ritterband and colleagues
[29] and the ontology proposed by West and Michie
[4] explicitly linked engagement to behaviour change,
we drew on these to structure our conceptual framework, mapping the other existing frameworks onto it.
Additional factors identified in the reviewed literature
not otherwise specified were also mapped onto the
conceptual framework.
We propose a conceptual framework in which engagement with a DBCI influences the target behaviour
through specific mechanisms of action; box 4, box 1,

box 3 and box 2, respectively. Content has been found
to directly influence engagement with DBCIs; box a.
Delivery has been hypothesised to directly influence
engagement with DBCIs; box b. The context and the
target behaviour are hypothesised to directly influence
engagement; box 5 and box 3, respectively. Mechanisms of action are hypothesised to indirectly influence engagement; box 2. The population (e.g. demographic, physical and psychological characteristics)
has been found to directly influence engagement with
DBCIs; box c. The setting has been hypothesised to
directly influence engagement; box d. Engagement is
hypothesised to be indirectly influenced by the moderating influence of the context on the influence of the
DBCI; box 4, box 5 and box 1, respectively. Figure 2
shows this schematically. Hypothesised influences are
marked with stars.

DISCUSSION
An integrative conceptualisation of engagement with
DBCIs has been developed; engagement is defined
here as a multidimensional construct which can be
measured through self-report questionnaires, verbal
reports, automatic recording of DBCI use or recording
of psychophysical manifestations. A conceptual framework was developed, which suggests that the context
of use influences engagement with DBCIs either directly or indirectly by moderating the influence of the
DBCI on engagement. Mechanisms of action might
indirectly influence engagement and the target

Fig 2 | Conceptual framework of direct and indirect influences on engagement with DBCIs. Transparent boxes indicate concepts.
Concepts can be defined as abstract ideas that are derived from either direct or indirect evidence [149]. Blue boxes indicate
attributes of concepts. Attributes can be defined as properties that characterise a concept [150]. Solid black arrows indicate
relationships between concepts and attributes. Arrows with transparent heads indicate an influence of a concept.
TBM
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behaviour might directly influence engagement with
DBCIs, suggesting the presence of a positive feedback
loop. The proposed relationships between engagement and intervention effectiveness are tentative, as
these have not been studied extensively.
The suggested behavioural and experiential dimensions of engagement can in principle be measured or
inferred in every instance of a DBCI. The content,
structure, length and design of specific DBCIs tend to
vary, and hence, the relevance of the different dimensions of engagement will vary accordingly. Although the
intended frequency, amount, duration and depth of use
might be set to B1^ in a one-off intervention, the individual parameters are still present and measureable.
Thus, the proposed definition of engagement allows
for direct comparison across different kinds of DBCIs
by including multiple dimensions of engagement at its
core. This has been lacking in previous conceptualisations. Evidence of higher engagement coupled with
evidence of, for example, enjoyment of using a DBCI
is hypothesised to predict greater DBCI effectiveness. If
this is the case, the proposed definition of engagement
should provide a means of generalising findings from
particular DBCIs to other similar DBCIs. It may not be
possible to evaluate the usefulness of the proposed definition prior to empirical work [151].
Although some self-report questionnaires designed
to measure engagement demonstrate good validity
and reliability [64, 152], these typically rely on measuring engagement after, as opposed to during, the event.
However, the advent of new technologies allows selfreports of engagement to be measured in real-time
rather than through paper-and-pencil questionnaires
[153]. Although physiological measures have been used
to measure engagement, notably in the HCI literature,
associations between physiological and self-reported
measures of engagement are weak [65]. The nature of
these associations should be investigated further.
Previous conceptual frameworks have been based on
theoretical predictions only or have been derived from
the literature within one scientific domain [4, 28–30]. In
contrast, our conceptual framework is derived from theoretical predictions and empirical observations within
multiple, interrelated disciplines. This endeavour was
facilitated by the use of principles from CIS, which
allowed the combination of a diverse set of research
findings. The proposed conceptual framework of engagement is a synthesis of existing ontologies, frameworks
and models and incorporates factors not previously included. The novel components in our framework are as
follows: Bmental health^, Bexperience of well-being^,
Bfamiliarity^, Bguidance^ and Bnarrative^. The negative
association between poor mental health and engagement
might be explained by the observation that those with
poor mental health (e.g. depression) typically experience
decreased self-efficacy to, for example, stop smoking or
lose weight [154, 155]. Experience of well-being might be
negatively associated with engagement due to being related to the belief that one does not need any support.
Familiarity with the design of DBCIs and guidance
might positively influence engagement because
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familiar examples, design conventions or stepped howto-use guides may inculcate feelings of comfort and ease
of use. A narrative might draw users in, increasing their
interest and enjoyment. Moreover, this review identified a trend towards a positive association between
engagement and older age, higher educational attainment and being a woman, which merits further investigation. Although these demographic characteristics
have been included in existing frameworks of engagement, the direction of influence has not been previously discussed. Through the use of a systematic, interdisciplinary approach, the proposed conceptual framework offers a comprehensive overview of the factors
that may influence engagement with DBCIs and hence
provides a starting point for reducing the observed
fragmentation of research findings.
LIMITATIONS
The lack of evidence supporting the claim that setting
of use (e.g. culture, social norms, physical cues, healthcare pathway) directly influences engagement with
DBCIs constitutes a limitation. This might either reflect the search terms used or indicate that this has not
been investigated in the literature; we cannot distinguish between these explanations. There was also a
lack of evidence in support of the claim that the context of use (i.e. setting and population) may moderate
the influence of the DBCI on engagement. For example, the setting of use may vary depending on the
mode of delivery (e.g. computer versus mobile phone).
Hence, the DBCI might indirectly influence engagement through determining the setting of use; while
computers may predominantly be used at home or in
a clinic, mobile phones might mainly be used on the
go, which may influence the amount or depth of engagement. Future research should test this hypothesis.
Another limitation is that no formal quality assessment
of the included articles was conducted. However, this
was in line with the chosen method, which suggests
that the articles should be judged on the basis of their
relevance to the research question rather than their
methodological rigour. This method was selected due
to the conceptual nature of the research questions. A
further limitation is that the data extraction and literature synthesis were conducted by a single reviewer,
potentially introducing bias. Finally, the end date for
the literature search (i.e. November 2015) constitutes a
limitation; with the pace of technological advances and
the proliferation of digital health research, it is likely
that relevant literature has since been published.

IMPLICATIONS AND AVENUES FOR FUTURE RESEARCH
The proposed integrative definition and conceptual
framework of engagement with DBCIs have implications for clinical practice: the use of a shared terminology
and measurement techniques will ensure more rapid
advance in understanding engagement with DBCIs
and developing methods to improve it. A shared conceptualisation of engagement can be used to help
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policymakers and commissioners to set evaluation
standards for DBCIs. Moreover, the proposed conceptual framework can be used to generate testable hypotheses about how to improve engagement with DBCIs.
For example, according to the conceptual framework,
the presence of rewards might influence engagement
with a DBCI due to increased motivation. This hypothesised link between rewards, motivation and engagement can be tested using an experimental design. Future
avenues for research include the assessment of what
dimensions of engagement (e.g. attention, interest, affect,
amount, duration, frequency, depth) are most strongly
associated with intervention effectiveness, whether it is
possible to establish benchmarks for the optimal dose of
engagement across different kinds of DBCIs and whether the context of use influences engagement with DBCIs.

3.

CONCLUSION
Engagement with DBCIs is conceptualised here in terms
of both experience and behaviour. Engagement may be
influenced by the DBCI itself, the context of use, mechanisms of action of the DBCI and the target behaviour.
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Abstract
Background: Public health organisations such as the National Health Service in the United Kingdom and the
National Institutes of Health in the United States provide access to online libraries of publicly endorsed smartphone
applications (apps); however, there is little evidence that users rely on this guidance. Rather, one of the most
common methods of finding new apps is to search an online store. As hundreds of smoking cessation and alcoholrelated apps are currently available on the market, smokers and drinkers must actively choose which app to
download prior to engaging with it. The influences on this choice are yet to be identified. This study aimed to
investigate 1) design features that shape users’ choice of smoking cessation or alcohol reduction apps, and 2)
design features judged to be important for engagement.
Methods: Adult smokers (n = 10) and drinkers (n = 10) interested in using an app to quit/cut down were asked to
search an online store to identify and explore a smoking cessation or alcohol reduction app of their choice whilst
thinking aloud. Semi-structured interview techniques were used to allow participants to elaborate on their
statements. An interpretivist theoretical framework informed the analysis. Verbal reports were audio recorded,
transcribed verbatim and analysed using inductive thematic analysis.
Results: Participants chose apps based on their immediate look and feel, quality as judged by others’ ratings and
brand recognition (‘social proof’), and titles judged to be realistic and relevant. Monitoring and feedback, goal
setting, rewards and prompts were identified as important for engagement, fostering motivation and autonomy.
Tailoring of content, a non-judgmental communication style, privacy and accuracy were viewed as important for
engagement, fostering a sense of personal relevance and trust. Sharing progress on social media and the use of
craving management techniques in social settings were judged not to be engaging because of concerns about
others’ negative reactions.
Conclusions: Choice of a smoking cessation or alcohol reduction app may be influenced by its immediate look
and feel, ‘social proof’ and titles that appear realistic. Design features that enhance motivation, autonomy, personal
relevance and credibility may be important for engagement.
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Background
Cigarette smoking and excessive alcohol consumption are
two of the most serious global public health problems [1].
Behaviour change interventions delivered face-to-face by
trained healthcare professionals have been developed to
help tackle them [2, 3]. With technological developments,
behavioural interventions can now be delivered remotely
via digital platforms. Digital behaviour change interventions include any behaviour change programme delivered
via websites, mobile phones, smartphone applications
(apps) or wearables [4]. Smartphones are typically carried
with the user throughout the day and can therefore
facilitate the delivery of behavioural support “just-intime”, independent of geographical location [5–7].
Although only a minority of available smoking cessation and alcohol reduction apps have been rigorously
evaluated in, for example, randomised controlled trials
(RCTs), preliminary results suggest that apps might be effective in supporting smokers to quit and excessive
drinkers to reduce their alcohol consumption [8–12]. In
order to benefit from smoking cessation and alcohol
reduction apps, users must identify and select which
apps to download from the myriad available on the
market [13, 14] and engage with them over time [15].
To our knowledge, no study has yet explored what
factors are important in shaping this selection and
subsequent engagement.
Although public health organisations such as the
National Health Service in the United Kingdom (UK)
and the National Institutes of Health in the United
States (US) provide access to online libraries of
publicly endorsed health apps (e.g. https://www.nhs.uk/
oneyou/apps; https://www.nlm.nih.gov/mobile/) [16, 17],
the majority of these accredited apps fail to act in accordance with data protection principles, such as encrypting
personal information transmitted to developer or thirdparty servers [18]. There is also little evidence to suggest
that users rely on these online libraries when searching for
and selecting novel apps. Rather, the two most frequently
used methods of identifying new apps are to search an
online store and to seek recommendations from friends
and family [19]. As there are currently more than 400
smoking cessation and 700 alcohol-related apps available
on the market [13, 14], the onus is on the user to actively
select which app to download. Notwithstanding a recent
increase in the development and formal evaluation of
theory- and evidence-informed apps within the research
community [8–11, 20, 21], the majority of popular smoking cessation and alcohol reduction apps do not include
‘behaviour change techniques’ associated with higher quitting rates in face-to-face interventions and do not adhere
to public health guidelines [13, 14, 22–26].
While popular smoking cessation and alcohol reduction apps vary in their specific approaches to behaviour

change, commonalities in the techniques employed have
been identified. For example, four independent content
analyses of smoking cessation apps available in the US
[13, 24], UK [23] and South Korean [26] versions of the
iTunes Store/Google Play Store found that at least one
of the following techniques was employed in a large proportion of the reviewed apps: self-monitoring (e.g. tracking cigarettes smoked or days smoke-free), feedback on
progress, advising on how to quit, rewarding abstinence,
supporting identity change and hypnosis [13, 23, 26].
Three independent content analyses of alcohol-related
apps available in the US [25], Australian, [22] and UK
[14] versions of the iTunes Store/Google Play Store
found that although the majority of apps actively encouraged alcohol consumption, those promoting alcohol
reduction commonly employed at least one of the following techniques: self-monitoring, feedback on progress
(e.g. money saved from not buying alcohol), social
support (e.g. dialling one’s sponsor), psychoeducation
(e.g. information on the negative effects of excessive
alcohol use) and hypnosis (e.g. audio recordings to encourage relaxation) [14, 22, 25]. With regards to features
aimed at promoting engagement, one review of smoking
cessation apps found that tailoring of content was
employed in 45% of apps [24] while another review
identified a decline in the use of engagement features
such as tailoring of content and rewards (e.g. points/
badges) in smoking cessation apps between 2012 and
2014 (69.6% reducing to 45.3%) [23].
Due to the variable quality of available smoking cessation and alcohol reduction apps, an important goal is to
determine how the design of evidence-based apps can be
improved to attract users’ attention in online stores and
hence, increase their likelihood of being selected and
engaged with [27]. The choice of any kind of app in an
online store is likely to be influenced by visceral reactions to the app’s design and affective responses to and
cognitive processing of the app’s known attributes
[28–31]. Lasting positive first impressions of the
visual appeal of websites are formed rapidly (within
50–500 milliseconds of exposure) and are primarily
based on affective responses [28, 29]. While visual appeal
was highlighted by users as important when choosing
from pre-specified lists of apps (e.g. health apps, games for
entertainment), factors such as perceived usefulness, personal relevance, positive user ratings and prior knowledge
of brand names were also considered vital [30, 31]. There
appears to be a lack of evidence as to how users freely
choose smoking cessation and alcohol reduction apps in
an online store and what factors shape their choice.
The potential benefits of apps depend not only on
good choices by users but also on their subsequent engagement [15]. A positive association between engagement and intervention effectiveness has been observed
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[32, 33], suggesting that the likelihood of successful behaviour change depends on engagement with the intervention [15, 34]. In the context of digital behaviour
change interventions, engagement has been defined as 1)
the extent of intervention use (i.e. amount, depth, duration, frequency), and 2) a subjective experience characterised by attention, interest and affect [35]. Although it is
unclear what level of engagement is required for different
kinds of digital behaviour change interventions to be effective, engagement with health apps has typically been
found to be low; it has been estimated that 25% of such
apps are not used more than once by each user and that
less than 10% of users return seven days after their first
use [36, 37]. It is therefore important to identify design factors that promote or detract from engagement with digital
health products [38].
Although numerous intervention studies have identified demographic (e.g. age, gender, educational attainment) and psychological (e.g. motivation, mental health
status) factors that predict engagement with digital behaviour change interventions, few studies have employed
experimental designs to evaluate the effect of specific
design features on engagement (see [35] for a systematic
review of 117 articles). While evidence from RCTs indicates that features such as reminders and prompts [39],
tailoring of content [40], contact with a healthcare professional [41] and simultaneous delivery of content (as
opposed to sequential delivery) [42] positively influence
engagement with computer- and web-delivered behaviour change interventions, little is known about the
specific design features that influence engagement with
smoking cessation and alcohol reduction apps.
Results from a secondary analysis of automatically
recorded usage data from an RCT of a smoking cessation app indicated that users more frequently engaged
with some tools compared with others (i.e. ‘developing a
quit plan’, ‘tracking smoking’, ‘viewing progress’) [43];
however, the effect of particular design features (e.g. ease
of use, tailoring of content, rewards) on engagement was
not explored. In a formal consensus exercise, behaviour
change and alcohol experts rated features such as ease
of use, tailoring of content, feedback, aesthetic appeal
and ‘unique smartphone features’ as likely to engage
users with a novel alcohol reduction app [44]; however,
it is unclear whether experts’ views align with those of
users from the target population. A cross-sectional
survey of users’ views on the functionality of an alcohol
reduction app developed based on guidance from the
National Institute of Clinical Excellence found that users
largely held favourable views towards the app’s features
(e.g. an alcohol tracker, information on excessive alcohol
use, notifications) [45]; however, users from the target
population were not involved in the design of the app
and survey respondents were not prompted to reflect on

how the app’s features might influence their engagement.
A qualitative study that explored young adults’ views
on behaviour change apps and what factors contribute
to their willingness to engage with such apps found
that accuracy, security and immediate effects on
mood were considered important for engagement
while context-sensing software features and sharing
on social media were considered off-putting [46].
However, no study to date has explored smokers’ and
drinkers’ views on what design features are likely to
be important for engagement with smoking cessation
and alcohol reduction apps.
To better guide the selection of design features that
can be included in future experimental studies (e.g.
factorial RCTs), it would be useful to identify design
features that smokers and drinkers judge to be important for engagement with smoking cessation and alcohol
reduction apps. The present study therefore aimed to
address the following two research questions through
the use of qualitative methods:
1. What design features shape smokers’ and
drinkers’ choice of smoking cessation and alcohol
reduction apps?
2. What design features are judged by potential users
to be important for engagement with smoking
cessation and alcohol reduction apps?

Methods
Study design

The Consolidated Criteria for Reporting Qualitative
Research checklist was used in the design and
reporting of this study [47]. A think aloud methodology was used to address the first research question, which involved asking participants to verbalise
their thoughts, impressions and feelings whilst engaging with an app of their choice [48]. The role of
the researcher in a think aloud study is to retreat to
the background and only prompt participants when necessary. This method was chosen over a retrospective design due to its ability to generate real-time data on the
selections made, which was considered more reliable
than data generated from participants’ memory. Semistructured interview techniques were used to allow
participants to elaborate on statements made during
the think aloud tasks and to address the second research question. Behaviour is often influenced by
unconscious processing of stimuli [49], so users may
have limited insight into the factors that in fact influence their engagement with apps. However, usercentred design methods emphasise the importance of
exploring users’ views as part of the iterative design
process in order to develop digital behaviour change

377

Perski et al. BMC Medical Informatics and Decision Making (2017) 17:25

Page 4 of 14

interventions that accommodate the needs of the
target population [50–52].

stated that smokers and drinkers were invited to the
laboratory to complete a few smartphone-based tasks and
share their views on smoking cessation or alcohol reduction apps. Snowballing techniques were also used by asking
participants to refer friends or family members interested
in using an app to stop smoking or cut down on drinking
[58]. Participants were recruited in batches of five until
theoretical saturation was judged to have occurred (i.e.
when no novel themes were identified) [59]. Preliminary
data analysis was conducted after each batch of five participants to determine if more participants were needed.

Theoretical framework

As we were interested in exploring novel themes not
previously identified in the literature, an interpretivist
theoretical framework was used to inform data gathering
and analysis [53]. Interpretivism proposes that multiple
realities exist (i.e. assumes a ‘subjective’ rather than
‘objective’ reality) and that participants’ accounts of
their “lived experience” are co-constructed through
the interaction with and subsequent interpretations of
the researcher [53, 54]. Interpretivism recognises the
active role of the researcher in both the elicitation
and interpretation of qualitative data.
Participants

Smokers were eligible to take part if they i) were aged ≥
18 years, ii) smoked cigarettes daily, iii) would consider
using a smartphone app to help them stop smoking, iv)
owned an Android or iOS smartphone with internet
access that was capable of running apps and v) lived in
or near London (UK). Drinkers were eligible to participate if they i) were aged ≥ 18 years, ii) reported an
Alcohol Use Disorders Identification Test-Consumption
(AUDIT-C) score ≥ 5, indicating excessive alcohol consumption [55], iii) would consider using a smartphone
app to help them reduce their drinking, iv) owned an
Android or iOS smartphone with internet access that
was capable of running apps and v) lived in or near
London (UK). Smokers and drinkers interested in using
an app to stop or cut down were recruited in order to
mimic real-world conditions and hence generate more
valid data. It was expected that these participants would
be able to more vividly imagine engaging with the apps
compared with smokers and drinkers uninterested in
using an app to stop or cut down [56]. For pragmatic reasons, no cut-off was imposed on cigarettes per day for including smokers in the study. As approximately 47% of
English smokers are interested in using a digital intervention to stop [57], it was deemed more important to recruit
smokers who were interested in using an app to stop rather than heavy or highly dependent smokers. Participants
who were both smokers and drinkers were only asked
about one kind of app; they were allowed to indicate a
preference for what behaviour to focus on. Participants
who had already tried to quit smoking/reduce their drinking using an app were not excluded. Participants who
were not fluent English speakers were excluded.

Measures

Data were collected at baseline on: 1) age; 2) gender; 3)
ethnicity, measured using the Office for National Statistics’ index [60]; 4) socio-economic status, measured using
the self-reported version of the National Statistics SocioEconomic Classification [61]; 5) nicotine dependence,
measured using the Heaviness of Smoking Index (HSI)
[62, 63]; a score ≥ 4 on the HSI indicates high nicotine
dependence [63]; 6) patterns of alcohol consumption,
measured using the Alcohol Use Disorder Identification
Test-Consumption (AUDIT-C) [55, 64, 65]; an AUDIT-C
score ≥ 5 indicates excessive alcohol consumption [55]; 7)
motivation to stop smoking or cutting down on drinking,
measured using the Motivation To Stop Scale (MTSS)
[66]; 8) whether they had tried to stop/cut down in the
past 12 months; 9) whether they had ever used an app to
stop smoking/reduce drinking; 10) frequency of app use;
11) last time they had downloaded an app.
Procedure

Participants read the information sheet which described
the nature of the study without disclosing information
that might have influenced participants’ search behaviours or verbal responses. They subsequently provided
informed consent using an online screening questionnaire that assessed study eligibility and collected descriptive data (see Additional file 1). This questionnaire was
hosted by Qualtrics survey software [67]. The face-to-face
sessions were conducted in a private space at a London
university or in participants’ homes, according to participant preference. No one else was present besides the participant and researcher except for one interview that was
conducted in a space where university students were
present. Interviews took place between April and June
2016. Sessions lasted between 45 and 75 min. Participants
received a £20 gift voucher as compensation for their time.
Pre-task interview

Sampling

Participants were recruited through social media (e.g.
Facebook, Twitter) and posters placed on central
London university campuses. The recruitment materials

A pre-session interview was held to elicit participants’
expectations of apps in general and smoking cessation or
alcohol reduction apps in particular (see Additional file 2).
Knowledge of participants’ existing beliefs about apps and
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their smoking/drinking identity was judged to be relevant
for the interpretation of subsequent statements and reactions; for example, knowledge that a participant did not
identify as an excessive drinker was subsequently used to
interpret ambiguous statements or reactions to the explored apps.

the findings systematically under headings. The ordered
data were reviewed and revised in discussion with the
second author and were subsequently organised into
themes. Theoretical saturation was judged to have occurred after 20 participants, as no new themes were
identified [59]. As a quality check, the third author
reviewed the codes, themes and participant quotes.
Disagreements were resolved through discussion.
Agreement on the final themes was reached through
discussion between all co-authors. Differences between
smokers and drinkers and other group differences were
recorded where identified.

Think aloud tasks

Participants were instructed on how to think aloud
(see Additional file 2) and were subsequently asked to
complete a practice task: thinking aloud whilst changing the ringtone on their smartphone. Participants
were then asked to complete two tasks on their
smartphone. The first involved searching for smoking
cessation or alcohol reduction apps in an online app
store and was designed to elicit thoughts about factors that shape smokers’ and drinkers’ decisions to
download such apps. The second task involved downloading and exploring a free smoking cessation or alcohol reduction app and was designed to gain insight
into factors expected to be important for engagement
(see Additional file 2). Positive reinforcement was
used to ensure that participants verbalised relevant
information (e.g. “You’re doing well!”). When participants fell silent, prompts were used (e.g. “What are
you thinking now?”).

External validation

Respondent validation refers to the comparison of the
researcher’s interpretation of the data with participants’
accounts to assess the level of agreement between the
two [71, 72]. A subsample of five participants (25%) was
contacted and asked to review the results after the initial
themes had been developed. Participants were asked to
comment on whether they felt that their views were well
represented and the extent to which they agreed with
the interpretation of their quotes and the main claims of
the narrative. Three participants returned their comments, stating that they agreed with the authors’
interpretations.

Debrief interview

Reflexivity

The purpose of the debrief interview was to give participants the opportunity to elaborate on statements
made during the think aloud tasks. Following the analysis of the first two batches of interview transcripts,
the semi-structured interview schedule was adapted in
order to elicit more data about points raised by the
first 10 participants (see Additional file 2). At the end
of the sessions, participants were told the full purpose
of the study.

Despite smoking and excessive drinking being associated
with social stigma [73, 74], the interviewer felt that good
rapport was built with the majority of participants. At
the beginning of the study, the interviewer asked each
participant the same set of questions in the same order,
but it later became apparent that a more discursive style
generated more extensive data and was therefore adopted.

Data analysis

Sessions were audio-recorded, transcribed verbatim and
analysed using inductive thematic analysis [68], which
has previously been used to analyse data from think
aloud studies involving smartphone apps [46, 69]. Braun
and Clarke identify six phases of thematic analysis: i)
familiarising with the data, ii) generating initial codes,
iii) searching for themes, iv) reviewing themes, v) defining and naming themes, and vi) producing the report
[68]. Data were coded by the first author using NVivo
10 [70] with regular discussions with the second author.
New inductive codes were labelled as they were identified during the coding process. Data were sometimes
assigned to multiple codes. All codes that potentially included data relating to the study aims were recorded.
The first author reviewed the codes one by one, ordering

Ethical approval

University College London’s Departmental Research
Ethics Committee granted ethical permission (UCLIC/
1213/015). Personal identifiers were removed from the
data, which were stored securely, and principles of
research governance were observed [75].

Results
Participant characteristics

The average age of participants was 29.7 years (SD = 9.2),
60% were women, 70% were of White ethnicity, 20% were
of Asian ethnicity, 85% were from a high socio-economic
status background and 55% of participants had made an
attempt to quit smoking or cut down on their drinking in
the past 12 months but had relapsed into smoking/drinking (i.e. all participants were smoking/drinking at the time
of the study). Smokers had an average HSI score of 0.6
(SD = 1.07), indicating low nicotine dependence, and
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drinkers had an average AUDIT-C score of 7.0 (SD = 2.9),
indicating excessive alcohol consumption. Participant
characteristics are found in Table 1.

and screenshots; however, the specific factors contributing
to judgments about attractiveness differed across participants. Half of the participants (10/20) mentioned feeling
drawn to apps using bright colours (e.g. light green,
white), which were described as attention-grabbing or
associated with health and wellbeing, while apps using
dark or neon colours were considered less appealing. This
divide was not universal; a few participants (2/20) felt
more drawn to apps in dark colours because these were
perceived as taking the quitting process more seriously.

Themes

Three themes were developed in relation to the first
research question and were labelled “immediate look
and feel of the app”, “social proof” and “realistic and
relevant titles”. Five themes were developed in relation
to the second research question and were labelled: “features that enhance motivation”, “features that enhance
autonomy”, “features that enhance personal relevance”,
“features that enhance credibility” and “consistency with
online and offline social preferences”. As few differences
between smokers and drinkers were identified, groups
were combined for the reporting of the results unless
otherwise stated. A summary of the identified themes is
found in Table 2. Supplementary excerpts from the faceto-face sessions can be found in Additional file 3.
What factors shape smokers’ and drinkers’ choice of apps?
The immediate look and feel of the app

The majority of participants (14/20) stated that their
choice of apps was guided by the initial appeal of icons

Look at that! A dark screen, too many numbers. This
really put me off. – D8
When prompted to reflect on why particular designs
caught their attention, many participants (9/20) mentioned
that they preferred apps with minimalist or modern designs, as these were thought to signal professionalism and
caring on the part of the developer, and described feeling
“put off” by designs that looked “childish” or “amateurish”.
However, the majority of participants (11/20) were unable
to articulate exactly what they liked about a particular
design. This was manifested by statements about the app
simply looking “nice” or having the “right” look.

Table 1 Participants’ demographic, smoking, and drinking characteristics
ID

Group

Gender

Age

MTSSa

Made an attempt to stop/cut
down in past 12 months

Ever used app to stop
smoking or reduce drinking

Last time downloaded
a smartphone app

D1

Drinker

M

24

5

Yes

No

In the last week

Daily

D2

Drinker

M

28

2

No

No

Today or yesterday

Daily

D3

Drinker

F

28

3

Yes

No

In the last month

Daily

D4

Drinker

F

31

6

No

No

In the last month

Weekly

D5

Drinker

F

21

2

No

No

Today or yesterday

Daily

D6

Drinker

F

56

2

No

No

In the last 6 months

Monthly

D7

Drinker

F

25

2

No

No

In the last 6 months

Daily

D8

Drinker

M

24

3

Yes

No

In the last month

Daily

D9

Drinker

M

47

3

Yes

No

In the last week

Daily

D10

Drinker

M

29

5

Yes

No

In the last week

Daily

S1

Smoker

M

24

2

No

No

In the last month

Several times/week

S2

Smoker

F

25

4

Yes

No

In the last week

Daily

S3

Smoker

M

28

3

No

No

In the last week

Daily

S4

Smoker

F

20

4

Yes

Yes

Today or yesterday

Daily

S5

Smoker

F

25

5

Yes

Yes

In the last week

Daily

S6

Smoker

F

27

7

Yes

No

In the last 3 months

Daily

S7

Smoker

M

25

2

No

No

In the last month

Daily

S8

Smoker

F

45

7

Yes

No

In the last 6 months

Daily

S9

Smoker

F

33

2

No

No

In the last week

Daily

S10

Smoker

F

28

5

Yes

No

In the last 3 months

Several times/week

a

Frequency of
app use

Motivation To Stop Scale (MTSS): 1 = I don’t want to stop smoking/cut down on drinking alcohol, 2 = I think I should stop smoking/cut down on drinking alcohol
but I don’t really want to, 3 = I want to stop/cut down but haven’t thought about when, 4 = I really want to stop/cut down but I don’t know when I will, 5 = I want to stop/
cut down and hope to soon, 6 = I really want to stop/cut down and intend to in the next 3 months, 7 = I really want to stop/cut down and intend to in the next month
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Table 2 Summary of identified themes
1. What design features shape smokers’ and drinkers’
choice of apps?

Theme

Description

The immediate look and feel of the app

First impressions of the app’s aesthetic appeal
(e.g. colour scheme, minimalist design) and usability

Social proof

The app’s perceived quality, largely determined by
‘social proof’ (i.e. other users’ ratings, recognition of
credible brands/institutions).

(e.g. easy to understand, not too text-heavy).

2. What design features are judged to be important
for engagement?

Realistic and relevant titles

Titles that appeared realistic and relevant to the target
behaviour (e.g. “quit smoking”, “reduce your drinking”).

Features that enhance motivation

Features that enhanced participants’ motivation to stay
smoke-free/reduce their drinking (e.g. monitoring and
feedback, goal setting, rewards).

Features that enhance autonomy

Features that enhanced participants’ autonomy
(e.g. user-controlled reminders, flexible quitting/
reduction plans).

Features that enhance personal relevance

Features that engendered a sense of personal
relevance (e.g. tailoring of content, a nonjudgmental communication style, gain-framed
messages).

Features that enhance credibility

Features that engendered a sense of credibility and
trust (e.g. a clear privacy policy, information perceived
to be accurate).

Consistency with online and offline social
preferences

Consistency with participants’ attitudes towards
sharing progress on social media or joining an
online support community (i.e. online preferences)
and their attitudes towards using the app to log
cigarettes/units of alcohol or distract from cravings
in social settings (i.e. offline preferences).

Don’t like it, yeah. I can’t say more, it’s just intuitive,
why. It’s just not something I’d particularly want to
look at. - S8

determined by their respective number of downloads or
list position, was thought to save time due to not having
to manually filter out poor quality apps.

Many participants (9/20) mentioned that their choice
was influenced by the app’s perceived usability or simplicity, as they did not wish to invest time in apps that
seemingly required too much effort, appeared to be
overly complex or evoked confusion.

…if an app has a good rating, despite the one or two
people who are not satisfied, I think it would mean
that it works for the majority of people. - S1

…they had these complicated graphs, and lots of
information in your face, it would take you a while to
read, whereas the app that I chose, it had information,
it showed the progress, but it was much easier on the
eye to read. - D1
Judgments about an app’s ease of use were often interwoven with judgments about its aesthetic appeal (8/20),
making it difficult to single out any one factor as being
more important in guiding choice.

Many participants (8/20) mentioned feeling drawn to
apps from familiar brands, organisations or developers;
these were described as being more salient than other
apps. When prompted to reflect on why they felt drawn
to familiar brands, participants stated that they expected
such apps to be of better quality than those from unknown brands; they were uninterested in information provided by developers or organisations lacking authority.
Who is […]? Whatever, I don’t care, you know. It’s just
some guy who came up with an app. – S6
Realistic and relevant titles

Social proof

The majority of participants (15/20) mentioned that taking other people’s star ratings or reviews of apps into
account was vital in guiding their choice due to the lack
of other guidance as to which apps are of acceptable
quality. Choosing a popular app over a less popular one,

Many participants (9/20) mentioned that the app’s title
was important in guiding their choice. Titles including
key words such as “quit smoking” or “reduce your drinking” were considered appealing, as these appeared to provide a realistic summary of the app’s content. Participants
avoided apps with titles that sounded like advertisements,
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such as those including the word “now”. These were
thought to make empty promises about being able to help
participants without providing any evidence for their
statements. A few drinkers (3/10) avoided titles including
the word “alcoholic”, as they did not believe that such
apps would be personally relevant.
I think the title is really, really important, in
terms of, don’t give promises that… You’ve got to
be really accurate and realistic, I think, to keep
people interested. Don’t make claims like that, just
easily. – S6
What factors are judged to be important for
engagement?
Features that enhance motivation

The majority of participants (12/20) expected that
regular monitoring of, for example, alcoholic beverages consumed or cigarettes smoked, and the receipt
of feedback on their progress would be important for
engagement. Being able to view a timeline of the days
on which one had managed to stay smoke-free or drink
less was expected to enhance motivation to continue,
as participants did not want to “ruin their progress”.
That’s probably a big incentive to not smoke, because
it’s just going to set that back to zero, and it’s showing
you your ever increasing progress, so yeah, I do like
that. - S4
Many participants (11/20) stated that they did not
expect to re-engage with apps that were too difficult
to use and/or confusing. A few participants (2/20)
were particularly concerned that continuously opening
the app to monitor their smoking or drinking would
be too effortful and hence, lead to disengagement.
Many participants (8/20) mentioned that they expected goal setting to be engaging; they believed that
the achievement of a goal would make them feel good
about themselves and hence, increase their motivation
to achieve further goals (i.e. a positive feedback loop).
If you set those manageable goals, so you
could achieve it, if you feel like you’re actually
progressing, getting something, then you’re more
likely to go back. - D10
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Doesn’t [the badge] motivate you to carry on? You
want to get more to prove to yourself that you can get
them. – D5
The other half of participants (7/13) were not convinced that earning virtual rewards would affect their
motivation, as they did not attach any real value to intangible points or badges. A subtle difference between
participants who had already tried to quit smoking or
reduce their drinking in the past year and those who had
not was observed; many (4/7) of those who had already
tried to quit expressed negative attitudes towards the receipt of virtual rewards, perhaps suggesting that negative
expectancy of such rewards might be linked to recent
unsuccessful quit attempts.
I’m not really going to get any awards, am I? They’re
not giving me any money or presents. - D8
Features that enhance autonomy

Of those expressing a desire to receive reminders to initiate engagement (11/20), the majority of these participants (9/11) wanted to control how frequently the app
would contact them, as they had prior experiences of
feeling bombarded or “bullied” by too many reminders.
…it was getting really, really annoying, and it bullied
me a little bit too much, about me not meeting my
goals that I set in the beginning when I started using
it. Then it just went the other way, and it just went
out the door, and I just took it off my phone. - S3
Many participants (9/20) already held firm beliefs
about how to quit smoking or reduce their drinking.
Smoking cessation apps that promoted a particular quitting strategy, such as quitting “cold turkey” with no
option for gradual reduction, were therefore seen as inflexible. A few drinkers (4/10) expressed feeling annoyed
with apps that rigidly compared their drinking patterns
with the government’s recommended limits or persuaded users to have drink-free days, as they wanted
to be in control of how to reduce their drinking in a
meaningful way.
…it seems a bit extreme, especially when you’re not an
alcoholic, why do you need a drink free day? Can’t you
just have a small glass of wine with your meal? – D7

Of the 13 participants reacting to the provision of
rewards within their selected app, approximately half
(6/13) expected that the receipt of social or material
rewards when achieving a goal, such as encouragement or badges, would increase their motivation to
engage due to the desire to earn more rewards.

Features that enhance personal relevance

Tailoring of content according to individual preferences
(13/20) inculcated a belief that the app was suited to the
individual and that it was capable of providing effective
support. For example, feedback on behavioural outcomes
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was estimated to be more engaging if it was tailored to
the individual’s needs and preferences.

However, a few participants (3/20) mentioned that
their concerns were mitigated if a message about the
app’s policy on privacy and confidentiality was provided
due to feelings of trust. A few participants (2/20) explicitly stated that they had no concerns regarding privacy
in the context of apps.

I’m supposed to be motivated by how much money I’ve
saved. That doesn’t make sense to me. I think I should
be motivated by how my health might have improved.
I don’t like this app. It’s not going to help me. - D6
Information perceived as “preachy” or patronising made
participants feel judged or nagged (9/20). This resulted in
refusals to take the information seriously due to the desire
to rebel against advice on what one “should” do.
I think I’m more likely to listen to practical advice
rather than finger wagging… - S9
Some participants (6/20) mentioned that they wanted
information about the positive effects of quitting or cutting down (i.e. ‘gain-framed’ messages). Information
about health consequences that focused on the negative
aspects of past smoking or drinking (i.e. ‘loss-framed’
messages) made participants (7/20) feel disempowered
due to the inability to change past actions. Information
focusing on the negative consequences of future smoking made some participants feel indifferent due to the
inability to imagine one’s future self.
Great. I started smoking when I was 13 and back then,
I was smoking 40 cigarettes a day. - S3
A few drinkers (3/10) were sensitive to terminology perceived as “serious” or harsh, especially when terms such as
“alcoholic” or “addict” were used. They were quick to distance themselves from apps using such terminology, as they
appeared to assume that these must be catered to individuals who, unlike them, were dependent on alcohol. Smokers
were more accepting of the use of the term “addict”.
“Add an addiction.” OK, quite serious… Wow! “I’ve been
clean for…” That’s some serious terminology. - D10
Features that enhance credibility

Many participants (8/20) mentioned that they felt uneasy about having to create an account with their personal e-mail address or allow access to the phone’s
location services in order to use their selected apps, as
they were worried that their information would be
passed on to third parties.
One thing is that I tend to not like apps that require
so much data about my location services, because, I
don’t know, but obviously they sell on apps, so I think
I’m quite wary of telling people too much about my
data… - S10

It then says: “Your data will be anonymised and
not shared with anybody other than for our
research”, which is nice to tell people for
confidentiality reasons. - D7
Information judged to be inaccurate was met with scepticism by many participants (8/20) as errors and inconsistencies were thought to undermine the app’s credibility.
Participants did not want to waste time on inaccurate
advice, as this was deemed to be untrustworthy.
I think it’s really important that these sorts of sites and
apps have the most current, up-to-date information, in
order to get me to trust them, and take on board what
they’re telling me. - D2
Consistency with online and offline social preferences

Of the participants who reacted to the provision of social support features within their selected apps (10/20),
such as sharing progress on social media (e.g. Facebook,
Twitter) or joining an online community, few (4/10)
expressed a desire to engage with such features; smoking
and drinking were seen as private behaviours that are
unacceptable to share with one’s wider social network.
Participants anticipated that sharing such information
with others would generate pity rather than support.
…what do I want to get from that? I’m not going to get
endorsements, I’m just going to get a few sad likes that
are going to be quite patronising to me… - S3
A subtle difference was observed between those who
had tried to quit smoking or reduce their drinking in the
past year and those who had not; the former appeared to
judge social sharing to not be engaging due to the anticipation of added pressure rather than increased support
while the latter expressed more favourable attitudes towards social support features, especially those enabling
users to join an online support community. Participants
who had not made an attempt to quit expected that connecting with others in a similar situation might help
stick to one’s goals due to increased motivation.
Beliefs about the capability of apps to provide timely
support when experiencing a craving were mixed. Many
participants (7/20) struggled to see ways in which
engagement with an app would influence their waning
resolve. A few smokers (3/10) believed that doing a
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breathing exercise to assuage cravings would be helpful
in the moment, but they did not want to use distraction
games when socialising with others, who might find this
behaviour strange.

[44]. Secondly, the finding that the app’s communication style was judged to be important for engagement
is consistent with previous research suggesting that
the “tone of voice” of digital behaviour change interventions may evoke strong negative emotions and
hence, cause participants to disengage [78]. Moreover,
the finding that privacy and accuracy are expected to
be important for engagement due to feelings of trust
replicates research into other kinds of digital behaviour change interventions [79–81].
A frequently mentioned justification for using smartphone apps to deliver complex behaviour change interventions is that these are capable of delivering support
as and when required, or “just-in-time” [5, 6]. As participants in the present study expressed concerns about engaging with smoking cessation and alcohol reduction
apps in social settings due to anticipated embarrassment,
this adds nuances to the assumption that smokers and
drinkers want timely behavioural support irrespective of
context. A recent study that employed geofencing (i.e. a
software feature that uses the phone’s global positioning
system to set up geographical boundaries) to deliver
context-aware smoking cessation support found that
only a small proportion of pre-quit smoking reports
(6.1%) were logged in social situations [82]. One of the
reasons for this, as evidenced in follow-up interviews
with participants, was fear of appearing rude to other
people. This finding is also consistent with views
expressed by young adults in a qualitative study exploring opportunities and challenges for behaviour change
apps, who questioned the accuracy of context-sensing
features [46].
Consistent with previous findings [46], smokers and
drinkers in the present study did not want to share progress with their wider social networks due to the belief
that others would pity rather than encourage this. It has
been found that so-called ‘closet’ quit attempts (i.e.
attempts to stop smoking without disclosure to anyone)
are common among smokers [83]. As non-disclosure
does not appear to be associated with a decreased likelihood of cessation success [83], this may be interpreted
to suggest that social sharing should not be considered a
‘one-size-fits-all’ approach.
Care should be taken not to overstate the importance
of the present findings due to the subtle group differences observed and the small sample size. However, it
was found that attitudes towards joining an online support community and attitudes towards the receipt of
virtual rewards appeared to differ depending on whether
participants had made an attempt to quit/cut down in
the past year. This suggests that individuals may differ in
the factors that influence their judgments of engagement
features. Future research should explore whether individuals may respond differently to social support

Obviously, if you’re in a bar, you’re not going to be like:
“I’m sorry guys, I just need to play my game.” Maybe
when you’re home alone, it could be useful. – S5
When imagining logging drinks consumed in social
situations, a few drinkers (2/10) mentioned that they anticipated feeling embarrassed or uncomfortable, as
others might find such behaviour “odd” or “rude” and
hence, stop inviting them to the pub.
If I pull it out and start pressing it every time I’ve had
a drink, they’re going to start thinking that I’m odder
than I really am. – D9

Discussion
This study found that the immediate look and feel of
apps, social proof and realistic and relevant titles shape
smokers’ and drinkers’ choice of apps. Features that enhance motivation, including monitoring and feedback,
goal setting, ease of use and rewards, and those that
enhance autonomy, including flexible prompts and quitting strategies, were judged to be important for engagement. Participants also expected that features that
engender a sense of personal relevance, such as tailoring
of content according to individual preferences and the
use of a non-judgmental communication style, and those
that engender a sense of credibility, including privacy
and accuracy, would be engaging. Moreover, consistency
with one’s online and offline social preferences was
considered important for engagement. Few differences
were found between smokers and drinkers.
The finding that the immediate look and feel of apps
influenced participants’ choice is consistent with the
argument that visceral reactions to an app’s design generate lasting positive first impressions [28, 29]. However,
other people’s app ratings and the perceived relevance of
titles were also considered important. This supports the
suggestion that both affective responses and cognitive
processing of an app’s attributes influence users’ choice
of apps [30, 31].
Our results are consistent with a number of wellestablished findings. Firstly, the finding that prompts,
rewards, ease of use and tailoring of content according to individual differences were expected to be important for engagement supports previous research
into computer-delivered smoking cessation and alcohol reduction interventions [42, 76, 77], results from
content analyses of smoking cessation apps [23, 24]
and findings from a formal expert consensus study
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features and rewards depending on their demographic
and/or psychological characteristics.

MTSS score of ≥ 5 [66]. The finding that few smokers
and none of the drinkers in the present study had ever
used an app to quit smoking/reduce their alcohol consumption may be interpreted to suggest that the real
concern is not how users decide which app to use, but
rather, that it is more important to gain insight into what
makes smokers and drinkers decide to use an app in the
first place. Little is known about the uptake of smoking
cessation and alcohol reduction apps in the general
population of smokers and drinkers; however, findings
from an ongoing series of cross-sectional household
surveys of representative samples of the English population indicate that although half of smokers expressed an
interest in using digital smoking cessation interventions
(e.g. websites, smartphone apps), fewer than 1% had in
fact used such interventions to support a quit attempt
in the past year [57]. Hence, an alternative interpretation is that, according to available statistics, our
sample appears similar to the target population with
regards to previous app use.

Limitations

The method chosen to elicit data involved asking participants about their expectations about what factors would
be engaging. As evidence suggests that the magnitude of
relationships between beliefs and attitudes, intentions
and actual behaviour are modest [84], further research is
required to assess whether the inclusion of the features
judged by participants to be important for engagement
in the present study is in fact accompanied by higher
levels of engagement. Although reliable methods for determining the potential of health apps to engage users
(e.g. the Mobile Application Rating Scale [85]; a coding
scheme developed by Ubhi and colleagues [86]) are
available, the predictive validity of such scales (i.e. the
scales’ ability to predict actual levels of engagement) has
not been evaluated. As the purpose of the present study
was to explore smokers’ and drinkers’ views of apps,
consistent with a user-centred approach to intervention
design [50–52], think aloud methodology and semistructured interview techniques were deemed to be
more appropriate than existing quality scales. It has been
argued that the use of think aloud methodology to elicit
data might be problematic as it is cognitively demanding
for participants to complete the assigned tasks whilst
verbalising their thoughts [87]. However, we attempted
to mitigate this issue by conducting debrief interviews to
allow participants to elaborate on their statements.
The boundary between aesthetic appeal and perceived
usability was often unclear in participants’ explanations,
highlighting the difficulty in articulating precisely why
particular designs are considered more attractive than
others and hence, indicating that the data generated here
might be imprecise. However, ratings of beauty have
been found to be strongly associated with ratings of perceived usability in other settings [88]. This emphasises
the complexity of trying to dissociate these constructs
and suggests that our findings are consistent with the
published literature [28, 29]. Additional insight into how
smokers and drinkers select apps (e.g. specific search
terms used, non-conscious selection processes) might be
gained from screen recordings or the use of eye tracking
methodology.
As participants in the present study were predominantly of White ethnicity from high socio-economic status backgrounds and smokers indicated low levels of
nicotine dependence it is possible that our findings do
not generalise across the target population. However,
participants reported similar levels of motivation to stop
compared with a large, representative sample of English
smokers (N = 2483): 35% in the present study versus
39% of English smokers in the earlier study indicated a

Implications and future directions

As smokers and drinkers tend to select apps at least
partly based on their immediate look and feel, it is important for healthcare professionals to collaborate with
interaction design experts to develop evidence-based
smoking cessation and alcohol reduction apps that are
on a par with other commercially available apps in terms
of aesthetics and usability. As participants in the present
study were found to rely on ‘social proof ’ (i.e. other
users’ ratings and brand recognition) when selecting
apps, researchers and practitioners could leverage this
by initiating collaborations with developers of popular
apps or apps from well-known brands. For example,
it might be more fruitful to modify the content of a
well-established app with an existing client base rather than developing a novel smoking cessation or
alcohol reduction app.
The finding that smokers and drinkers are more willing to engage with apps that provide options regarding
quitting strategy poses a design challenge. As evidence
suggests that some quitting strategies are more effective
than others on average – for example, quitting smoking
“cold turkey” is more effective than gradual reduction
[89] – designers might benefit from using persuasive
design elements, such as providing tutorials and guidance, using tunnelling techniques (i.e. making users click
through a pre-specified sequence of pages), or making
use of normative influence, to attempt to modify users’
beliefs and attitudes [90].
Our findings suggest that the specifics of how to personalise content to support smokers’ and drinkers’ needs
to promote engagement merit further investigation. A
data-driven approach using machine-learning techniques
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Table 3 Summary of design recommendations
Category

Design Recommendations

How can the reach of evidence-based apps be improved?

Develop smoking cessation and alcohol reduction apps that are on a par
with other commercially available apps in terms of aesthetics and usability,
perhaps through collaboration with interaction design experts.
Researchers and practitioners may consider initiating collaborations with
developers of popular apps and/or apps from well-known brands to
leverage their existing ‘social proof’.
Use simple and straightforward titles that include key words
(e.g. “quit smoking” or “reduce your drinking”).

How can engagement be improved?

Use persuasive design elements (e.g. guidance, tunnelling, normative influence)
to modify users’ beliefs about how to quit smoking or reduce their drinking.
Use machine-learning techniques to explore how to meaningfully tailor content
according to individual differences (e.g. feedback, rewards).
Develop response-sensitive notifications that tail off or adjust timings if the user
stops reacting in order to prevent habituation or annoyance.
Consider the online and offline social preferences of the target population.
For example, it might be more fruitful to focus on action planning and/or
behaviour substitution rather than in-the-moment support for smokers and drinkers.

might be helpful in advancing the knowledge on how to
meaningfully tailor app content according to individual
differences. For example, the type of feedback provided
or whether or not to offer features that link users with
others on social media could be tailored according to
individual preferences to foster a sense of personal relevance. Furthermore, smokers and drinkers expected that
too many reminders would lead to habituation and
reduce autonomy. One means of preventing this is to
develop response-sensitive notifications. For example,
daily notifications could be sent as long as users react to
these but their frequency would be reduced, or timing
changed, as soon as users stop reacting to the prompts.
The finding that few smokers and drinkers wanted to
use the apps in social settings suggests that the social context in which cigarette and alcohol cravings are triggered
(e.g. pubs, cafés) should be considered in the design
process. Smoking and drinking are perceived as more private than, for example, physical activity behaviours, perhaps due to social stigma [73, 74]. It should therefore not
be assumed that features included in apps targeting other
types of behaviour can successfully be transferred to those
targeting smoking and drinking. The hypothesis that
smokers and drinkers might engage more with apps that
suggest how to replace smoking and drinking with other
activities as opposed to those that provide in-the-moment
support could be tested in future research. See Table 3 for
a summary of design recommendations.

Conclusion
Smokers and drinkers interested in quitting or cutting
down using a smartphone app choose apps based on
their immediate look and feel, social proof and titles
judged to be realistic and relevant. Features that enhance motivation, autonomy, personal relevance and

credibility, and those that are consistent with users’
online and offline social preferences are rated by
participants as important for engagement.
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Abstract
Objective: Engagement with smartphone applications (apps) for alcohol reduction is necessary for their effectiveness. This
study explored (1) the features that are ranked as most important for engagement by excessive drinkers and (2) why
particular features are judged to be more important for engagement than others.
Methods: Two studies were conducted in parallel. The first was a focus group study with adult excessive drinkers, interested
in reducing alcohol consumption using an app (ngroups ¼ 3). Participants individually ranked their top 10 features from a
pre-specified list and subsequently discussed their rankings. The second was an online study with a new sample (n ¼ 132).
Rankings were analysed using the intraclass correlation coefficient (ICC) to assess the level of agreement between raters for
each study. Qualitative data were analysed using inductive thematic analysis.
Results: There was low agreement between participants in their rankings, both in the focus groups (ICC ¼ 0.15, 95%
confidence interval (CI) ¼ 0.03!0.38) and the online sample (ICC ¼ 0.11, 95% CI ¼ 0.06!0.23). ‘Personalisation’, ‘control
features’ and ‘interactive features’ were most highly ranked in the focus groups. These were expected to elicit a sense
of benefit and usefulness, adaptability, provide motivational support or spark users’ interest. Results from the online study
partly corroborated these findings.
Conclusion: There was little agreement between participants, but on average, the features judged to be most important for
inclusion in smartphone apps for alcohol reduction were personalisation, interactive features and control features. Tailoring
on users’ underlying psychological needs may promote engagement with alcohol reduction apps.
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Introduction

1

Approximately 43% of the world’s adults consume
alcohol regularly.1 Excessive alcohol consumption is a
risk factor for a wide range of physical (e.g. cirrhosis of
the liver, cancer, stroke) and mental (e.g. depression,
anxiety) conditions.2!5 Interventions designed to
reduce excessive alcohol consumption, delivered faceto-face by trained healthcare professionals, are available in many countries.6!8 However, rising demand
and pressures on national health budgets mean these
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2
services are limited and not meeting needs. With the
advance of technology, behavioural support can be
delivered digitally via websites, text messages or smartphone applications (apps). Smartphone apps support
the delivery of behavioural support in real time,9 and
have the potential to reach a large proportion of drinkers at a low cost per additional user. However, to
benefit from smartphone apps for alcohol reduction,
drinkers must engage with them.10 Although the precise
nature of the relationship between engagement and
intervention eﬀectiveness is as yet unclear ! particularly
in the context of apps for alcohol reduction ! low
engagement with health apps is typically observed.11!13
Although many users download and try health apps,
engagement is typically not sustained for more than a
few occasions.12,13
‘Engagement’ with an app can be defined as the extent
to which those who have access to it use it (e.g. how
often, for how long) and the manner in which they use
it (e.g. attentively).15 Whether a user engages with a given
health app depends on its design (e.g. its content and how
that content is delivered), the context in which it is used
(e.g. who the users are, where and for what purpose they
are using the app) and whether the app succeeds in changing particular ‘mechanisms of action’, such as users’
attitudes towards the target behaviour, skills to perform
or avoid the target behaviour, or motivation to change.15
One plausible explanation as to why many users disengage from health apps is hence that these do not reflect
users’ needs, values and circumstances.14
The design of health apps is often driven by the possibility of using technology, and not because the target
group has expressed a need for such technology.14 The
terms ‘co-design’ and ‘user-centred design’ are used to
denote design processes in which potential users
influence whether and how a design takes shape.17 The
user-centred design process typically involves several
iteratively executed stages of development, including a
needs and requirements analysis, prototyping (i.e. building an early version of the software) and usability testing.18 Although few direct comparisons of health apps
designed with and without user involvement have been
made (but see DeSmet et al.19 for a meta-analysis of
serious games designed with and without user involvement), user-centred design activities may help clarify the
needs and preferences that have to be met for a particular digital intervention to be engaged with by the target
group.14,20!22 Approaches to identifying user needs
include contextual inquiry or ethnography, which can
be used to identify the key issues faced by the target
group, and qualitative interviews or focus groups,
which can be used to identify potential users’ goals,
needs and ideas for design.23 When an initial prototype
has been developed, usability testing can shed light on
how the app can be refined to better meet users’ needs.

DIGITAL HEALTH
Several smartphone apps that target alcohol reduction in adult populations have recently been developed, with diﬀerent degrees of user involvement and
diﬀerent approaches to gathering user data. To the
authors’ knowledge, the Location-Based Monitoring
and Intervention System for Alcohol Use Disorders
was one of the first smartphone apps designed to support adults who meet the American Psychiatric
Association’s Diagnostic and Statistical Manual of
Mental Disorders criteria for alcohol use disorders
(AUDs) and included educational materials, feedback
on alcohol consumption, advice on problem solving
and craving management strategies, location-triggered
alerts and advice on behaviour substitution.24,25 Users
participating in a 6-week pilot study were asked to
provide feedback on the app’s functionality and
usability at the end of the trial; however, it is unclear
whether their feedback was used to refine the app. The
Addiction-Comprehensive
Health
Enhancement
Support System (A-CHESS) was designed to support
adult patients leaving residential treatment for AUDs
and included audio-guided relaxations, location-triggered alerts and a panic button that would alert two
designated contacts.26 Focus groups were conducted
with patients, family members, criminal justice personnel and primary care physicians to gather user needs
prior to the development of A-CHESS.27 The
PartyPlanner app was designed to support alcohol
reduction in university students through behavioural
simulation ahead of a drinking event, and the monitoring of and tailored feedback on individuals’ estimated blood alcohol concentrations.28 At the end of
a randomised controlled trial (RCT) of the
PartyPlanner app, participants were asked to rate
the app’s usability, suitability and the likelihood of
recommending the app to a friend. The Alcohol
Tracker app was designed to facilitate self-monitoring
of alcohol consumption and included an alcohol diary,
educational materials, goal setting and notifications.29
Although survey respondents were invited to rate the
app’s perceived usefulness, the survey did not assess
the app’s usability or engagement potential. The
‘CET’ app was designed by Danish psychiatrists and
psychologists to deliver cue exposure therapy to adults
with AUDs.30 User feedback on an initial version of
the app was gathered through focus groups, and the
app was refined accordingly prior to conducting an
RCT. The Drink Less app was designed to support
alcohol reduction in adults and included normative
feedback, action planning, goal setting, feedback,
monitoring, identity change and cognitive bias retraining.31 Although users were not involved in the
design of the app, a usability study was conducted to
gather user feedback and the app was refined prior to
evaluating its components in a factorial RCT.32
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Although many existing alcohol-reduction apps have
involved users in the design process, thus increasing
their engagement potential, the benefits of such usercentred design activities may be limited by involving
only a small number of potential users in the design
process. Although this allows researchers and designers
to gain an in-depth understanding of users’ needs,
insights from a small number of highly motivated participants who are willing to take part in design sessions
may not generalise to other target users. For example,
although community drug and alcohol service users
were involved in the design of DIAMOND, a webbased alcohol intervention, few new patients recruited
from the same service were willing to be randomised in
a feasibility trial, mainly due to expressing a strong
preference for face-to-face treatment.33
The present study used a mixed-methods approach,
combining focus group methodology with an online
study, to identify engagement features judged by excessive drinkers as most important to include in smartphone
apps for alcohol reduction. We conducted in-depth focus
group discussions with a small sample, in parallel with an
online study with a larger sample of excessive drinkers, to
address the following research questions:
1. What engagement features are ranked most highly
by potential users of alcohol reduction apps?
2. What reasons do potential users give for judging
particular features to be more important for engagement than others?

Methods
Study design
Two parallel studies were conducted. The first was a
focus-group study and the second was an online
study. As both methods have a number of wellknown strengths and weaknesses, data sources were
triangulated to address the same research questions.
Focus groups are useful for gaining an in-depth understanding of participants’ experiences, beliefs and motivations, and are particularly suitable when the interaction
between participants is expected to yield additional
insight into the topic of interest.34 Hearing about
others’ experiences and views may stimulate discussion
and allow participants to elaborate on ideas mentioned
by other group members.35 However, a key weakness is
that focus groups may inhibit the expression of controversial opinions due to social conformity, thus restricting
the understanding of the diversity of users’ needs and
preferences.35
Research conducted online benefits from being able
to reach larger, geographically diverse samples. Hence,
results from online surveys are more likely to generalise

to other members of the target population than findings
from focus groups. Despite these strengths, online surveys that require cognitive eﬀort may suﬀer from ‘satisficing’, where respondents simply provide a satisfactory
answer or randomly choose from response options.36,37

Participants
1. Focus groups. Drinkers were eligible to participate in
one of the focus groups if they (i) were aged ! 18 years,
(ii) lived in or near London (United Kingdom; UK),
(iii) reported an Alcohol Use Disorders Identification
Test (AUDIT) score of ! 8, indicating excessive alcohol consumption,38 (iv) owned an Android or iOS
smartphone with internet access, (v) were interested in
using a smartphone app to reduce their drinking and
(vi) had previously used a health or fitness app. It was
expected that participants with prior experience of
using a health or fitness app would be able to more
vividly imagine whether a particular feature would be
important for engagement and hence generate more
valid data.
Participants were recruited online through Gumtree
(www.gumtree.com) and Call for Participants (www.
callforparticipants.com) in addition to posters placed
on central London university campuses. The recruitment materials stated that drinkers were invited to the
laboratory to contribute to a focus group discussion
with other participants about how to design engaging
smartphone apps for alcohol reduction.
Of the 48 participants who completed the screening
questionnaire, 29 were eligible to take part. In total, 13
participants did not respond to any further study communication. Six participants cancelled prior to taking
part. One participant failed to arrive on time. In total,
nine participants took part in one of three focus groups,
with three participants in each group (see Figure 1).
The average age of participants was 30.0 years
(SD ¼ 10.1), 77.8% were female and 66.7% had a
non-manual occupation. Participants had an average
AUDIT score of 13.6 (SD ¼ 3.1), indicating excessive
alcohol consumption (see Table 1).
2. Online sample. A new sample of drinkers were eligible
to participate in the online study if they met the inclusion
criteria outlined above, with the exception of (ii) and (vi).
Instead, participants had to reside in the UK and did not
need prior experience of using a health or fitness app. As
we wanted to explore generalisability, we chose to be less
restrictive in the online sample. Eligible participants who
did not pass a multiple-choice attention check at the end
of the ranking task (i.e. ‘‘What is a professional support
feature?’’) were excluded from the analysis.
Participants were recruited online through Prolific
Academic (www.prolific.ac). The recruitment materials
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(a)

(b)
Screened

Excluded, with reasons (not mutually exclusive):

Screened

n = 48

Did not score ! 8 on AUDIT (n = 10)

n = 400

Excluded, with reasons (not mutually
exclusive):
Did not score ! 8 on AUDIT (n = 72)

Not interested in cutting down using a smartphone
app (n = 4)

Did not own iOS or Android smartphone
(n = 50)

Had not previously used a health/fitness app (n = 9)

Not interested in cutting down using a
smartphone app (n = 178)
Invited to complete
ranking task

Excluded, with reasons:
Invited to participate in
a focus group

n = 181

Did not respond to any further study
communications (n = 13)

n = 29
Cancelled prior to taking part (n = 6)
Did not arrive on time (n = 1)
Excluded, with reasons:
Completed ranking task
n = 148

Participated in a focus
group

Did not pay sufficient attention to the
description of features
(n = 16)

n=9

Analytical sample
n = 132

Figure 1. Participant flow charts for a) the focus group study, and b) the online sample.

invited drinkers to familiarise themselves with 16 diﬀerent engagement features and rank their top 10 choices
based on their likelihood of promoting engagement
with apps for alcohol reduction.
Of 400 participants who completed the screening
questionnaire, 181 were invited to complete the ranking
task. Of these, 148 participants completed it, with 132
participants included in the analytical sample (see
Figure 1). Just under half of the included participants
were female (49.2%), 34.1% were aged 35!44 years,
13.6% had a manual occupation and 70.5% had a
non-manual occupation. Participants had an average
AUDIT score of 16.1 (SD ¼ 6.7), indicating excessive
alcohol consumption (see Table 1).

Measures
Data were collected on: (1) age; (2) gender; (3) occupational status (i.e. manual, non-manual, other); 4) alcohol consumption, measured using the AUDIT; (5)
interest in using a smartphone app to help cut down
on alcohol (yes vs. no); and (6) motivation to cut down
on drinking alcohol, measured using the Motivation to
Stop Scale (MTSS).
The AUDIT is a 10-item scale that taps three
domains: alcohol consumption, drinking behaviour
and alcohol-related problems. There is a maximum

possible score of 40, with scores between 8 and 19 indicating excessive alcohol consumption, and scores of 20
or above indicating possible dependence.38
The MTSS is a single-item scale with seven response
options: (1) I don’t want to cut down on drinking alcohol; (2) I think I should cut down on drinking alcohol
but I don’t really want to; (3) I want to cut down but
haven’t thought about when; (4) I really want to cut
down but I don’t know when I will; (5) I want to cut
down and hope to soon; (6) I really want to cut down
and intend to in the next 3 months; (7) I really want to
cut down and intend to in the next month. As the majority of available tools that tap motivation to reduce alcohol are based on the Stages of Change Model,39 for
which evidence is scarce,40 the MTSS was used.
Although the MTSS has yet only been validated in
tobacco smokers,41 it has been successfully employed
in an observational study that estimated patterns of alcohol consumption and reduction in an English sample.42

Materials
In total, 16 diﬀerent engagement features, derived from a
relevant systematic review,15 were used as stimuli (see
Table 2). Feature descriptions were piloted and refined
based on feedback from four independent researchers
and five non-expert app users, recruited from the
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Table 1. Participants’ demographic and drinking characteristics.
Demographic and drinking characteristics

Focus groups, n (%)

Online sample, n (%)

Gender
Women

7 (77.8%)

65 (49.2%)

Men

2 (22.2%)

67 (50.8%)

18!24

4 (44.4%)

14 (10.6%)

25!34

3 (33.3%)

32 (24.2%)

35!44

0 (0%)

45 (34.1%)

45!54

2 (22.2%)

28 (21.2%)

55!64

0 (0%)

9 (6.8%)

65þ

0 (0%)

4 (3.0%)

Manual

0 (0%)

18 (13.6%)

Non-manual

6 (66.7%)

93 (70.5%)

Other

3 (33.3%)

21 (15.9%)

Age (years)

Occupational status

AUDIT, mean (SD)

13.6 (3.1)

16.1 (6.7)

MTSS
1. I don’t want to cut down on drinking alcohol

1 (11.1%)

8 (6.1%)

2. I think I should cut down on drinking alcohol but I don’t really want to

1 (11.1%)

42 (31.8%)

3. I want to cut down but haven’t thought about when

4 (44.4%)

16 (12.1%)

4. I really want to cut down but I don’t know when I will

0 (0%)

10 (7.6%)

5. I want to cut down and hope to soon

1 (11.1%)

18 (13.6%)

6. I really want to cut down and intend to in the next 3 months

0 (0%)

10 (7.6%)

7. I really want to cut down and intend to in the next month

2 (22.2%)

28 (21.2%)

AUDIT ¼ Alcohol Use Disorders Identification Test; MTSS ¼ Motivation to Stop Scale.

authors’ networks. Engagement features that have previously been found to be diﬃcult for participants
to describe verbally (e.g. aesthetics, ease of use, message tone) were not included. An experimental
study design was expected to generate more valid data
about how such abstract features influence engagement.16

Procedure
Interested participants read the information sheet
describing the study. They subsequently provided

informed consent via an online screening questionnaire,
which also assessed study eligibility and collected
descriptive data. The screening questionnaire was
hosted by Qualtrics survey software.43
1. Focus groups. The focus groups were conducted at
University College London. Sessions lasted approximately 2 hours. Participants received a £20 gift
voucher as compensation for their time. Sessions
were facilitated by the first author with support
from the second author.
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Table 2. Engagement features used in the ranking task.
Engagement features

Descriptions and examples

Challenge features

Features that allow you to compete against yourself or against other users, such as your friends. The app might, for
example, encourage you to drink one unit fewer than your friends.

Control features

Features that allow you to make choices about how to use the app. The app might, for example, allow you to choose
between a few different target goals instead of having one fixed option.

Action plans to use the app

A feature that encourages you to make a plan to use the app. An example might be to make a plan to open the app as
soon as you have finished your breakfast every morning.

Setting a goal to use the app

A feature that encourages you to set a goal to use the app. For example, you might be able to set a goal to use the app
once a day for two weeks.

Monitoring use of the app

A feature that allows you to record your use of the app. For example, the app might allow you to manually enter how
much time you have spent on it, or it might record it automatically for you.

Feedback on use of the app

A feature that allows you to view your use of the app. For example, the app might show you how many times you have
opened it on each day of the week.

Credibility features

Features that make you feel you can trust the app. For example, the app might have a clear privacy policy, be endorsed
by a trusted organisation, or be free from adverts.

Guidance features

Features that explain how to use the app. This might, for example, include video tutorials about how the app works.

Interactive features

Features that allow, and respond to, input from the user. This might, for example, include a game or a knowledge quiz.
The direct opposite would be a static app that does not allow you to enter any information or click into any of its
features, much like this piece of text!

Novelty features

Features that ensure you see or learn something new every time you open the app. This might, for example, include
daily content updates (e.g. a daily fact about alcohol or a daily motivational quote).

Narrative features

The presence of a storyline. For example, the app might be set up as a game or film with a plot, where you are the
main character. This might include the presence of an avatar (i.e. a virtual figure that represents you).

Personalisation

Tailoring of content according to information about you (driven by the app) or customisation of the app so it looks or
acts the way you prefer (driven by you). For example, the app might tailor its content based on information you give
to it (e.g. about your age, gender, level of alcohol consumption) or you might be able to change the colour and font.

Professional support features

Features that enable you to have remote contact with a healthcare professional (e.g. the opportunity to chat to a nurse
or a psychologist via the app).

Social support features

Features that allow you to connect with other app users. This might, for example, include an online discussion forum
or a peer-to-peer instant messenger (e.g. a ‘buddy’ system).

Reminders to use the app

Regular push notifications or text messages that remind you to use the app.

Rewards for using the app

Being rewarded for using the app. You might, for example, receive a congratulatory message or a virtual badge/coin
after having opened the app for seven days in a row.

Individual activity. An individual activity was first
conducted to allow participants to familiarise themselves with the engagement features and elicit their
attitudes to the features. The term ‘engagement’ was
defined as a behaviour (e.g. how often you use the
app, how much time you spend on it) and an experience (e.g. how interested you are in the app, how
much attention you pay to it, how much you enjoy
using it).15

Participants were each given a folder with Post-it
Notes. Each of the 16 engagement features was
described on a separate Post-it, accompanied by an
illustrative example. Participants were also encouraged
to think of their own examples. They were asked to
rank their top 10 choices without consulting the other
participants and were subsequently asked to place the
Post-its with their selected features on a whiteboard,
thus sharing their rankings with the group.
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Group discussion. Participants subsequently convened to discuss their rankings. A semi-structured
topic guide was used to steer the discussion (see
Supplementary File 1). To gain a better understanding
of why particular features were perceived as more
important for engagement than others, participants
were prompted to discuss the reasons for their rankings
(e.g. ‘‘Can you tell me a bit more about why you ranked
[insert feature here] highly?’’).
2. Online sample. Eligible participants were invited to
complete the online ranking task in their own time on
a personal computer, tablet or smartphone. The ranking
task lasted for approximately 10 minutes and was hosted
by Qualtrics survey software. Participants were paid
£0.85 as compensation for their time. They were asked
to complete the same ranking task as the focus group
participants. At the end of the ranking task, participants
were asked to respond to a multiple-choice attention
check (described above). To gain a better understanding
of why particular features were ranked more highly than
others, participants were asked to respond to a free-text
question about why they believed their top choice would
be important for engagement.

Data analysis
1. Focus groups. Participants assigned a unique score
from 1!10 to their top 10 engagement features, with 1
representing their top choice. The remaining six features were assigned a rank of 11, as the distance
between these features was not expected to be meaningful. To assess the level of agreement between participants, the intraclass correlation coeﬃcient (ICC) was
estimated by means of a single measurement, absolute
agreement, two-way, mixed-eﬀects model. To assess
whether some of the engagement features were, on
average, ranked more highly than others, rankings
were reverse scored (to aid interpretation) and descriptive statistics were calculated.
Sessions were audio recorded, transcribed verbatim
and analysed using inductive thematic analysis.
To inform the analysis, an interpretivist theoretical
framework was used, based on the premise that the
‘lived experience’ of the individual can be captured
through discussion between the researcher and participant.44 The thematic analysis was conducted in six
phases: (i) gaining familiarity with the data, (ii) generating initial codes, (iii) searching for themes, (iv)
reviewing themes, (v) defining and naming themes and
(vi) producing the report.45 Data were coded independently by the first and second author. New inductive
codes were labelled as they were identified during the
coding process. Data were sometimes assigned to multiple codes. All codes that included data relating to the

research questions were recorded. The first author
reviewed the codes one by one, ordering the findings
systematically under headings. The ordered data were
reviewed and revised in discussion with the second
author and were subsequently organised into themes.
Disagreements were resolved through discussion.
Agreement on the final themes was reached through
discussion between all co-authors.
2. Online sample. Participants who provided incorrect
responses to the ‘attention check’ were excluded
from the analysis, as incorrect responses were interpreted to suggest that participants had not paid suﬃcient attention to the task to provide valid data.37
A single measurement, absolute agreement, two-way,
mixed-eﬀects model was fitted to estimate the ICC.
Rankings were reverse scored and descriptive statistics
were calculated.
Responses to the free-text question about why participants believed their top choice would be important
for engagement were analysed using inductive thematic
analysis (described above).

Ethical approval
Ethical approval was granted by University College
London’s Departmental Research Ethics Committee
(UCLIC/1213/015). Personal identifiers were removed
and data were stored securely.

Results
1. Engagement features ranked most highly by
potential users of alcohol reduction apps
1. Focus groups. There was positive but low agreement
between participants (ICC ¼ 0.15, 95% confidence interval (CI) ¼ 0.03!0.38; see Figure 2). On average, participants ranked personalisation (M ¼ 8.67, SD ¼ 2.12),
control features (M ¼ 7.22, SD ¼ 3.73) and interactive
features (M ¼ 7.00, SD ¼ 2.92) most highly. Action
plans (M ¼ 2.56, SD ¼ 3.24) and challenge features
(M ¼ 2.67, SD ¼ 2.40) were judged to be the least
important for engagement (see Table 3 and Figure 2).
2. Online sample. There was positive but low agreement
between participants (ICC ¼ 0.11, 95% CI ¼
0.06!0.23; see Figure 2). On average, participants
ranked personalisation (M ¼ 6.74, SD ¼ 3.18), setting
a goal to use the app (M ¼ 5.97, SD ¼ 3.66) and challenge features (M ¼ 5.56, SD ¼ 3.93) most highly.
Narrative features (M ¼ 2.26, SD ¼ 2.53) and feedback
on use of the app (M ¼ 2.68, SD ¼ 2.33) were judged
to be least important for engagement (see Table 3
and Figure 2).
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Figure 2. Heat maps of rankings in the focus groups (top), and in the online sample (bottom). Red, orange and yellow boxes indicate low
rankings. Green boxes indicate high rankings.

Table 3. Mean rankings of the 16 engagement features in the a) focus groups (n ¼ 9) and b) online sample (n ¼ 132).
a) Focus groups

b) Online sample

Engagement features

Mean (SD)

Engagement features

Mean (SD)

1. Personalisation

8.67 (2.12)

1. Personalisation

6.74 (3.18)

2. Control features

7.22 (3.73)

2. Setting a goal to use the app

5.97 (3.66)

3. Interactive features

7.00 (2.92)

3. Challenge features

5.56 (3.93)

4. Setting a goal to use the app

4.89 (3.14)

4. Interactive features

5.43 (3.39)

5. Guidance features

4.78 (4.63)

5. Control features

5.41 (3.40)

6. Social support features

4.56 (4.13)

6. Credibility features

4.86 (3.99)

7. Novelty features

4.33 (3.35)

7. Rewards for using the app

4.70 (3.49)

8. Monitoring of use

4.00 (3.28)

8. Professional support features

4.36 (3.55)

9. Credibility features

3.89 (4.40)

9. Reminders

4.27 (3.20)

10. Narrative features

3.56 (3.54)

10. Social support features

3.82 (3.31)

11. Feedback on use

3.33 (1.50)

11. Action plans

3.98 (3.19)

12. Professional support features

3.22 (1.99)

12. Guidance features

3.74 (3.31)

13. Rewards for using the app

3.22 (3.35)

13. Novelty features

3.66 (3.16)

14. Reminders

3.11 (2.32)

14. Monitoring of use

3.56 (3.02)

15. Challenge features

2.67 (2.40)

15. Feedback on use

2.68 (2.33)

16. Action plans

2.56 (3.24)

16. Narrative features

2.26 (2.53)
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2. Judgments as to why particular features are
expected to be more important for engagement
than others

I would actually use it, rather than frequently use
it. P2, focus group

Six themes were generated: ‘lack of trust and guidance as
initial barriers’, ‘motivational support’, ‘benefit and usefulness’, ‘adaptability’, ‘sparking users’ interest’ and ‘relatedness’. Two subthemes were developed in relation to the
final theme, which were labelled ‘perceived social stigma’
and ‘fear of social comparison’ (see Table 4). Additional
quotations can be found in Supplementary File 2.
1. Lack of trust and guidance as initial barriers. Although
participants expected the presence of credibility features
to be necessary to decide whether to engage with the app
in the first place (as such features would inculcate feelings of trust), they did not believe that credibility features would promote further engagement after having
made an initial decision to download an app.
. . . it wouldn’t increase my engagement behaviour.
It would just be the barrier, and make sure that

Similarly, the presence of guidance features was
expected to aid initial app navigation, but was not
expected to prompt continued engagement. If guidance was provided again later, this was expected
to be annoying, as participants believed they
would be capable of using the app without any further support.
Just at the beginning of the app, when you’ve downloaded
it and you’re using it for the first time, it should tell you
what to do. But not every time. You don’t need guidance
how to use it and where things are, because I think it
would just be annoying. P3, focus group

2. Motivational support. Participants expected features
that provide motivational support to be important for
engagement (e.g. control features, rewards, setting a
goal to use the app, challenge features). This included

Table 4. Summary of themes and subthemes identified in a) the focus groups and b) the online sample.
a) Identified in
focus groups

b) Identified in
online sample

Features that inculcate feelings of trust and ensure the user can use the app
comfortably (e.g. credibility features, guidance features) were considered
more important for initial uptake than for continued engagement.

ˇ

ˇ

2. Motivational support

Features that support users’ motivation to engage with the app or to cut down
on drinking (e.g. control features, rewards, setting a goal to use the app,
challenge features, message tone) were expected to encourage engagement,
particularly if they promote users’ independence.

ˇ

ˇ

3. Benefit and usefulness

Features that make users feel they are gaining something over and above status
quo (e.g. personalisation, interactive features, novelty features, rewards) were
expected to prompt engagement, particularly if they have utility ‘in real life’.

ˇ

ˇ

4. Adaptability

Features that allow the app to adapt its content according to the user’s level of
progress or to intervene in the right moment (e.g. personalisation, interactive
features, reminders) were expected to persuade the user and hence, promote
engagement.

ˇ

ˇ

5. Sparking users’ interest

Features that grab users’ interest or provide a means of entertainment (e.g.
narrative features, social support features, challenge features, interactive
features, novelty features) were expected to prompt engagement.

ˇ

ˇ

6. Relatedness

Features that allow the user to connect with others who are in the same situation (e.g. social support features) were expected to promote engagement.

ˇ

ˇ

i. Perceived social stigma

Features that trigger app use in front of family and friends or connect users with
close others (e.g. social support features, challenge features) were expected
by some participants to elicit feelings of embarrassment and lead to
disengagement.

ˇ

ii. Fear of social
comparison

Features that encourage users to compete against friends or strangers (e.g.
challenge features) were expected by some participants to be demoralising.

ˇ

Themes

Description

1. Lack of trust
and guidance
as initial barriers
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features that support independent decision making by,
for example, allowing users to make choices about how
to use the app (e.g. control features). Participants
expected to feel more motivated to work towards
achieving goals they had set for themselves.

novelty features, rewards). For example, rewards
that had utility ‘in real life’ or within the app itself
(e.g. unlocking novel features, shopping vouchers)
were thought to be more likely to prompt engagement due to their real-world usefulness.

I feel that if you decide to carry out a task, you need to be
in control of it, because ultimately, that’s your goal that
you’re setting, and you want to have a sense of ownership
or control of whatever you want to achieve. You feel
more responsible for how you meet your goals. P2,
focus group
The more I would be able to manipulate the app to be and
do what I wanted or needed, for my own circumstances,
the more likely I am to use it. P16, online sample

Well, both of them are a kind of ‘well done for doing
this’, they’re both a reward, they both make you
feel a bit better. But a badge, it’s a cool fact,
but it’s not the same as having vouchers, where you
can go and treat yourself to something you want. P6,
focus group

The app’s ‘tone of voice’ or the way in which feedback was
framed was expected to influence engagement. For example, feedback on drinking patterns framed in a positive
manner (i.e. gain- rather than loss-framed) was expected
to enhance users’ beliefs about their ability to cut down on
alcohol, and hence motivate engagement with the app.
. . .so that you don’t feel discouraged when you drink too
much, and then you decide that, you know what, I’m just
going to ignore the app and shut it oﬀ. P8, focus group

Participants believed that setting a goal to use the app
or the receipt of rewards would motivate them to return
to the app. For example, virtual rewards (e.g. badges,
points) were expected to automatically encourage
engagement.
It would encourage me to open the app on a daily basis.
P37, online sample
. . . even if it doesn’t have practical meaning, it still works,
because it’s an incentive, and it tricks your brain to thinking that you’re earning. P3, focus group

Participants who ranked challenge features highly
believed that competing against friends or other app
users would help push oneself to achieve one’s targets,
thus providing an important source of motivation to
cut down on drinking.

Maintaining a balance between the amount of eﬀort on
the part of the user (e.g. inputting vast amounts of
information) and the rewards or outputs received
from the app was expected to be crucial for engagement. Participants believed they would engage with
the app only if they felt they were getting something
meaningful back, such as learning something new
about alcohol or about themselves (e.g. through personalised feedback). They also expected that they would
feel more warmly towards apps that maintained a twoway flow of communication between user and app (i.e.
‘reciprocal interactivity’).
You’ve got to keep putting stuﬀ in, but it’s like, when am
I going to get something out of it? P5, focus group

Participants who did not rank narrative features, action
plans or goal setting to use the app highly believed that
such features would distract from the main task of
reducing alcohol consumption or be more eﬀortful
than rewarding.
Well, surely the other features will make you want to use
the app anyway. P6, focus group

Personally, I feel if you have a community that challenges and pushes each other it encourages you to push
yourself. P47, online sample

4. Adaptability. Participants expected features that
make users feel that the app adapts itself to their
level of progress or intervenes in the right moment
(e.g. personalisation, interactive features, reminders)
to promote engagement due to inculcating the belief
that the app is speaking directly to the user. Highly
personalised and context-sensitive information was
expected to be more persuasive than generic advice
about how to drink less.

3. Benefit and usefulness. Participants believed that features that make users feel they are gaining something
over and above what they already knew or felt before
downloading the app would be important for engagement (e.g. personalisation, interactive features,

If it’s personal to me, you just get a sense of uniqueness,
and you’re like, yes, this is the best way for me to go,
based on how I am right now. P2, focus group
Every person is an individual, so I would have more faith
in the app if it felt more tailored to my personal needs.
P34, online sample
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Participants also expected features that allow the app to
intervene either in the right moment or pre-emptively,
‘before it is too late’, would promote engagement. For
example, participants who identified as heavy drinkers
expected that professional support features would
encourage engagement in ‘times of crisis’.

i. Perceived social stigma. Participants who did not rank
social support or challenge features highly imagined
features that trigger app use in front of family or
friends or connect users with others through the app
would evoke feelings of embarrassment or worry that
others may think they have a problem with alcohol.

It would help in times of crisis to be able to be in touch
with a professional, or if I needed to ask health questions
related to alcoholism. P51, online sample

I wouldn’t want something like: ‘Oh, why have you got
that app?’ P5, focus group

However, participants who did not identify as having a
problem with alcohol did not expect professional support features to encourage engagement.

ii. Fear of social comparison. Participants who did not
rank social support or challenge features highly also
pointed out that such features may have a negative
eﬀect on motivation to change due to eliciting fear of
failure or worry that others are progressing quicker
than oneself.

I think if I found that I had an issue with alcohol,
maybe. . . ! P9, focus group

5. Sparking users’ interest. Participants expected that the
presence of features that grab users’ attention or provide a means of entertainment (e.g. interactive features,
narrative features, challenge features, social support
features, novelty features) would prevent boredom
and hence encourage users to return to the app. The
hedonistic aspect of engagement was evident in participants’ accounts, emphasising that some features are
expected to be important for engagement only because
they make the app more fun to use.
An app without any interactivity would get boring very
quickly, and I would probably forget about it or delete it
after a while. P72, online sample
I do think that you need to keep people slightly entertained. P9, focus group

Participants who ranked social support features highly
believed that features that connect the user with others
would draw their attention to the app and hence, promote engagement with other features.
If you saw a message from such and such, you might be
more inclined to log on and respond to them. While
you’re on the app, you might use other features on it.
P6, focus group

6. Relatedness. Participants who ranked social support
features highly expected that such features would facilitate the receipt of non-judgmental support from other
users and hence, foster a sense of relatedness.
Being able to exchange feedback with strangers with the
same goal could be supportive but non-judgemental as
you will probably not know the other users.
P66, online sample .

Somebody would always do better than me, performing
better on the app than me, so I’d be engaging with people
who are doing better than me on the app, which might be
a bit demoralising. P4, focus group

Discussion
Summary of main findings
This mixed-methods study found that there was low
agreement between participants concerning the importance of particular engagement features, both in the focus
groups and in the online sample. In general, features
judged to be most important for inclusion in smartphone
apps for alcohol reduction were personalisation, control
features and interactive features. These features were
expected to foster a sense of benefit and usefulness,
adaptability, provide motivational support or spark
users’ interest. Social support and challenge features
were ranked highly by a subset of participants as they
were expected to foster relatedness and provide motivational support. However, another subset of potential
users did not rank such features highly as they were
expected to elicit social stigma or social comparison.
These findings lend support to and extend the results
of prior research. First, there is previous support for the
finding that personalisation is expected to promote
engagement with alcohol reduction apps by inculcating
the belief that the app is speaking directly to the user.
Previous results have been consistent across types of
study, including a formal expert consensus study46
and a qualitative study with potential users.16 This finding can be explained by the Elaboration Likelihood
Model of Persuasion47 and the Persuasive Systems
Design Model,48 which posit that messages tailored to
users’ needs and interests have greater potential for
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deep (as opposed to shallow) processing. Our findings
highlight two additional mechanisms through which
personalisation may promote engagement. First, personalisation may help to foster a sense of benefit and
usefulness. For example, encouraging users to return to
the app to learn more about themselves by oﬀering
highly personalised suggestions may prevent users
from feeling that they are inputting data without getting anything back. Secondly, personalisation may help
to foster a sense of adaptability by supporting both
user-led and reactive use. For example, participants
imagined they would engage more with apps that
keep up-to-date with their progress and push relevant
messages to users ‘just-in-time’. Real-time message-tailoring based on current lapse risk has recently been
deployed successfully in the smoking domain;49 this
strategy also merits investigation amongst excessive
drinkers. Although existing apps for alcohol reduction
have incorporated location-triggered alerts,25,26 the
utility of mood- or progress-triggered alerts is yet to
be explored. A method that could be used to tailor
messages in real-time is ecological momentary assessment, which has previously been used to assess drinking
patterns and related cognitions and emotions.50,51
Secondly, previous research has emphasised the
importance of features that support and develop users’
motivation.52!54 Participants in the present study highlighted that they would be more motivated to achieve
goals they had set for themselves (i.e. ‘autonomous
motivation’), suggesting this kind of motivation may
be more important for engagement than motivation
that arises from external contingencies (i.e. ‘controlled
motivation’).55 However, the finding that participants
also expected the receipt of rewards ! which have previously been found to undermine autonomous motivation56 ! to help them engage, begs the question as to
what sources of motivation are most supportive of
engagement. This should be investigated experimentally
(e.g. A/B testing or a factorial experiment). It may, for
example, be hypothesised that features that support
users’ autonomous motivation will diﬀerentially impact
on the total duration of engagement, as compared with
features that support users’ controlled motivation.
Thirdly, our results suggest that users may continue to
engage with alcohol reduction apps only if they are regularly provided with information or features that pique their
interest. Although few studies in the alcohol domain have
highlighted the importance of preventing boredom, this is
not a novel idea in the digital gaming and technology literature.57,58 It has been argued that users have ‘non-instrumental’ needs (i.e. needs that do not serve as a means to
achieve a particular aim), such as the need for stimulation
or enjoyment.59,60 The presence of features that address
these non-instrumental needs is expected to give rise to a
positive user experience and hence encourage technology

DIGITAL HEALTH
engagement.60 It has also been suggested that it may be
particularly important to sustain users’ interest in the technology when they have deviated from their goals.61 The
possibility of preventing disengagement due to relapse by
providing features that meet users’ need for stimulation
should therefore be explored.
Fourthly, although findings from focus groups with
young adults who drink at hazardous or harmful levels
indicate a strong preference for features that foster
relatedness,62 evidence from studies with adult drinkers
suggests that people typically react diﬀerently to features
that connect them with friends or other users.16 Our
results suggest that excessive drinkers may either
strongly like or dislike social support features or challenge features.
The finding that there were inconsistencies in participants’ rankings begs the question as to how designers
should prioritise features. By trying to satisfy everyone,
we risk designing interventions that fit no one.
However, as personalisation, interactive features and
control features were generally preferred by excessive
drinkers, a promising way forward may be to explore
how these features could be embedded into alcohol
reduction apps. It has been proposed that tailoring of
content or features based on psychological constructs
(e.g. the need for relatedness) is more eﬀective than
tailoring based on behaviour, which is in turn more
eﬀective than tailoring based on demographic characteristics.63 Tailoring on users’ underlying psychological
needs, such as the need for relatedness, thus constitutes
an important avenue for future research.

Limitations
This study was limited by employing an abstract, cognitively demanding ranking task that may have been
more suitable for a face-to-face (as opposed to an
online) study context. A plausible explanation as to
why goal setting to use the app was ranked highly in
the online sample is that users thought this referred to
goal setting for alcohol reduction. We tried to limit
misunderstandings by piloting the feature descriptions, but it is possible that some participants were
still confused. Although participants’ rankings
should be interpreted with caution, the qualitative
findings aid in the interpretation of the quantitative
results.
It has been argued that users find it diﬃcult to discuss design concepts without visual or tactile prompts,
or that users are not designers.64 Indeed, some participants in the present study found it diﬃcult to articulate
concrete design suggestions, such as how a narrative
linked to alcohol reduction would pan out. However,
as we did not want to limit participants’ imagination of
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particular features, an abstract ranking task was
deemed most suitable.
It is possible that the labels used for the engagement
features may have biased participants’ attitudes. This is
suggested by a study in which old adults (aged 61-94
years) agreed that a ‘falls-prevention intervention’ was a
good idea, but only for people who were older or frailer
than them. The authors therefore concluded that reframing the intervention as a ‘balance-training programme’
might promote uptake.65 In our study, labels such as ‘professional support features’ may have been perceived as
too serious or irrelevant to participants’ particular situations. This was suggested by a few participants. It is
therefore possible that the finding that professional support features were preferred by participants who identified as being a ‘heavy’ drinker is an artefact of the labels
used.
As men tend to exhibit more alcohol-related problems than women across countries,66,67 the recruitment
of more women than men into the focus groups constitutes a limitation. Future research should attempt to
recruit a more balanced sample, with a view to exploring possible gender diﬀerences in app preferences.
However, it should be noted that just over half of the
online sample were male and we did not detect any
diﬀerential preferences based on gender in this
sample. Moreover, although the current approach to
eliciting user needs provides useful information, an
experimental study, in which the presence or design of
particular features is manipulated, is required to test the
actual impact on app engagement.

focus groups and analysed the data. OP drafted the first version of
the manuscript. AB, RW and SM provided guidance on the data
collection and contributed to the data analysis. All authors reviewed
and edited the manuscript and approved the final version of the
manuscript.

Declaration of conflicting interests: The author(s) declared the
following potential conflicts of interest with respect to the research,
authorship and/or publication of this article: OP, DB, AB and SM
declare no competing interests. RW undertakes consultancy and
research for and receives travel funds and hospitality from manufacturers of medications for smoking cessation.
Ethical approval: Ethical approval was granted by University
College London’s Departmental Research Ethics Committee
(UCLIC/1213/015). All participants read the information sheet and
provided informed consent prior to taking part in this study.
Funding: The author(s) disclosed receipt of the following financial
support for the research, authorship, and/or publication of this article: OP is a PhD candidate funded by a grant from Bupa under its
partnership with UCL. SM is part-funded by grants from Cancer
Research UK and the National Institute for Health Research
School for Public Health Research. RW is funded by Cancer
Research UK (C1417/A22962). The funders played no role in the
design, conduct or analysis of the study, nor in the interpretation
and reporting of study findings. The views expressed are those of
the authors and not necessarily those of the funders.

Guarantor: OP.
Peer review statement: This manuscript was reviewed by Vivian
M. Gonzale, University of Alaska Anchorage, USA.
ORCID iD: Olga Perski
http://orcid.org/0000-0003-3285-3174
Ann Blandford
http://orcid.org/0000-0002-3198-7122
Supplementary Material: Supplementary material is available for
this article online.

References

Conclusion
There was low agreement between participants concerning the importance of particular engagement features,
but on average, those judged to be most important for
inclusion in smartphone apps for alcohol reduction were
personalisation, interactive features and control features.
This study highlights that diﬀerent features may be liked
and used by diﬀerent users, which should be considered
in the design of novel alcohol reduction apps, or the
modification of existing ones. Tailoring based on users’
underlying psychological needs, such as the need for
relatedness, constitutes an avenue for future research.
Acknowledgements: We gratefully acknowledge all funding. We
also acknowledge the members of UCL’s Health Psychology
Research Group and Nikki Newhouse for providing feedback on
an early draft of this manuscript.
Availability of data and materials: The full dataset supporting
the conclusions of this article, containing data not already included
within the article or its additional files, is available from the corresponding author on reasonable request.
Contributorship: OP, DB, AB, RW and SM conceived the study.
OP, with support from DB, recruited participants, conducted the

1. Gowing LR, Ali RL, Allsop S, et al. Global statistics on
addictive behaviours: 2014 status report. Addiction 2015;
110: 904!919.
2. Boden JM and Fergusson DM. Alcohol and depression.
Addiction 2011; 106: 906!914.
3. Dasarathy S and McCullough AJ. Alcoholic Liver
Disease. In: Schiff ER, Maddrey WC and Sorrell MF
(eds) Schiff’s Diseases of the Liver. West Sussex, UK:
John Wiley & Sons, Ltd., 2012, pp. 657!702.
4. Angus C, Holmes J, Pryce R, et al. Alcohol and Cancer
Trends: Intervention Scenarios. 2016. University of
Sheffield & Cancer Research UK.
5. Connor J. Alcohol consumption as a cause of cancer.
Addiction 2016; 112: 222!228.
6. Kaner EFS, Dickinson HO, Beyer F, et al. The effectiveness of brief alcohol interventions in primary care settings:
A systematic review. Drug Alcohol Rev 2009; 28: 301!323.
7. Jonas DE, Garbutt JC, Amick HR, et al. Behavioral counseling after screening for alcohol misuse in primary care:
A systematic review and meta-analysis for the US
Preventive Services Task Force. Ann Intern Med 2012;
157: 645!654.
8. Colom J, Scafato E, Segura L, et al. Brief interventions
implementation on alcohol from the European health systems perspective. Front Psychiatry 2014; 5: 1!12.

401

14

DIGITAL HEALTH

9. Spruijt-Metz D and Nilsen W. Dynamic models of behavior for just-in-time adaptive interventions. IEEE
Pervasive Comput 2014; 3: 13!17.
10. Yardley L, Spring BJ, Riper H, et al. Understanding and
promoting effective engagement with digital behavior
change interventions. Am J Prev Med 2016; 51: 833!842.
11. Eysenbach G. The law of attrition. J Med Internet Res
2005; 7: e11.
12. Appboy. Spring 2016 Mobile Customer Retention Report:
An Analysis of Retention by Day. 2016.
13. Consumer Health Information Corporation. Motivating
Patients to Use Smartphone Health Apps. http://www.
prweb.com/releases/2011/04/prweb5268884.htm (2015,
accessed 10 August 2015).
14. Kelders SM, Pots WTM, Oskam MJ, et al. Development
of a web-based intervention for the indicated prevention
of depression. BMC Med Informatics Decis 2013; 13:
1!11.
15. Perski O, Blandford A, West R, et al. Conceptualising
engagement with digital behaviour change interventions:
A systematic review using principles from critical interpretive synthesis. Transl Behav Med 2017; 7: 254!267.
16. Perski O, Blandford A, Ubhi HK, et al. Smokers’ and
drinkers’ choice of smartphone applications and expectations of engagement: A think aloud and interview study.
BMC Med Inform Decis Mak 2017; 17: 1!14.
17. Vines J, Clarke R, Wright P, et al. Configuring participation: on how we involve people in design. In: CHI ’13:
Changing Perspectives. 2013, pp. 429!438.
18. International Standardisation Organisation. ISO 9241210. Ergonomics of Human-Computer Interaction - Part
2010: Human-Centred Design for Interactive Systems.
2010.
19. DeSmet A, Thompson D, Baranowski T, et al. Is participatory design associated with the effectiveness of serious
digital games for healthy lifestyle promotion? A metaanalysis. J Med Internet Res 2016; 18: e94.
20. Band R, Bradbury K, Morton K, et al. Intervention planning for a digital intervention for self-management of
hypertension: A theory-, evidence- and person-based
approach. Implement Sci 2017; 12: 1!13.
21. Yardley L, Ainsworth B, Arden-Close E, et al. The
person-based approach to enhancing the acceptability
and feasibility of interventions. Pilot Feasibility Stud
2015; 37: 1!7.
22. DeSmet A, Palmeira A, Beltran A, et al. The yin and
yang of formative research in designing serious (exer)games. Games Health J 2015; 4: 1!4.
23. Blandford A, Furniss D and Makri S. Qualitative HCI
research: Going behind the scenes. Synth Lect HumanCentered Informatics 2016; 9: 1!115.
24. Giroux D, Bacon S, King DK, et al. Examining perceptions of a smartphone-based intervention system for alcohol use disorders. Telemed e-Health 2014; 20: 923!929.
25. Dulin PL, Gonzalez VM and Campbell K. Results of a
pilot test of a self-administered smartphone-based treatment system for alcohol use disorders: Usability and early
outcomes. Subst Abus 2014; 35: 168!175.
26. Gustafson D, McTavish F, Chih M-Y, et al. A smartphone application to support recovery from alcoholism:

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

402

A randomized controlled trial. JAMA Psychiatry 2014;
71: 566!572.
Gustafson DH, Shaw BR, Isham A, et al. Explicating an
evidence-based, theoretically informed, mobile technology-based system to improve outcomes for people in
recovery for alcohol dependence. Subst Use Misuse
2011; 46: 96!111.
Gajecki M, Berman A, Sinadinovic K, et al. Mobile
phone brief intervention applications for risky alcohol
use among university students: A randomized controlled
study. Addict Sci Clin Pract 2014; 9: 1!12.
Zhang MWB, Ward J, Ying JJB, et al. The alcohol
tracker application: An initial evaluation of user preferences. BMJ Innov 2016; 2: 8!13.
Mellentin AI, Stenager E, Nielsen B, et al. A smarter
pathway for delivering cue exposure therapy? The
design and development of a smartphone app targeting
alcohol use disorder. JMIR mHealth uHealth 2017; 5: e5.
Crane D, Garnett C, Michie S, et al. 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!11.
Crane D, Garnett C, Brown J, et al. Factors influencing
usability of a smartphone app to reduce excessive alcohol
consumption: Think aloud and interview studies. Front
Public Heal 2017; 5: 1!19.
Hamilton FL, Hornby J, Sheringham J, et al.
DIAMOND (DIgital Alcohol Management ON
Demand): A mixed-methods feasibility RCT and
embedded process evaluation of a digital health intervention to reduce hazardous and harmful alcohol use. Pilot
Feasibility Stud 2017; 34: 1!12.
Kitzinger J. The methodology of Focus Groups: the
importance of interaction between research participants.
Sociology of Health & Illness 1994; 16(1): 103!121.
Morgan DL. What do you get from focus groups? In: The
Focus Group Guidebook. Thousand Oaks: SAGE
Publications, Inc., 1998, pp. 55!64.
Krosnick J. Response strategies for coping with the cognitive demands of attitude measures in surveys. Appl
Cogn Psychol 1991; 5: 213!236.
Oppenheimer DM, Meyvis T and Davidenko N.
Instructional manipulation checks: Detecting satisficing
to increase statistical power. J Exp Soc Psychol 2009;
45: 867!872.
Babor TF, Higgins-Biddle JC, Saunders JB, et al. The
Alcohol Use Disorders Identification Test: Guidelines for
Use in Primary Care, 2nd ed. Geneva: World Health
Organisation, 2001.
Rollnick S, Heather N, Gold R, et al. Development of a
short ‘readiness to change’ questionnaire for use in brief,
opportunistic interventions among excessive drinkers. Br
J Addict 1992; 87: 743!754.
West R. Time for a change: Putting the transtheoretical
(stages of change) model to rest. Addiction 2005; 100(8):
1036!1039.
Kotz D, Brown J and West R. Predictive validity of the
Motivation To Stop Scale (MTSS): A single-item measure of motivation to stop smoking. Drug Alcohol Depend
2013; 128: 15!19.

Perski et al.

15

42. de Vocht F, Brown J, Beard E, et al. Temporal patterns
of alcohol consumption and attempts to reduce alcohol
intake in England. BMC Public Health 2016; 16: 917.
43. Qualtrics. Qualtrics Survey Software. http://www.qualtrics.com/ (2016).
44. Ponterotto JG. Qualitative research in counseling psychology: A primer on research paradigms and philosophy of
science. J Couns Psychol 2005; 52: 126!136.
45. Braun V and Clarke V. Using thematic analysis in psychology. Qual Res Psychol 2006; 3: 77!101.
46. Garnett C, Crane D, West R, et al. Identification of
behavior change techniques and engagement strategies
to design a smartphone app to reduce alcohol consumption using a formal consensus method. JMIR mHealth
uHealth 2015; 3: e73.
47. Petty RE and Cacioppo J. The elaboration likelihood
model of persuasion. Adv Exp Soc Psychol 1986; 19:
123!205.
48. Oinas-Kukkonen H and Harjumaa M. Persuasive systems design: Key issues, process model, and system features. Commun Assoc Inf Syst 2009; 24: 486!501.
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