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Digital Health and Engagement—Looking Behind the Measures and Methods
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Low real-world engagement with digital mental health therapy programs and apps is a perennial
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concern that is only now receiving due research attention. The study by Chien et al is a welcome
addition to the literature given its focus on understanding the association between patient
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engagement, an internet-based cognitive behavioral therapy intervention for depression and
anxiety, and clinical outcomes. Using a probabilistic latent variable model to infer distinct subtypes of
patients based on their interaction with the internet-based cognitive behavioral therapy program,
the authors identify 5 clusters of patients: low engagers, late engagers, high engagers with rapid
disengagement, high engagers with moderate decrease, and highest engagers. Overall, the results
are consistent with the literature on digital health engagement: highest engagers represented just
10.6% of the sample.
But low engagement measurements with digital health tools do not tell the full story. The study
is obfuscated not by the technology (most digital therapy apps have similar engagement patterns as
reported in this article) but by the measurement of engagement itself. Defining meaningful
engagement, or even feasibility, for digital mental health tools remains a challenge for the field and
comparing engagement across studies or products remains nearly impossible.2 In this study, Chien
et al1 assessed 2 broad types of engagement, specifically whether, in a given week, the patient used
the platform or particular sections of the platform. These user engagement measurements were
typical of this nascent field (ie, behavioral) and therefore relatively blunt. This potential limitation is
noted by the authors, who reflect that raw counts of use cannot account for the complexity or
diversity in the type of content that is embedded in them.
Behavioral measures tend to capture product rather than process. A more-nuanced
understanding of user engagement recognizes that engagement is a process and a product of
people’s interactions with digital tools. Degree of engagement is influenced by the depth of the
patient’s investment in the interaction with the digital tool; this investment may be defined
temporally, affectively, and/or cognitively.3 Behavioral measures represent one important measure,
but do not effectively capture affective and cognitive investment. To understand where people are
starting from emotionally and cognitively is particularly important in mental health. In a patient
experiencing more severe symptoms, it can be a major accomplishment to simply login into an app
and connect with a support person, never mind explore interactive features, such as quizzes, read
content, and journal. For some people, this single action itself might be highly influential, especially if
the program or app is recovery focused. Other users may benefit from frequent, sustained
interactions with the app that allow them to better understand and monitor their wellness needs and
triggers. In both of these instances, each user “gets what they need” from the technology, but their
patterns of engagement look very different. Although it is essential to take a longitudinal perspective
with engagement and examine use over time, duration of use itself is not a reliable indicator of
engagement. Studies in human-computer interaction have shown that it is difficult to disambiguate
negative, frustrating experiences with technology from positive, absorbing ones based on this
measure, and that a person’s willingness to return is more telling of engagement.4 Thus, we might ask
whether the user is continuing to come back to the app rather than focusing on their session length
and degree of active engagement with different tools. Categorizing users can be helpful for
understanding that peoples’ engagement trajectories with applications vary based on their individual
motivations, goals, and needs, but classifying users can also paint them as quite static rather than
responding to dynamic shifts in managing their mental health.
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Chien et al1recognize this limitation in their observation that time in the platform was not
necessarily indicative of clinical outcomes. User engagement likely operates along a continuum from
shallow to deep, and this continuum will be influenced not only by the nature of the interaction but
also contextual constraints and users’ mental health goals and needs. Behavioral measures do not
necessarily allow us to fully appreciate this continuum or distinguish shallow and game-like from
deep and meaningful engagement.
Clinically, interpreting these seemingly simple results now becomes more complex. One notable
finding from the study is both floor and dose effects for program users. Regardless of engagement
cluster, all patients showed some clinical improvements. Whether a digital placebo effect, regression
to the mean, or other factors,5 these results remind us that a control group is vital to fully understand
the outcome associated with any intervention. The observed dose effect (with high engagers
experiencing more clinical improvement compared with lower engagement users) is suggestive that
actual therapeutic mechanisms are offered by the program. Teasing apart this therapeutic
association from confounding variables (eg, the role of the human supporter) remains a broad
question as the field looks to increase scalability of software. Of course, understanding what an
effective dose of an app is and how it varies by each person remains unknown. In the future, using
static benchmarks to evaluate ongoing engagement with the intervention,6 as well as offering
adaptive content, may offer a path to more effective and engaging digital mental health tools.
Artificial intelligence and machine learning are often proposed methods to advance this next
generation of digital mental health tools. Chien et al’s1 use of machine learning focuses on different
tasks but still serves as a useful example of advantages and challenges. Any machine learning
approach in health care is always of interest, but also deserves careful interrogation around
assumptions and replications. Digital health platforms are not static and continually evolve, and the
pooled analysis of data from 2015-2019 offers advantages in terms of sample size but not the
outcomes of different versions of the software. Offering analysis of 54 604 patients using one
module of the system is impressive but also begs the question of whether replication efforts could
immediately be undertaken on other therapy in the software modules. The prospective predictive
power of these classifications to inform care remains the untested potential; a recent review on
machine learning for suicide prediction offered the sobering statistic that even high classification
accuracy still only resulted in a positive predictive value of under 1%.7
User engagement with digital mental health is the new primary challenge in realizing the full
potential of scalable and accessible care. Thus, it is encouraging to see companies studying their own
products and sharing data to advance the field, regardless of whether this process affects their profit
margins. The next frontiers in this work must, however, look inward and better define and measure
engagement. Only then will new tools, such as machine learning, advance the field outward and truly
promote engaging and effective care.
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