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Abstract: Exposure to traumatic events is extremely common with nearly 75% reported to have
experienced one or more traumatic events worldwide. A significant number of those exposed will develop
posttraumatic stress disorder (PTSD) along with depression, anxiety, and substance use disorders. Globally,
trauma-related mental health disorders are the leading cause of global disability burden, and many of these
disorders are caused, or worsened, by exposure to wars, natural and human-caused disasters, and other
traumatic events. Significant barriers to treatment exist including logistical, geographical, financial, stigma,
and other attitudinal challenges. One opportune approach to overcoming these barriers is the provision
of mental health interventions via technology that can be readily standardized for wide dissemination of
evidence-based care. However, engagement with technology-based interventions is a concern and limited
participation and high attrition rates are common. This may be especially true for trauma survivors
who often experience symptoms of avoidance and hyperarousal. Engagement is regarded as an essential
component of intervention efficacy and has been demonstrated to be associated with more positive clinical
outcomes, yet theoretically based research in this area is sparse. This review focuses on the complex issue
of engagement with digital health interventions (DHIs). Specifically, we review the conceptualization and
measurement of engagement, predictors of engagement, and importantly, the relationship of engagement
with intervention effectiveness. Finally, a theoretically based model of engagement is proposed that considers
the unique challenges of trauma recovery. This review is not intended to provide a systematic or exhaustive
set of recommendations, rather it is intended to highlight the challenges of engagement research including
its definition, measurement, and modeling. Future engagement research that includes valid and reliable
measures of engagement will enable consistent exploration of engagement predictors that can then inform

methods for increasing engagement and, ultimately, intervention effectiveness.
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Background

Worldwide, exposure to potentially traumatic events is
extremely common. Recent epidemiological research across
24 different countries revealed over 70% of respondents
had experienced one or more traumatic events (1,2). Of

those exposed, 8.7% have a lifetime risk of developing
posttraumatic stress disorder (PTSD) and over 15% of
developing subthreshold PTSD (3) along with depression,
anxiety, and substance use disorders (4). According to

the DSM-5, diagnosis of PTSD involves symptoms of
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intrusions (e.g., nightmares and flashbacks), avoidance,
negative alterations to cognitions and mood, and alterations
to arousal and reactivity (5). The impairment associated
with these disorders can be significant and longstanding (6).
Though traditional, trauma informed mental health
treatments have been found to be efficacious (7), many
individuals do not have access to them (8) or are reluctant
to seek treatment (9). Significant barriers to treatment
include logistical, geographical, financial, stigma, and other
attitudinal challenges (10).

One promising approach to overcoming these barriers is
the provision of mental health services via technology that can
be readily standardized for wide dissemination of evidence-
based care (11). However, engagement with technology-based
interventions is a concern and limited participation and high
attrition rates are common (12-14). This may be especially
true for trauma survivors who often experience symptoms
of avoidance and hyperarousal (15). Yet, there is a scarcity
of literature examining engagement with technology-based
interventions. As the amount of exposure to an intervention
is an important prerequisite for intervention outcomes (16),
understanding the factors that influence engagement is critical
for improving their effectiveness.

The focus of this narrative review is on the complex issue
of engagement with digital health interventions (DHIs)
and the undercurrent challenge associated with this new
wave of technology-based opportunity. Specifically, we
review definitions of engagement, conceptual frameworks
for engagement, as well as methods to comprehensively
measure engagement within the context of trauma recovery.
From these frameworks, we propose a testable model of
engagement based on social cognitive theory (SCT) that
considers the unique challenges of trauma recovery. This
review is not intended to provide a systematic or exhaustive
set of recommendations, rather it is intended to highlight
the challenges of engagement research including its
definition, measurement, and modeling.

Literature review method

An informal literature review of titles, keywords and
abstracts was conducted between October 2017 and May
2018 to identify papers relating to DHI engagement; no
publication date limitations were placed on the review.
A search of ERIC, PsychINFO, SCOPUS, Google
Scholar, Web of Knowledge, Internet Interventions, and
the Journal of Medical Internet Research using different
combinations of the terms ‘engagement’, ‘adherence’,
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‘attrition’, ‘exposure’, ‘trauma’, ‘digital health intervention’,
‘mental health intervention’, ‘internet’, ‘mhealth’, ‘ehealth’,
‘technology’ and ‘dropout’ was performed. A number of
abstracts were excluded as they referred simply to patient
engagement or traditional mental health interventions (non-
digital). In conducting the review, we were interested in
topics pertaining to the definition, measurement, predictors,
outcomes, and models of engagement. Therefore, a second
search involved manually reviewing the reference lists of
the identified articles for these topics. Judgments about the
relevance of the articles were made by the first author.

DHIs

DHIs are defined as products or services that use computer
technology to promote behavior change and have also been
referred to as digital behavior change interventions (17).
This technology includes mobile devices and web-based
applications and encompasses electronic health (eHealth)
and mobile health (mHealth) interventions. DHIs are
becoming more and more accessible and as of 2015, the
median global internet and smartphone use was 67% and
43%, respectively (18). Importantly, smartphone usage
among patients with mental health disorders is slightly
higher than the national average, suggesting mental health
conditions are not a barrier to technology ownership (19).
Several systematic reviews have shown DHIs to
be effective for numerous mental health conditions
including anxiety and depression (20), addictions (21),
bipolar disorder (22), psychotic disorders (23), panic
disorders and phobias (24). Importantly, DHIs are also
showing effectiveness in decreasing distress symptoms
in trauma survivors (9,25-30). A systematic review of
DHIs for the treatment of posttraumatic stress symptoms
(N=3,832) found them to be effective but cautioned that
there were variations and absences in the reporting of
engagement amongst the 33 studies, making it difficult
to determine whether participants received a ‘therapeutic
dose’ of the DHI. Regardless, they reported small to
medium improvements of PTSD symptoms in the active
intervention groups independent of the comparison
conditions (31). Thus, evidence is mounting supporting
the clinical effectiveness of DHIs for reducing clinical
symptomatology. However, this is not always the case.

Why study engagement?

Findings on DHI effectiveness are not always positive with
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many evaluations reporting limited beneficial effects (32-34).
There is some evidence that the lack of effectiveness is
related to participants not using technologies in the desired
way (35). In a systematic review of DHI utilization amongst
health care workers several consistent themes emerged,
including a high degree of acceptability with a low degree of
use (36). DHIs are often plagued by high attrition rates, with
attrition rates reaching 60-80% (12,14,37). This is especially
true for open access users, who are less likely than trial
participants to adhere to the full treatment program (38).

The problem of engagement may be particularly evident
with trauma recovery where avoidance is often a critical
issue. The self-directed, anonymous usage of DHIs can
increase disengagement due to lack of accountability,
reactivity due to symptom profile, and lack of therapeutic
alliance. The lack of alliance can be especially problematic
for those who score high on the re-experiencing and
avoidance clusters of PTSD (15).

Indeed, Parish er al. (39) developed a secure, social
media website for combat veterans and found that veterans
with PTSD demonstrated substantially less engagement
(measured by number of logins) with the DHI than veterans
without PTSD. During this qualitative study, some veterans
reported they discontinued engagement with the site
because the online conversations triggered their PTSD
symptoms. The authors speculated that trauma avoidance
and dissociation, along with the associated cognitive issues
(concentration, memory) and comorbid symptoms (substance
abuse, depression) might have reduced the likelihood of
engagement. A scoping literature review of mobile apps for
PTSD concluded that more studies were needed to increase
the engagement of these apps by patients with PT'SD (40).

Consequently, evaluating engagement has become a
high priority and understanding engagement with DHIs
has been identified as critical for improving their impact
(35,41), yet theoretically based research in this area is
sparse (42). A methodological analysis of DHI RCTs for
a variety of psychiatric disorders (N=75) cautioned that
research on this emerging treatment modality falls short of
current standards for evaluating the efficacy of behavioral
and pharmacologic therapies (43). The author’s likened the
emerging field of DHI research to the era of psychotherapy
efficacy research prior to the adoption of methodological
standards. A major weakness reported amongst the studies
was the lack of attention to engagement where few of the
studies (21%) reported the extent to which participants
were exposed to the DHI, making it difficult to document
the level of intervention received by participants. Only by
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knowing what engagement is, when it occurs, and under
what conditions can we understand what is effective.

What is engagement?

The term engagement has been used in a variety of ways,
yielding inconsistent findings and making it difficult to
synthesize reliable measures (44). The lack of consistency
makes it difficult to determine dose-response relationships
(i.e., effective engagement) and compare these relationships
between DHIs. A major challenge continues to be the lack
of a shared definition and understanding of user engagement
and its measurement. This may be due to the complexity
of DHI design that requires multidisciplinary input from
several areas including clinical mental health expertise,
computer interface design, and software development.

In the computer science and human-computer
interaction literature, engagement has been conceptualized
as the subjective experience of flow, a cognitive and
affective state characterized by temporal presence, cognitive
absorption, immersion and enjoyment (45). In contrast,
the behavioral sciences have conceptualized engagement
objectively, focusing on the frequency, duration and depth
of usage (16). This difference has resulted in two somewhat
dichotomous engagement conceptualizations with one
end consisting of subjective measures of user perceptions
and experiences and the other end consisting of objective
measures, focused on usage and physiological responses.
Methods to measure these disparate forms of engagement
vary greatly (e.g., self-report questionnaires, ecological
momentary assessments, system usage data, sensor data, and
psychophysiological measures). Ultimately, the definition of
DHI engagement remains “clunky" and lacks the ability to
be meaningfully communicated across different disciplines
invested in these interventions.

Engagement definition

The study of DHI engagement is a nascent science and
developers of DHIs initially defined engagement simply
as some form of usage (46). This definition centers on
behavior and ignores the cognitive and emotional aspects
of engagement. Yardley ez a/l. [2016] (44) emphasized
that a key research challenge for these innovative
technology approaches is to conceptualize engagement
more consistently and comprehensively across a variety
of domains. A multi-dimensional definition of DHI
engagement is needed that includes behavioral, cognitive
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and emotional components.

The eCommerce industry places a high value on
engagement and defines it as: “a category of user experience
characterized by attributes of challenge, positive affect,
endurability, aesthetic and sensory appeal, attention,
feedback, variety/novelty, interactivity, and perceived user
control” (47) (p. 941). This definition focuses primarily on
engagement as ‘flow’ without any links to behavior change
and confounds predictors of engagement (i.e., aesthetic
appeal, novelty, interactivity, feedback, perceived user
control) with the experience of engagement.

Recently, a systematic review of the literature on DHI
engagement resulted in the following definition: “Engagement
with DHIs is (1) the extent (e.g. amount, frequency, duration,
depth) of usage and (2) a subjective experience characterized by
attention, interest and affect” (41) (p. 258). Focused attention
is an important component of engagement and is a measure
of concentration and absorption (48). Affect relates to the
emotions experienced during an interaction and research
has shown that engaged users are affectively involved (47).
Interest is categorized by increased cognitive and affective
functioning, and persistent effort (49) and has been shown
to be strongly related to emotional engagement (50). The
Perski et al. definition goes beyond usage to consider aspects
of flow. Additionally, it does not ascribe a valence to the
measure of affect (i.e., positive).

It is important, especially in trauma recovery, to assess
relevant dimensions of attention, affect and interest,
depending upon that DHI task. Some trauma recovery tasks
appear quite different from others with respect to attention,
interest, and affect. For example, when practicing relaxation
skills, users may appear unengaged and show low interest,
low attention, and positive (or minimal) affect, when in
actuality, they are highly engaged with the task at hand (e.g.,
closing one’s eyes during a deep breathing exercise) (51).
On the other hand, when learning how to manage triggers,
highly engaged users may indicate high interest, high
attention, and negative affect. Therefore, the combination
of attention, affect and interest may vary. To promote clarity,
we offer the following definition of engagement that expands
upon the Perski er 4/. definition: Engagement with DHIs
is (I) the extent (e.g., amount, frequency, duration, depth)
of usage; and (II) a subjective experience characterized by
relevant dimensions of attention, interest and affect.

Related constructs

In defining engagement, it is also important to delineate
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what it is not. Constructs theoretically linked to
engagement, but distinct from it, include learning, and
activation. In addition, predictors of engagement and
important clinical outcomes of the intervention are distinct
from engagement itself. Clearly distinguishing these
processes is critical to clarify the conceptualization of
engagement (see Figure I).

Engagement is a latent construct consisting of
objective and subjective measures of usage and experience.
Predictors of engagement influence engagement but are
not engagement per se. Engaging with a DHI promotes
learning of the therapeutic information which can include
knowledge about the disorder (e.g., psychoeducation
on PTSD), processes maintaining the symptoms (e.g.,
avoidance), or skills for managing the symptoms (e.g.,
relaxation). Applying what was learned is referred to as
mechanisms of action (i.e., activation) and is predicted to
lead to symptom reduction (i.e., outcomes). Outcomes
result after applying the new skills to one’s circumstances
effectively (52). DHI outcomes are generally measured by a
reduction in symptoms (e.g., PTSD).

Learning

Learning is a cognitive factor and is measured by increases
in overall understanding of the mental health disorder.
Learning can be actual (measured by a test) or perceived
(measured by self-report). Engagement has been positively
linked to learning in the educational literature (49)
but has been largely ignored in the DHI literature. In
trauma recovery, this could include learning how to
manage triggers, the importance of social support, or
what constitutes negative self-talk. Learning alone does
not produce outcomes (53). Engagement affects learning
which then mediates subsequent mechanisms of action and
symptom improvement.

Mechanisms of action

The mechanism of action (i.e., activation) is the
application of what was learned and functions as the
catalyst for transformation (54). It can be defined both
behaviorally and cognitively as the process through which
a DHI influences change (55), thus providing a bridge
between engagement and the clinical outcomes (56). For
example, DHIs for trauma recovery designed to decrease
distress symptoms through skills training would measure
activation by increases in the practice of these skills
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Figure 1 Proposed relationship between engagement and related constructs.

(e.g., relaxation skills, identifying automatic thoughts,
cognitive challenging, labeling feelings). Activation has
also been referred to in the literature as the macro level of
engagement (44), although this complicates the definition
of engagement.

Based on Bandura’s social cognitive theory (SCT) (57),
the proposed relationship between learning, mechanisms
of action and engagement is bidirectional in nature (see
Figure 1). This bidirectionality is referred to in SCT as
triadic reciprocal determinism and suggests that behaviors,
cognitive and other personal factors, and environmental
events all operate as interacting determinants of each
other. These interacting processes influence each other
throughout the DHI engagement experience. For example,
as learning increases, interest (and thus engagement) may
initially increase, then later decrease when there is no longer
a need for the intervention. Changes in activation, such as
practicing relaxation skills, can also influence engagement
with a trauma recovery DHI designed to help one learn
to manage trauma triggers or even learn how to cultivate
more social support. Individuals who experience low levels
of activation may lose hope and choose to disengage. In
contrast, those experiencing moderate levels of activation
may be inspired by their progress, increase their outcome
expectations, and thus, increase engagement.

Predictors of engagement

Predictors of engagement are numerous and can include
innumerable combinations of user characteristics, DHI
design components, and user perceptions (58). User
attributes such as demographics (59), level of psychological
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distress (60), social factors (61) and technology comfort (62)
have been shown to influence engagement. These user related
predictors are sometimes referred to as ‘context’ (41), and,
at present, it is unclear what user characteristics are related
to engagement. Some studies find older age (58) and higher
baseline symptoms associated with higher usage of a DHI
(60,63). Yet a systematic review found lower symptoms and
younger age to be associated with higher engagement (53).
There is some evidence that being female and more educated
is associated with greater engagement (64,65). Whereas,
other studies have shown higher levels of education
associated with less engagement (16). Finally, another study
found no associations between key demographic factors and
engagement (66).

Technical aspects of design can also influence engagement
such as persuasive technology (38), tailoring (67),
human support (68), and messaging (69). Carolan et al.
[2017] found adding social media increased engagement
(measured by number of logins) whereas Crutzen er al.
[2013] found adding social presence did not increase
engagement in terms of the number of pages visited or
time online. A recent study found that adding gamification
increased both the frequency and duration of usage (70)
while another review on the effects of gamification on DHI
engagement was unable to draw conclusions due to the
inconsistent reporting of engagement (71). Furthermore,
Lumsden and colleagues, found no effect of gamification on
engagement with their digital-based study (72).

Importantly, there appears to be a unique set of
a predictors associated with trauma recovery DHIs.
Trauma type and frequency have been found to influence
engagement where having experienced a sexually related
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traumatic event (e.g., rape) or repeated traumatic
experiences (e.g., domestic violence, childhood abuse)
positively predicted engagement (73). Additionally, PTSD
symptom presentation can influence engagement. A
recent study found that the PTSD symptom clusters of
re-experiencing and negative cognitions were significant
predictors of engagement with a trauma recovery DHI (15);
whereas the avoidance and arousal PTSD symptom clusters
were not significant predictors of engagement. These
findings have yet to be replicated.

Engagement and outcomes

Little is known about the influence of DHI engagement on
outcomes. Some studies have found greater engagement
to be associated with positive change in key outcomes (63).
Engagement was related to subsequent smoking cessation
in a web-based DHI (67). Funk et /. [2010] found that
consistently engaged users were associated with less weight
regain (P=0.003) compared to less engaged users (64).
Notably, non-responsive participants in this study were
contacted by a staff member via telephone to encourage
returning to the DHI. Couper e 4/. [2010] (16) measured
breadth and depth of DHI engagement and found that
breadth, not depth, significantly predicted positive DHI
outcomes (P<0.001).

Other studies do not find such association. In a meta-
analysis of 33 studies, Donkin e a/. [2011] found the impact
of engagement on outcomes appears to vary. They found
large variations in the reporting of engagement and the
relationship with DHI outcomes. For mental health DHIs,
some common measures such as the number of logins, self-
reported activities, time online, and pages opened did not
show an association between engagement and outcomes
(74). Carolan et al. found that increased engagement (defined
by number of logins) in a stress management DHI did not
result in improved psychological outcomes (75). Results of
an RCT targeting stress-related symptoms reported high
DHI engagement (number of modules visited) but found no
significant differences in outcomes between the intervention
group and the wait-list control (76).

These equivocal findings on the predictors of
engagement and the relationship between engagement
and outcomes accentuate the deficiencies of our current
understanding of engagement. A consistent definition
and conceptual models are needed to understand the
relationship between individual characteristics, engagement,
and intervention effectiveness.

© mHealth. All rights reserved.

mhealth.amegroups.com

mHealth, 2018

Conceptual models of engagement

The primary challenge associated with the scientific
exploration of engagement with DHIs is the lack of
empirically supported conceptual models to help drive the
research. Indeed, much of the research reviewed thus far
has not included a theoretical framework or conceptual
model in approaching the construct of engagement. In
general, models that focus primarily on the relationship
between engagement and clinical outcomes fail to consider
the dynamic, multi-dimensional aspects of engagement (77).
However, some researchers have offered some guidance in
this area.

The following is a brief overview of the more influential
models and frameworks of engagement. Each considers,
to varying degrees, the influence of context, content and
delivery on engagement. Some of these models are based
on theory but neglect to consider a multi-dimensional
definition of engagement. Others are based on the results
of systematic reviews but lack a theoretical basis. The
frameworks build upon each other and are comprehensive
and complex. As a result of this complexity, the first three
models reviewed are largely untested, and as such, their
validity as cohesive frameworks is unknown. The final
model reviewed is based on theory and has some empirical
support. From these models, a theoretically based, testable
model of engagement is proposed.

Internet intervention model (IIM)

One of the earlier models of DHI engagement offered a
theoretical perspective on how user, environmental, and
intervention characteristics influence engagement (52). The
model, called the IIM, represented a significant advance
from the earlier disjointed literature which focused on
identifying individual predictors of engagement without
consideration of a wider psychosocial and behavioral
context. The IIM considered how various aspects including
intervention design, technology, quality, user characteristics,
and environmental factors influenced engagement. Under
this model, engagement mediates behavior change (i.e.,
activation) which in turn leads to symptom improvement.
A shortfall of the IIM is the limited conceptualization of
engagement that drew upon research from the behavioral
sciences and defined engagement simply as usage.
Unfortunately, there is little, if any, empirical investigation
of the efficacy of the overall model in terms of predicting
engagement.

mHealth 2018;4:37



mHealth, 2018

Model of user engagement (MUE)

New interdisciplinary models of engagement are emerging,
but their validity is yet to be established (42). Short et al.
[2015], building on previous conceptual frameworks (47,52),
suggested engagement is influenced by the environment,
individual characteristics, and intervention features.
This model, called the MUE, highlights social cognitive
influences on engagement such as self-efficacy, perceived
relevance, and outcome expectations. Importantly, the
MUE took a more holistic approach to engagement and
expanded the conceptualization from a purely objective
measure of usage to include affect (78). Again, the model is
yet to be operationally tested.

Perski engagement framework

Perski and colleagues offered a conceptual framework of
engagement that includes DHI technological features,
content, mechanisms of action, context and outcomes (41).
The proposed framework built off previous work (17,52)
and was intended to help generate testable models
about how to improve engagement. In this framework
they describe several reciprocal processes affecting
engagement that include predictors, mechanisms of action,
and outcomes. Under this framework, engagement is
hypothesized to be influenced by the content, delivery, and
context within which it is used (i.e., predictors). Though
learning is not explicitly specified in this framework,
the article draws a distinction between learning (i.e.,
intervention receipt) and mechanisms of action. Likewise,
an unmeasured third variable (e.g., treatment self-efficacy)
is mentioned (though not specified in the framework)
as a possible moderator of the relationship between
engagement and outcomes.

The strength of the framework is the integrative
definition of engagement, the incorporation of the
numerous predictors of engagement, and the consideration
of the mediating role of mechanisms of action between
engagement and outcomes. A potential weakness is the
complexity associated with the numerous context, content
and delivery options which makes empirical testing
challenging. Though comprehensive, empirical support of
this framework is currently lacking. Parsimonious, testable
models that can accurately capture aspects of this complex
framework are needed. One such model, the health action
process approach (HAPA), may offer such an opportunity.
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HAPA

The HAPA offers a parsimonious theoretical model for
understanding engagement with a DHI (79). The HAPA
was originally developed to predict engagement in health
behaviors and addresses both motivational and volitional
processes (80). Similar to the MEU, the HAPA is based on
SCT (57). Recently, this framework was adapted to explain
engagement with a trauma recovery DHI with interesting
results. Using a national sample of trauma survivors, Yeager
et al. [2018] found the motivational predictors of outcome
expectancies, pre-engagement self-efficacy (i.e., confidence
in one’s ability to begin using a DHI), perceptions of
need, and symptom severity (e.g., PTSD symptoms) all
significantly predicted intentions to engage with a DHI
(see Figure 2). Once intentions were formed, planning to
use the DHI mediated the translation of intentions into
engagement for those low in their perceived ability to
continue to use the DHI (60).

A strength of this model is the empirical support (60,81),
the theoretical basis that incorporates social cognitive
predictors into the engagement model, and a comprehensive
conceptualization engagement. This testable model can be
subsumed under the Perski framework where perceived need,
outcome expectations, trauma symptoms, pre-engagement
self-efficacy, and intentions could be organized under context
and delivery (i.e., predictors of engagement). Engagement
self-efficacy (i.e., confidence in one’s ability to continue
using a DHI) may be the unmeasured third variable thought
to moderate engagement referenced in their framework.
Planning is considered a self-regulatory strategy that specifies
when, where and how a behavior will be implemented (82). A
major shortcoming of this model is the lack of consideration
of delivery perceptions and outcomes. Extending this model
to include delivery, learning, activation and outcomes is
an important next step in developing a comprehensive and
testable model for engagement.

Proposed research model of engagement

Building upon these conceptual frameworks (41,60,78)
we have put forth a comprehensive and testable model for
engagement with a trauma recovery DHI (see Figure 3).
Fundamentally, this model is based upon the proposed
multi-dimensional conceptualization of engagement. This
model considers how DHI pre-engagement self-efficacy,
perceived need, outcome expectations, PTSD symptom
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Volitional phase

Figure 2 HAPA engagement longitudinal model (60). In the motivational phase, pre-engagement self-efficacy, outcome expectations,
perceived need, and trauma symptoms significantly predicted the formation of intentions. In the volitional phase, intentions were translated
into engagement, mediated by planning and moderated by low levels of engagement self-efficacy (-1 SD). Engagement is a latent construct
consisting of both subjective (estimated frequency and duration) and objective measures. Objective measures were continuously measured by
the digital health intervention. *P<0.01, **P<0.001, T'1 = time 1, T2 = time 2, T3 = time 3. HAPA, health action process approach.

Perceived Need

Pre-engagement
Self-efficacy

Outcome
Expectations

Symptom

Severity

Intention to
use the DHI

Treatment
Self-efficacy

Activation

Engagement

Symptom
Severity

Figure 3 Proposed model for DHI engagement for trauma recovery. HAPA motivational phase predictors of intention are shown in
brown. HAPA volitional phase predictors of engagement are shown in green. Engagement related constructs are shown in shades of purple.
Outcomes of engagement are shown in shades of blue. DHI, digital health intervention; HAPA, health action process approach.
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severity influence intentions to engage. Planning mediates
the translation of intentions into DHI engagement,
moderated by engagement self-efficacy. User perceptions
associated with DHI delivery (a measure assessing ease of
use, challenge, trust, satisfaction, aesthetics) is also predicted
to influence engagement. This is a new SCT predictor
in the HAPA model to account for perceptions of user
experience with the technology. Although a simplification of
previous models, it attempts to incorporate the innumerable
content, context and delivery options of the previous
frameworks into social cognitive predictors of engagement.
We suspect the simplification will increase the testability
of the model. Importantly, this model does not conflate
engagement with related constructs such as learning and
activation. Learning is considered an engagement outcome
and an antecedent to activation. Activation is hypothesized
to be moderated by levels of treatment self-efficacy where
those who experience higher levels of treatment self-efficacy
will experience higher levels of activation.

Treatment self-efficacy is intervention specific. In
the case of trauma recovery, treatment self-efficacy is
represented by one’s confidence in their ability to cope with
trauma-related symptoms [(coping self-efficacy for trauma)
CSE-T]. Significant research has shown that CSE-T is an
important predictor of posttraumatic adaptation (83,84).
Individuals who experience low levels of CSE-T would be
more reticent to continue engaging, potentially leading to
dropout. In contrast, those experiencing moderate levels
of CSE-T may increase activation by setting reasonable
goals for working with the intervention and gaining mastery
experiences through implementing new coping behaviors
(e.g., confronting avoidance by managing triggers).

The proposed model provides a means to refine and
test hypotheses about how to influence engagement and
how engagement impacts outcomes. Previous engagement
investigations measured only partial dimensions of
engagement (i.e., alternatively objective or subjective) thus
failing to consider the complexity of such an experience.
Critical to testing this model is a need for valid and
reliable measures of engagement that go beyond the
simple one-dimensional conceptualization of engagement.
Understanding methods to measure the objective and
subjective aspects of engagement is a crucial consideration
for the scientific advancement of DHI research.

Measuring engagement

The goals of conceptualizing and increasing engagement
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have motivated an interest in methods to accurately
measure it. Identifying and developing multi-dimensional
models consisting of valid and efficient combinations
of engagement measures continues to be an important
challenge of engagement research (17). There is a need
for usable, validated, and reliable measures that will enable
consistent exploration of engagement predictors that can
then inform methods for increasing engagement (47).

Historically, behavior-based metrics (i.e., objective
measures) such as page views and time online have been used
as indicators of engagement (85). However, intervention
exposure alone fails to capture the multidimensional aspects
of engagement. The following provides an overview of some
of the measurement options available to comprehensibly
assess DHI engagement (see Table I).

Objective engagement measures

Objective measures have the advantage of capturing
continuous data non-obtrusively. In contrast to subjective
measures, objective measures are always on and are
independent of the users’ memory, interpretation or
social desirability. Objective data can overcome temporal
inaccuracies of self-report data and can accurately detect
intervention disengagement in real-life environments (91).
These advantages can also lead to disadvantages such
as massive amounts of data to process (92), complex
calculations (91), labor-intensive manually rated training
data (51), and issues of confidentiality, privacy and informed
consent (93). These analytical, labor, and ethical issues
are recognized but are beyond the scope of this paper.
Researchers have utilized usage data, sensor data, facial
expressions, and voice to automatically capture aspects of

DHI engagement.

Usage data

A key ingredient in determining the impact of any DHI is the
extent to which participants are exposed to the program (46).
Exposure is measured by intervention usage and is the most
commonly collected and reported measure of engagement
in DHIs. Usage can include both the amount of exposure
(i.e., frequency, duration) to the DHI as well as the
proportion and extent of intervention features used out of
the total available (i.e., breadth, depth). These can provide a
measure of physical use of the DHI and analysis can identify
usage patterns associated with better outcomes. However,
problems arise when users are logged in but not actually
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Table 1 Potential objective and subjective measures of engagement

mHealth, 2018

Measurement type  Data type Data source  Measurement Engagement dimension
Objective measures Usage data Server logs # logins (75), # days of use Frequency

Server logs Total minutes (60) Duration

Server logs # pages viewed (60) or # modules visited (76) Breadth

Server logs # activities completed (13) Depth

Sensor data Physiological Heart rate, heart rate variability (HRV), blood oxygen, skin Attention, interest, affect

conductance (86), blood pressure, temperature,

electroencephalography (EEG) (87), eye tracking (88)

sensors
Cameras Facial expressions (51)
Microphone  Voice (89)

Subjective measures Experience  Self-report

Ecological
momentary
assessments

Usage Self-report

Ecological
momentary
assessments

Questions regarding attention, interest, affect

Questions regarding attention, interest, affect

How often? How long? How many? How much? (60).
Subjective perception of time (SPT) (90)

Questions regarding subjective usage

Attention, interest, affect
Attention, interest, affect
Attention, interest, affect

Attention, interest, affect

Frequency, duration,
breadth, depth

Frequency, duration,
breadth, depth

using the DHI (60).

Although usage is an essential component of engagement,
usage is not always correlated with intervention outcomes (94).
Heffner and colleagues examined the usage of specific
features of a DHI and found only a small number of the
most popular (i.e., high usage) features predicted positive
outcomes (95). Surprisingly, one of the most popular
features predicted poorer outcomes. The poorer outcomes
could be attributable to the ineffectiveness of the feature
or to inattention (or even dissociation in the case of trauma
survivors) while using the feature. They concluded that
popular features are not always predictive of outcomes
and continued efforts to understand user engagement was
critical for understanding effectiveness.

Sensor data

Another source of objective engagement data is derived
from sensors. Smart wearable body sensors (SWS) provide
an opportunity to monitor a person’s physical and emotional
state automatically and continuously. Sensors have been
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used to monitor a variety of mental health symptoms (96),
but sensing engagement is a nascent research area.
Sensors such as skin conductance (86), heart rate, blood
pressure, and HRV can monitor changes in sympathetic
nervous activity that are associated with attention and
emotional arousal. Although some arousal is associated with
engagement, too much arousal can produce disengagement,
especially for those who have PTSD (97). The optimal
arousal range for engagement is often referred to as the
window of tolerance (98). For trauma survivors who have
difficulties with hyperarousal and avoidance, sensors can be
used to determine when individuals are in their ‘window of
tolerance’, and hence, most likely to be engaged.

Other physiological measures, such as
electroencephalography (EEG) and eye tracking, can also
be used to measure engagement. EEG records electrical
activity in the brain and has been used as a measure of
interest and attention (87). Eye tracking measures pupil
dilation and fixation and have been used to indicate task
difficulty, attention, fatigue, mental activity, and intense
emotion (88). For PTSD, eye tracking may be useful in
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detecting dissociation.

Facial expressions

Computer vision creates the opportunity to analyze facial
expressions. High resolution cameras, now standard in
phones and laptops, can be used to automatically estimate
real-time engagement from facial expressions. Most of the
work in this area focuses on identifying facial action units
(AUs) using the Facial Action Coding System (FACS).
The FACS is a comprehensive framework for objectively
describing facial expression measuring the intensity of over
40 distinct facial muscles (99). AUs can be used to detect
emotions and engagement, however, current methods
require manual coding of AUs from videos for machine
learning training. The current challenge is in automatically
recognizing AUs and determining which AUs correspond
to engagement with DHIs.

Facial recognition of engagement with DHIs can
vary depending on the intervention task or the mental
health and emotional distress of the participant, making it
particularly challenging. Recently our lab found this to be
especially true for trauma-related DHIs (51). For example,
while using a trauma recovery DHI, facial expressions
expressed while learning how to manage trauma triggers
will vary from those expressed while practicing relaxation
skills. Traditional engagement predictions may assess AUs
associated with relaxation (e.g., eyes closed) as disengaged,
however, the individual is actually highly engaged. Dhamija
and Boult [2017] utilized computer vision and deep
learning-based techniques to predict user engagement with
a trauma recovery DHI for two varying contexts (relaxation
vs. triggers). Their results suggested that the engagement
prediction models needed to assess relevant dimensions of
attention, interest, and affect for trauma recovery DHIs,
depending on the context.

Voice analysis

Analysis of voice can focus on the content of words, the
tone and flow of the spoken words, or the number of
words used in communication (100). We analyzed voice
pulses (vocal folds vibration) and voice breaks from trauma
survivors using an online DHI for trauma recovery (89).
Results of this pilot study (N=12) showed that engagement
levels depended upon the number of pulses, a percentage of
pulses, and percentages of voice breaks (partial eta-squared
range: 0.19 to 0.22). Future studies are needed to examine
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how voice information can be used to assess engagement,
specifically attention, interest and affect.

Thus, objective data offers an increasing array of real-
time physical, biological and ecologically valid information
that can be obtained with little to no individual burden.
By combining a variety of sources, objective data can help
to detect emotions, physiological reactivity, and monitor
behaviors. Importantly, objective measures do not reveal
why individuals follow these patterns of usage and are not
always correlated with intervention outcomes. Therefore,
combining objective with subjective data may be essential to
understanding overall DHI engagement.

Subjective engagement measures

Questionnaires can assess engagement experience and
usage in a systematic and standardized way. Limitations
include questionnaire length and a lack of valid and reliable
measures designed and tested within a health context. High
quality short targeted engagement questionnaires relevant
to DHIs are needed.

Subjective experience

Self-report measures can provide valuable insight into
a person’s subjective engagement experience with the
DHI. According to the definition of engagement put
forth, subjective engagement experience needs to include
measures of affect, attention and interest (41).

Several self-report scales have been developed to assess
subjective experience. Perhaps due to the lack of a shared
definition of engagement, these scales assess one or two
dimensions of experience (i.e., affect, interest, attention),
but not all. Additionally, many of these scales conflate
predictors of engagement with measures of engagement.
For example, O’Brien and Toms [2010] developed the user
engagement scale (UES) that measures aesthetic appeal,
focused attention, satisfaction, and perceived usability (101).
Aesthetic appeal, satisfaction, and perceived usability are
not indicators of engagement per se but may increase
the likelihood of engagement. Interestingly, applications
of the UES have had mixed results with items factoring
inconsistently on the subscales (48).

Another scale, called the mobile app rating scale
(MARS) measures five dimensions related to several DHI
experiences that include ‘engagement’, ‘functionality’,
‘aesthetics’, ‘information’, and ‘subjective quality’ on
5-point scales (102). The eHealth engagement scale (eES)
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encompasses four attributes: involving, credible, negative
feelings, and amusing/friendly (103). The consumer
videogame engagement scale was developed to measure flow
and includes conscious attention, absorption, dedication,
enthusiasm, social connection, and interaction (104).
A limitation of each of these scales is the conflation of
predictors of engagement (e.g., aesthetics, credibility,
social connection) with engagement. Valid and reliable
engagement scales that measure attention, interest, and
affect are needed.

The question remains as to how these subjective
engagement experiences relate to trauma recovery. In the
scales above, affect is viewed as a hook to induce exploration
and discovery where positive experiences bring greater
engagement and negative experiences (e.g., frustration)
lead to disengagement. However, this assumption must be
critically evaluated with different clinical populations such
as trauma survivors. Trauma recovery requires some level of
confrontation with the trauma itself where accommodation
and assimilation eventually occur (105). Maximizing
engagement with a DHI for trauma recovery likely requires
a unique recipe where critical skill enhancement is offered
within a window of tolerance keeping negative affect
manageable.

Similar to affect, measuring attention with technology
must consider the context. For example, in a game scenario,
attention is focused on absorption vs. an online shopping
site which is focused on attention grabbing (104). With
DHIs for trauma recovery, there may be some combination
of attention associated with optimal outcomes, but this
has yet to be determined. Our current work is focusing on
refining these measures of affect, attention, and interest in a
variety of contexts to develop a valid and reliable measure of
the engagement experience. Future research which helps to
disentangle these important subtleties for DHIs for trauma
recovery is critically needed.

Subjective usage

Like objective measures, questionnaires can also be used
to assess the amount of DHI usage. Measures for assessing
behavioral aspects of DHI engagement are lacking.
Regardless of whether objective measures have been
captured by the DHI, adding subjective perceptions of
usage can offer insight into how much an individual thought
they used an intervention. Questionnaires can ask how
much (duration) and how often (frequency) an individual
used all or parts of the intervention (60). This information
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can be used to check or complement objective usage data
and may help differentiate between active and passive usage.
For example, questionnaires can identify when the user
has left the program running in the background and not
actively using it. Questionnaires can go beyond objective
data by capturing information on behavioral cues at the
point of engagement (e.g., “what were you doing before you
used the relaxation module”?). This may provide a more
comprehensive measure of usage patterns.

Moreover, subjective usage can go beyond objective data
by capturing the subjective perception of time (SPT). SPT
is often referred to as psychological time and can contrast
with objective time (106). SPT has been used in attention
research and can be an indication of the cognitive aspects
of engagement (90). Comparing SPT to actual time may
provide unique insights into the level of engagement with
a trauma recovery DHI. For example, SPT can accelerate
(i.e., flow) or decelerate (i.e., boredom), be interrupted
(i.e., distracted), or vanish altogether (i.e., dissociation).
Interestingly, Yeager and colleagues found small to medium
correlations (r=0.05 to 0.33) between objective and
subjective measures of usage, suggesting that subjective
measures may be subject to reporting bias or capturing
other aspects of engagement beyond usage (e.g., attention,
interest, affect). To answer these questions, further studies
are needed.

Ecological momentary assessments

Many of the subjective tools used to measure engagement
are cumbersome and lack the temporal resolution needed to
understand the interplay between engagement and behavior
change. Ecological momentary assessments (EMAs) attempt
to bridge this gap by capturing the dynamic experiential
aspects of engagement (i.e., interest, attention, and affect).
The advantage of using EMA over traditional self-report
measures is the ability to capture the variability of real-
time thoughts, feelings, or behaviors in a naturalistic
environment, reducing reporting bias and providing a link
between the immediate environment and engagement (107).
Problems with EMA revolve primarily around repetition
which can lead to high participant burden, practice effects,
and non-compliance. Therefore, assessments must be brief
and thoughtfully presented.

Chung [2012] (45), successfully used EMA to measure
user engagement with a video game, but data on the use
of EMAs to study DHI engagement is currently lacking.
Despite the limited research, EMAs are well-suited to
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study engagement with a DHI and could provide real-
time measures of affect, attention, and interest as well as
antecedents to drop-out.

In sum, several different measures of engagement
are available that can quantify the cognitive, emotional
and behavioral dimensions of engagement. These
measures provide real-time, ecologically valid means for
assessing the complex relationship between engagement
and the behavioral and technological aspects of DHIs.
Investigations focused on DHI’s for trauma recovery that
includes objective and subjective measures of engagement
are needed. Additionally, the validity and reliability of these
measures need to be established (108). The challenge is in
combining heterogeneous data sources into a meaningful
measure of engagement. This multi-dimensional
measurement of engagement can then be used in conceptual
models to understand the relationship between individual
characteristics, engagement, and intervention effectiveness.
Ultimately, adequate measures may provide the opportunity
to automatically detect disengagement and help identify
factors to improve engagement.

Conclusions

We have highlighted a host of good news and challenges
associated with the potential of DHIs for trauma recovery.
Although there is supportive evidence for DHIs in reducing
psychological distress related to trauma, significant issues
remain. According to a recent editorial on the public health
impact of DHIs, a greater investment is needed in improving
user engagement (35). However, to do so, issues regarding
the operationalization and evaluation of engagement
with DHIs must be addressed. Specifically, we argue that
foundational to future studies is the need for a common
multi-dimensional definition of engagement. We offer a
comprehensive definition of engagement that encompasses
psychology, computer science and business perspectives
to address the behavioral, cognitive and emotional aspects
of engagement while considering the unique challenges
of trauma recovery. This definition highlights the need
for in-depth mixed methods research into how people
engage. Importantly, it does not confound the definition by
including other constructs related to engagement such as
learning and activation. This may improve the validity and
reliability of engagement measurements. Future research
is needed to establish the validity and reliability of this
definition. With an accurate and consistent measurement of
engagement, it may be possible to empirically establish the
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level of effective engagement (i.e., dose) required to achieve
behavior change. This will allow researchers to compare
dose response relationships between various types of DHIs
and may help to improve the methodological quality of
RCT5 evaluating DHIs (43).

Additionally, a conceptual model for engagement has
been offered. This model, based upon SCT and previous
frameworks (41), is intended to be testable and generalizable
and is therefore a simplification of some of the more
complex frameworks presented. However, the parsimony
of the model may increase the opportunity to establish its
validity. Notably missing from this model is the specification
of intervention elements and characteristics (56).
However, some of these intervention attributes are
hypothesized to be incorporated into other constructs such
as user perceptions of delivery, self-efficacy (can I use it?),
perceived need (do I need it?), and outcome expectations
(will it work?). We anticipate the modification of this model
as more evidence is accumulated.

Combined, the proposed definition and suggested model
provide steps toward formalizing the science of engagement
that may help improve the design of engaging and effective
digital interventions. As O’Brien and Toms [2008] noted,
“successful technologies are not just usable, they engage
users.” This may be even truer for trauma recovery DHIs.
With a standard conceptualization of engagement along
with valid and reliable methods to measure engagement,
predictors and outcomes of engagement can be more
consistently investigated. Unique individual difference
variables related to engagement may then emerge offering
a more refined approach to intervention customization.
Disengagement can be automatically recognized and
responded to by DHIs, enabling interventions to maintain
a connection with a user, potentially delivering a more
personalized experience (109). The ultimate goal of
understanding engagement is to improve the effectiveness
of DHIs. A further understanding of learning and activation
may also develop that will help dismantle the components
contributing to overall intervention effectiveness (56).

With the adoption of more consistent standards for
methodological quality, this emerging field has the potential
to be widely disseminated and marketed as evidence based
care. Future studies are needed to validate measures of
engagement and empirically test conceptual models of
engagement using multi-dimensional assessments. The
future is bright for the role of DHIs in overcoming
significant barriers to care for trauma survivors, but
only if we are able to clarify the conceptualization and
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operationalization of engagement.
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