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Abstract

Digital therapeutics (DTx) have become increasingly prominent in mental health care, offering scalable, evidence-based
interventions. A common assumption underlying their design and evaluation is that greater usage time leads to superior
therapeutic outcomes, reflecting an implicit linear dose-response model. However, accumulating evidence challenges this
simplified perspective and suggests that the relationship between usage time and clinical benefit is substantially more complex.
In this viewpoint article, we critically examine the assumption that higher usage time is a necessary prerequisite for thera-
peutic success in digital mental health interventions. Drawing on psychotherapy dose-effect research, findings from digital
intervention trials, and our own empirical work, we highlight several factors that complicate linear exposure models. These
include rapid early response and plateau effects, substantial heterogeneity in user trajectories, motivational and contextual
determinants of use, episodic patterns of engagement, and the distinction between on-platform activity and off-platform skill
application. The linear dose metaphor, implicitly inherited from pharmacotherapy models, appears conceptually mismatched
with learning-based digital interventions. Importantly, equating greater use with greater effectiveness risks conflating exposure
with therapeutic mechanism, and may inadvertently promote evaluation frameworks that prioritize duration over meaningful
change. Together, these insights suggest that usage time is an imperfect proxy for therapeutic engagement, and that high or
continuous use should not be treated as a universal indicator of intervention quality. We argue for a shift toward mechanism-
informed and individualized evaluation frameworks that prioritize the quality, timing, and functional impact of intervention use
over cumulative exposure.
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Is Usage Time Rea”y the Most adoption of smartphones and increased internet accessibil-
\ ) . . ity have facilitated the proliferation of these interventions,

Mear“nngl Indicator of Qua“ty In expanding access to underserved populations.

Dlgltal TherapelJtICS? A prevailing assumption in both research and clinical

practice is that higher usage time of a DTx (ie, greater
exposure) is directly proportional to better therapeutic
outcomes, consistent with a presumed linear dose-response
model [2-7]. This perspective suggests that the more time a
user spends using the intervention, the greater the expected
improvement in symptoms and related outcomes. Conse-
quently, considerable efforts have focused on increasing

Digital therapeutics (DTx) are evidence-based interventions
delivered via digital platforms to prevent, manage, or treat
mental health conditions. In mental health care, DTx are
typically based on cognitive behavioral therapy and offer
scalable, accessible solutions for conditions such as depres-
sion, anxiety, and stress-related disorders [1]. The widespread
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usage time through reminders, gamification strategies, and
incentive structures [5,8].

In this viewpoint article, we argue that such a quantity-
focused view of therapeutic exposure oversimplifies the
mechanisms of change in digital interventions. Building
on interdisciplinary research and our own empirical work,
we critically examine the assumption of a linear dose-
response relationship in psychotherapy provided by DTx. Our
discussion integrates findings from psychotherapy dose-effect
research, digital mental health trials, and trajectory-based
analyses to highlight key conceptual considerations rather
than to offer an exhaustive review.

Our argument is founded on three challenges to the “more
is better” paradigm: (1) the ubiquity of nonlinear change
patterns in digital and nondigital psychological therapy,
(2) the importance of contextual predictors of treatment
engagement, and (3) the primacy of facilitating “offline skill
acquisition” rather than maximizing “time spent online.”
Our aim is to articulate why usage time is an inadequate
proxy for therapeutic engagement and to propose a multidi-
mensional, mechanism-informed framework—distinguishing
exposure from therapeutic effect—to guide how DTx are
designed and evaluated.

Redefining the Dose: Distinguishing
Exposure From Therapeutic Effect

The intuition that “more is better” is not, in itself, a flawed
application of dose-response logic. Dose-response thinking
remains foundational across medicine, and abandoning it
would be neither necessary nor desirable. The problem
is narrower and more specific: in DTx, dose has been
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operationalized almost entirely as usage time, and usage time
is a poor stand-in for the quantity that actually drives change.
The issue is therefore not dose-response reasoning but a dose
that has been defined too narrowly.

This distinction is clarified by the way pharmacology
already separates the dose that is administered from the dose
that ultimately acts. A prescribed dose must be absorbed
(bioavailability), reach a sufficient concentration at its site of
action, and only then produce a response—and each of these
transitions is nonlinear, shaped by thresholds, saturation, and
substantial interindividual variability. Time spent holding a
tablet is not the active dose. By analogy, time spent using an
application is not the therapeutic dose of a digital interven-
tion; it is merely the most readily logged event in a longer
causal chain.

We therefore distinguish 4 sequential stages through
which a digital intervention produces benefit (Figure 1).
Exposure is observable platform activity—log-ins, session
duration, and completion— which is what current engagement
metrics overwhelmingly capture. Engagement is the quality of
interaction with the active therapeutic ingredients rather than
its volume: whether a user works through a cognitive exercise
meaningfully, not merely whether they opened it. Acquisition
is the learning and skill mastery that constitute the mechanism
of change. Enactment is the application of those skills in
everyday life beyond the platform—what has been termed
macroengagement [9]. Therapeutic effect follows from this
final stage. Usage time is a proxy for the first link only,
and an increasingly leaky one: each downstream transition
is nonlinear, and the benefit that matters most often accrues
at the enactment stage, where platform analytics are by
definition blind.

Figure 1. The therapeutic exposure cascade in digital therapeutics. Usage time captures only the first link (exposure); the quality of engagement, skill
acquisition, and real-world enactment determine the therapeutic effect, and each transition is nonlinear.

Exposure Engagement

Platform activity: Quality of use of
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Learning and Skills applied in effect
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What usage time captures

What determines therapeutic effect

Each transition is nonlinear; usage time is a proxy for the first link only

Reframed this way, the phenomena we examine below are
not a loose collection of exceptions to a dose-response rule
but predictable features of a multidimensional one. Early
response reflects rapid traverse of the cascade; plateau and
“good enough” effects reflect saturation at the effect link,
beyond which further exposure adds little; episodic, as-nee-
ded use reflects adaptive redosing rather than disengagement;
and off-platform benefit reflects the cascade completing
where it is hardest to observe. Dose still matters—but its
relevant dimensions are quality, timing, target, and enact-
ment, not cumulative duration.

https://mental jmir.org/2026/1/e98660

This reframing also carries a cautionary edge. When usage
time is treated not as an imperfect proxy but as an optimiza-
tion target—engineered upward through reminders, gamifi-
cation, and incentives, or rewarded directly in evaluation
and reimbursement frameworks—it becomes vulnerable to
a familiar failure: a measure optimized for its own sake
ceases to track the goal it was meant to represent. High use
may reflect unmet need, distress, or even dependence rather
than effective treatment, and rewarding it risks incentivizing
designs that maximize time-on-platform at the expense of
efficient therapeutic benefit. Treating usage time as one weak
signal within a multidimensional cascade, rather than the
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headline indicator of quality, is therefore not only a concep-
tual correction but a safeguard against perverse incentives in
how DTx are designed, evaluated, and valued.

Throughout, we use exposure for observable platform
activity, engagement for the quality of interaction with
active therapeutic ingredients, adherence for use relative
to a prescribed or recommended amount, and usage time
specifically for the cumulative duration of platform activity.
These terms have often been used interchangeably in the
literature—an imprecision that has itself contributed to the
conflation we critique.

Symptom Change Rarely Follows
Linear Patterns

A first and central challenge to the linear dose-response
assumption is that symptom change in psychotherapy—
including psychotherapy provided by DTx—is frequently
nonlinear. Many patients experience substantial gains early
in psychotherapy, followed by stabilization or plateau phases.
Evidence confirms that therapeutic change typically follows
a negatively accelerating pattern, such that symptomatic
improvement is most pronounced during initial sessions and
then diminishes as patients approach a plateau. Indeed, fewer
than 20% of patients tend to exhibit a linear treatment
response, and there is no universal “optimal therapeutic dose”
that suits all patients, given that patients differ in impairment,
comorbidity, treatment responsiveness, and other relevant
characteristics [10].

The nonlinear nature of change is illustrated by ther-
apeutic phenomena such as early gains and subsequent
plateau effects. Gains in psychotherapy often stabilize once
a clinically meaningful threshold has been reached [11].
Beyond this point, additional use tends to yield minimal
added benefit [11-13]. Pushing for continued use beyond this
point may not improve outcomes and can even contribute to
fatigue or disengagement, particularly in digital interventions
that lack personalization [14].

Such temporal dynamics make it clinically reasonable
and efficient for patients and therapists to discontinue or
reduce intervention exposure once sufficient improvement has
been achieved. Psychotherapy research has long documen-
ted these early response patterns, often referred to as rapid
responders [11,15,16]. Meta-analytic evidence suggests that
similar early gains in digital interventions are associated
with sustained long-term benefits [17]. For these patients,
prolonging treatment long beyond adequate early response
would be implausible and inefficient.

Evidence from our randomized controlled trial evaluating
deprexis supports this pattern: many program users exhibi-
ted clinically meaningful reductions in depressive symptoms
within the initial weeks of treatment, irrespective of full
program completion [18-20]. These early improvements were
linked to sustained benefits, even over a 3-year period [21].

These findings align with broader developments in
precision medicine, which emphasize response heterogeneity
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and the tailoring of interventions to individual trajectories.
Psychotherapy research has shown that response patterns
differ systematically and can be predicted for individual
patients. This allows for the identification of “on track”
(ON) versus “not on track” (NOT) cases and corresponding
treatment modification, such as altering the type, intensity, or
frequency of treatment components [10].

The general promise of such responsive treatment
allocation is that therapy can be delivered more effectively
and efficiently when progress with respect to a patient’s
actual versus expected progress is monitored and adjusted
dynamically [10]. Rather than providing a standard dose for
all, then, digital as well as nondigital psychological treatments
ought to be deployed responsively as patients align with or
deviate from their predicted progress paths.

Trajectory analyses of DTx are consistent with this idea
as they have shown that distinct response subgroups can
be identified, including patients who demonstrate rapid and
pronounced early improvement and derive limited additional
benefit from extended usage time. For these individuals,
continued exposure may produce diminishing returns rather
than incremental therapeutic gains [22]. Taken together, these
findings indicate that simply maximizing usage time without
attending to individual progress trajectory is misguided
and may even be counterproductive. The goal of digital
or nondigital therapy is alleviating suffering and restoring
mental health efficiently, after all, rather than pushing patients
to engage with therapy as an end in itself. Such use maximi-
zation efforts could even lead to addiction-like or compul-
sive patterns, as the potential for problematic or compulsive
patterns of software use has been documented in broader
digital health contexts and warrants careful consideration in
intervention design [23-25].

Early Response and the “Good
Enough” Effect

The contrast with pharmacotherapy is instructive but should
not be overdrawn. Contemporary pharmacology does not
assume a simple linear dose-response relationship; pharma-
cometric models routinely incorporate thresholds, saturation
(ceiling) effects, and substantial interindividual variability
in how an administered dose translates into exposure and
ultimately response. What distinguishes learning-based digital
interventions is therefore not the presence of nonlinearity
per se, but the nature of the active ingredient: mechanisms
of change operate through learning, skill acquisition, and
cognitive restructuring—processes that can reach functional
sufficiency well before maximal exposure is achieved and
whose effective “dose” is consequently poorly indexed by
time. The distinction between an administered dose and the
dose that ultimately acts applies here with even greater force.

The “good enough” effect, well established in psychother-
apy research, offers a coherent explanation for such pat-
terns. Individuals often discontinue treatment once sufficient
improvement has been achieved, regardless of the a pri-
ori intended duration [11,26]. Rapid early response and
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subsequent plateau effects create conditions in which
reducing or discontinuing intervention exposure can represent
a rational and adaptive decision. In this context, lower usage
time may reflect successful skill acquisition and recovery
rather than insufficient engagement. Discontinuation does not
necessarily indicate treatment failure but may instead signal
that therapeutic goals have been sufficiently met [27,28].

Evidence from randomized controlled trials evaluating
deprexis supports this interpretation: participants demonstra-
ted clinically meaningful symptom reductions even when they
discontinued usage before completing the full program [19,
29]. Other studies likewise report that greater usage time
does not consistently yield superior therapeutic outcomes [3,
30-39].

Taken together, these findings suggest that therapeutic
benefit does not scale proportionally with usage time. Many
individuals reduce or discontinue use precisely because
meaningful improvement has already occurred. In this sense,
declining use may reflect progress rather than disengagement.
Yardley et al [9] describe a shift from maximal to effec-
tive engagement, emphasizing the amount of use required
to achieve meaningful benefit rather than adherence for its
own sake. This distinction is particularly important in digital
mental health, where intervention use must be balanced
with everyday demands and where excessive or unnecessary
exposure may carry unintended consequences, including the
risk of maladaptive or compulsive use patterns in vulnerable
populations.

Treatment Use Has Individual and
Contextual Determinants

A second relevant challenge to the “more is better” paradigm
concerns the contextual nature of treatment use. That is,
patients differ widely in their life contexts, including not only
their symptomatic characteristics but also personality and
social contexts, including attitudes, needs, and preferences,
life stressors, social support, and other dimensions. Effective
treatments —digital or not—should not ignore these multifac-
eted contextual factors but should instead seek to adapt and
tailor interventions to them. Therefore, merely maximizing
treatment dosage regardless of context is misguided.

Consistent with this idea, evidence indicates that personal-
ized or adaptive interventions—those that tailor content to
individual needs—are associated with improved outcomes
and more efficient use [40-44]. By contrast, standardized
programs that require all users to progress through identi-
cal content, regardless of relevance, risk misalignment with
individual needs. In such cases, increasing usage time or
insisting on full completion does not necessarily enhance
therapeutic benefit; it may instead dilute relevance and reduce
efficiency [14,38,40.42].

These person-level differences are closely intertwined with
motivational processes that shape how much usage time
is appropriate or sustainable. Intrinsic motivation plays a
central role in digital intervention use [5]. When patients
perceive content as meaningful, personally relevant, and
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aligned with their goals, they tend to process the information
more thoroughly and engage more actively with the interven-
tion, often facilitating effectiveness [41,45]. Enhancements
in user experience, such as gamification and interactive
features, can support perceived relevance and intrinsic
motivation without necessarily prolonging usage time [1,
46,47]. Supporting user autonomy and aligning interven-
tion content with personal goals further promotes meaning-
ful engagement and strengthens therapeutic impact [39].
Supporting autonomy and aligning intervention content with
personal goals may therefore strengthen therapeutic impact
more effectively than simply increasing usage time.

Beyond motivation, patients’ capacity for intervention
use is shaped by fluctuating life circumstances, including
everyday demands and environmental stressors [48]. These
contextual factors influence not only the opportunity for
use but also therapeutic responsiveness. Empirical findings
support this view. Data from the EVIDENT trial of deprexis
indicate that life events and stressors significantly influenced
both use patterns and outcomes [18]. For some individuals,
competing responsibilities limit capacity for sustained use;
for others, acute stress may temporarily increase reliance
on the intervention. Such variability further challenges the
assumption that uniform use targets are appropriate across
individuals and contexts [4,39,49].

Moreover, time spent using a digital intervention may
compete with other adaptive or health-promoting activi-
ties, creating opportunity costs that limit the feasibility or
desirability of increased use. In some contexts, encouraging
higher use without considering individual circumstances may
be counterproductive. Expectations that exceed individuals’
situational capacities can elicit reactance or feelings of
inadequacy, thereby reducing rather than enhancing meaning-
ful intervention use [14].

Beyond individual and contextual influences, temporal
patterns of use vary substantially across patients [50]. A
growing body of research indicates that intervention use is
often episodic rather than continuous, with many individuals
returning to a digital therapeutic “as needed” in response to
acute stressors, specific challenges, or periods of heightened
symptom burden [9,51].

Conceptually, many DTx are designed to function in this
flexible manner—providing support when required rather
than requiring sustained, intensive use over extended periods
[52,53]. For such users, episodic and context-driven use may
represent the most appropriate and effective “dose” of the
intervention. This flexible, on-demand pattern sits in tension
with regulatory and reimbursement frameworks that tie value
to rigid engagement thresholds—for example, classifying
users as dropouts after only a few inactive weeks — which risk
penalizing the very usage patterns that DTx are designed to
enable.

These temporal dynamics are reflected in empirically
observed usage profiles. Large-scale analyses show that
DTx routinely attract distinct user subgroups, including
low engagers, late engagers, and users with high initial
use followed by rapid disengagement. Notably, this latter

JMIR Ment Health 2026 | vol. 13 198660 | p. 4
(page number not for citation purposes)


https://mental.jmir.org/2026/1/e98660

JMIR MENTAL HEALTH

group improved more despite lower overall use than groups
with higher use, indicating that the timing of use may
be more consequential than its duration, with early engage-
ment potentially benefiting from heightened motivation or
readiness for change [50]. Conversely, very high levels of use
may in some cases reflect elevated distress or unmet needs
rather than effective therapeutic engagement. Greater usage
time is therefore not inherently indicative of clinical progress.

The Quality and Location of
Engagement

A third fundamental challenge to the “more is better”
paradigm is that online activity (“usage time”) may reflect
interaction with the digital interface but does not necessarily
capture engagement with the underlying behavior change
processes that drive therapeutic improvement [8]. DTx are not
designed merely to increase time spent within an application;
rather, they aim to facilitate meaningful therapeutic learning
and “offline skill acquisition.” Clearly, the goal of treatment
is to empower patients with skills to improve their quality
of life and well-being beyond the digital realm rather than
spending more time online.

This points to a more fundamental distinction: DTx are
delivery systems for therapeutic mechanisms, not therapeu-
tic mechanisms in themselves. The active ingredient is the
cognitive or behavioral change the intervention teaches, not
the software through which it is taught. Just as the effect of
a medication lies in its pharmacological action rather than in
the act of swallowing a tablet, the benefit of a DTx lies in the
skills users acquire and enact, not in the time spent within the
application. Measuring platform activity therefore indexes the
vehicle rather than the mechanism—a mismatch that becomes
most visible precisely when interventions succeed, because
users who have internalized the relevant skills require less,
not more, contact with the software.

Many interventions explicitly focus on teaching skills
that users can apply independently in their everyday lives.
Once such skills have been acquired, continued online use
may become less central to therapeutic progress. In this
context, reductions in usage time can reflect successful skill
acquisition rather than disengagement [9]. Empirical findings
support this interpretation: even brief digital interventions can
yield sustained improvements when they effectively transmit
coping strategies that users subsequently apply independently
in real-world settings [54,55].

From  this  perspective, ‘“macroengagement” —the
enactment of intervention-derived skills in everyday life—
may be a more meaningful indicator of therapeutic suc-
cess than the quantity of tracked platform interactions [9].
Many DTx explicitly support this off-platform orientation
by providing worksheets, audio exercises, summaries, or
prompts designed to encourage autonomous skill use beyond
the application environment. Such design features deliber-
ately decouple therapeutic benefit from platform activity,
implying that variable or declining on-platform use does not
inherently signal diminishing effectiveness.
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Human support can operate within this broader frame-
work by enhancing the quality and timing of therapeu-
tic engagement rather than simply increasing its duration.
Brief guidance—such as structured check-ins or motivation-
focused feedback—has improved outcomes in several digital
interventions [29,56], although effects are not uniform across
studies [57]. Importantly, such support appears to strengthen
meaningful or strategically timed use rather than merely
prolonging exposure.

Taken together, effective engagement often unfolds
in ways that platform analytics cannot capture. Substan-
tial progress may occur when users apply acquired
skills independently or reengage at personally meaningful
moments. Accordingly, lower or fluctuating usage time does
not necessarily indicate reduced effectiveness but may instead
reflect adaptive integration of therapeutic learning.

Implications for the Future of DTx

This viewpoint has advanced one linked argument across
3 challenges: therapeutic change in DTx is nonlinear, is
contextually determined, and is frequently realized off-plat-
form, so that usage time captures only the first and weak-
est link in the chain from exposure to therapeutic effect.
We challenge the persistent assumption that more intensive
use necessarily produces superior outcomes or should be
a primary goal in DTx for mental health. Across diverse
lines of evidence, a consistent pattern emerges: therapeutic
change in digital interventions is nonlinear, heterogeneous,
and context dependent. Accordingly, high usage time should
not be regarded as a prerequisite for success nor as a reliable
marker of intervention quality or an intrinsically valuable
process goal.

The empirical and conceptual considerations outlined
in this article indicate that reductions in use often
reflect adaptive processes rather than failure. Early respond-
ers, individuals who reach a personally sufficient level
of improvement, and users who internalize skills and
shift toward off-platform application all demonstrate that
therapeutic benefit does not necessarily require prolonged
or complete program exposure. Plateau effects, contextual
constraints, and episodic usage patterns further challenge
the implicit benchmark that full intervention completion
represents optimal care.

A central implication is that quality of engagement matters
more than quantity. Personalized and adaptive systems are
therefore better positioned to deliver clinically meaning-
ful benefits than rigid structures built on uniform dosage
assumptions. Undifferentiated efforts to increase usage time
may misallocate resources, increase user burden, and divert
attention from the mechanisms through which change actually
occurs.

For research and evaluation, these findings call for a
shift toward multidimensional, mechanism-sensitive metrics
that extend beyond on-platform activity. Measures focused
solely on log-ins, completion rates, or aggregate usage
time risk conflating exposure with therapeutic process and
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obscuring meaningful heterogeneity in patient trajectories.
Future research should identify which subgroups benefit
from sustained use, for whom early or intermittent con-
tact is sufficient, and how digital interventions can dynam-
ically adapt to these differing needs. Digital phenotyping
and machine learning approaches hold promise for identi-
fying such subgroups and informing treatment allocation
and modification procedures in clinical practice [10]. In
psychotherapy research, adaptive feedback systems are being
developed, which alert clinicians and patients when progress
deviates from expected paths. For example, problems with the
alliance, motivational issues, emerging life events, or other
critical factors that require treatment adaptations are flagged,
opening opportunities for dynamic intervention adjustments
to optimize outcomes [10]. Digital treatments are ideally
suited to follow this logic, given that progress indicators are
logged continuously, and continuously updated algorithms
can be used to tailor interventions to dynamically chang-
ing patient needs. Psychological treatments—digital or not—
ought to be responsive to such evolving patient needs and be
delivered in a form, intensity, and frequency that matches
individual patient requirements rather than at a fixed or
universal maximum dosage.

These commitments can be made concrete. If usage time is
a weak proxy for only one link in the cascade, the construc-
tive task is to specify what a more complete measurement
model would capture. We do not propose a single replace-
ment metric; the heterogeneity described above makes that
neither realistic nor desirable. Instead, evaluation should
move from a 1D volume measure toward a small set of
complementary indicators aligned with the stages through
which interventions actually work.

At the level of engagement quality, instrumentation can
distinguish active from passive use —for example, completion
of core therapeutic tasks such as a thought record or an
exposure exercise, rather than module opens or screen time
alone, together with the depth and consistency of interaction
with specific active ingredients [8,9]. At the level of skill
acquisition, brief in-application assessments of comprehen-
sion, competence, or mastery can index whether the mech-
anism of change is being engaged, not merely whether
content was delivered. At the level of enactment—arguably
the most consequential and least measured stage—ecological
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momentary assessment, skill use logs, and passive behavioral
sensing (digital phenotyping) can capture whether learning is
applied in daily life, where platform analytics are blind [10,
58-60].

Outcomes themselves should be framed in trajectory terms
rather than as end point snapshots. Methods for modeling a
patient’s expected treatment response and classifying cases
as on track or not on track are well developed in psychother-
apy research and transfer naturally to DTx, where progress
indicators are logged continuously [10,22]. Such models
permit early identification of rapid responders, plateaued
users, and patients deviating from expected paths—each of
which implies a different, and sometimes lower, optimal level
of further exposure. Functional outcomes and quality of life,
not symptom scores alone, should anchor these trajectories.

Together, these indicators enable responsive, adaptive
dosing rather than uniform exposure targets. Continuously
logged progress can drive just-in-time adaptive interven-
tions and measurement-based feedback that adjust the type,
intensity, and timing of content to a patient’s evolving needs
[10,52,53]. Digital phenotyping and machine learning are
well suited to this task, but their value depends on first
defining the targets they are meant to predict.

This identifies the field’s central open problem: progress
toward “good” outcomes cannot be measured without first
defining them. We therefore see the most valuable next
step as the development of empirically grounded outcome
and trajectory typologies through triangulation of data-driven
(eg, machine learning—derived response subgroups), theory-
driven (mechanism-based), and clinically grounded (prag-
matic and patient-centered) approaches. Convergence across
these perspectives would yield reference trajectories against
which meaningful engagement—rather than mere exposure —
could be defined and benchmarked.

In conclusion, the field must move beyond the reflexive
assumption that “more is better.” Effective DTx are not
defined by maximal exposure but by the timely delivery and
successful integration of therapeutic skills. Recognizing when
additional use is beneficial —and when it is unnecessary —
will support the development of interventions that are both
clinically effective and aligned with the realities of human
behavior.

Acknowledgments

The authors would like to thank all collaborators who contributed to the studies cited.

Funding

This work was supported by GAIA, which paid the article processing fee and supported the authors’ preparation of the
manuscript. BM and LTB are employees of GAIA, and MW is its Chief Executive Officer.

Conflicts of Interest

The authors (except WL) declare that they are employees of GAIA AG, which develops digital therapeutics, including the
programs discussed in this manuscript. WL declares no conflict of interest.

https://mental jmir.org/2026/1/e98660

JMIR Ment Health 2026 | vol. 13 1e98660 | p. 6
(page number not for citation purposes)


https://mental.jmir.org/2026/1/e98660

JMIR MENTAL HEALTH Meyer et al

References

1.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

Bakker D, Kazantzis N, Rickwood D, Rickard N. A randomized controlled trial of three smartphone apps for enhancing
public mental health. Behav Res Ther. Oct 2018;109:75-83. [doi: 10.1016/j.brat.2018.08.003] [Medline: 30125790]
Cipriani A, Ward T, Lambe S, et al. Beyond counting clicks: rethinking engagement in digital mental health. Br J
Psychiatry. Nov 24, 2025:1-3. [doi: 10.1192/bjp.2025.10485] [Medline: 41277279]

Donkin L, Christensen H, Naismith SL, Neal B, Hickie IB, Glozier N. A systematic review of the impact of adherence
on the effectiveness of e-therapies. J Med Internet Res. Aug 5,2011;13(3):e52. [doi: 10.2196/jmir.1772] [Medline:
21821503]

Molloy A, Anderson PL. Engagement with mobile health interventions for depression: a systematic review. Internet
Interv. Sep 2021;26:100454. [doi: 10.1016/j.invent.2021.100454] [Medline: 34621626]

Perski O, Blandford A, West R, Michie S. Conceptualising engagement with digital behaviour change interventions: a
systematic review using principles from critical interpretive synthesis. Transl Behav Med. Jun 2017;7(2):254-267. [doi:
10.1007/s13142-016-0453-1] [Medline: 27966189]

Sieverink F, Kelders SM, van Gemert-Pijnen JE. Clarifying the concept of adherence to eHealth technology: systematic
review on when usage becomes adherence. J] Med Internet Res. Dec 6,2017;19(12):e402. [doi: 10.2196/jmir.8578]
[Medline: 29212630]

Smith KA, Ward T, Lambe S, et al. Engagement and attrition in digital mental health: current challenges and potential
solutions. NPJ Digit Med. Jul 2, 2025;8(1):398. [doi: 10.1038/s41746-025-01778-w] [Medline: 40604240]

Short CE, DeSmet A, Woods C, et al. Measuring engagement in eHealth and mHealth behavior change interventions:
viewpoint of methodologies. J Med Internet Res. Nov 16, 2018;20(11):¢292. [doi: 10.2196/jmir.9397] [Medline:
30446482]

Yardley L, Spring BJ, Riper H, et al. Understanding and promoting effective engagement with digital behavior change
interventions. Am J Prev Med. Nov 2016;51(5):833-842. [doi: 10.1016/j.amepre.2016.06.015] [Medline: 27745683]
Lutz W, de Jong K, Rubel JA, Delgadillo J. Measuring, predicting, and tracking change in psychotherapy. In: Barkham
M, Lutz W, Castonguay LG, editors. Bergin and Garfield’s Handbook of Psychotherapy and Behavior Change. 7th ed.
John Wiley & Sons; 2021:89-133.

Robinson L, Delgadillo J, Kellett S. The dose-response effect in routinely delivered psychological therapies: a systematic
review. Psychother Res. Jan 2020;30(1):79-96. [doi: 10.1080/10503307.2019.1566676] [Medline: 30661486]

Howard KI, Kopta SM, Krause MS, Orlinsky DE. The dose-effect relationship in psychotherapy. Am Psychol. Feb
1986;41(2):159-164. [Medline: 3516036]

Owen J, Adelson J, Budge S, et al. Trajectories of change in psychotherapy. J Clin Psychol. Sep 2015;71(9):817-827.
[doi: 10.1002/jclp.22191] [Medline: 26235730]

Rozental A, Boettcher J, Andersson G, Schmidt B, Carlbring P. Negative effects of internet interventions: a qualitative
content analysis of patients’ experiences with treatments delivered online. Cogn Behav Ther. 2015;44(3):223-236. [doi:
10.1080/16506073.2015.1008033] [Medline: 25705924]

Baldwin SA, Berkeljon A, Atkins DC, Olsen JA, Nielsen SL. Rates of change in naturalistic psychotherapy: contrasting
dose-effect and good-enough level models of change. J Consult Clin Psychol. Apr 2009;77(2):203-211. [doi: 10.1037/
a0015235] [Medline: 19309180]

Stulz N, Lutz W, Leach C, Lucock M, Barkham M. Shapes of early change in psychotherapy under routine outpatient
conditions. J Consult Clin Psychol. Dec 2007;75(6):864-874. [doi: 10.1037/0022-006X.75.6.864] [Medline: 18085904]
Karyotaki E, Efthimiou O, Miguel C, et al. Internet-based cognitive behavioral therapy for depression: a systematic
review and individual patient data network meta-analysis. JAMA Psychiatry. Apr 1,2021;78(4):361-371. [doi: 10.1001/
Jamapsychiatry.2020.4364] [Medline: 33471111]

Klein JP, Berger T, Schroder J, et al. Effects of a psychological internet intervention in the treatment of mild to moderate
depressive symptoms: results of the EVIDENT study, a randomized controlled trial. Psychother Psychosom.
2016;85(4):218-228. [doi: 10.1159/000445355] [Medline: 27230863]

Meyer B, Berger T, Caspar F, Beevers CG, Andersson G, Weiss M. Effectiveness of a novel integrative online treatment
for depression (deprexis): randomized controlled trial. ] Med Internet Res. May 11, 2009;11(2):e15. [doi: 10.2196/jmir.
1151] [Medline: 19632969]

Meyer B, Bierbrodt J, Schroder J, et al. Effects of an internet intervention (deprexis) on severe depression symptoms:
randomized controlled trial. Internet Interv. Mar 2015;2(1):48-59. [doi: 10.1016/j.invent.2014.12.003]

Edelbluth S, Klein JP, Schwartz B, et al. The long shadow of early-change patterns: a 3-year follow-up after the use of a
web-based intervention for mild to moderate depressive symptoms. Cogn Behav Ther. Nov 2024;53(6):681-700. [doi:
10.1080/16506073.2024.2368520] [Medline: 38912859]

https://mental jmir.org/2026/1/¢98660 JMIR Ment Health 2026 | vol. 13 198660 | p. 7

(page number not for citation purposes)


https://doi.org/10.1016/j.brat.2018.08.003
http://www.ncbi.nlm.nih.gov/pubmed/30125790
https://doi.org/10.1192/bjp.2025.10485
http://www.ncbi.nlm.nih.gov/pubmed/41277279
https://doi.org/10.2196/jmir.1772
http://www.ncbi.nlm.nih.gov/pubmed/21821503
https://doi.org/10.1016/j.invent.2021.100454
http://www.ncbi.nlm.nih.gov/pubmed/34621626
https://doi.org/10.1007/s13142-016-0453-1
http://www.ncbi.nlm.nih.gov/pubmed/27966189
https://doi.org/10.2196/jmir.8578
http://www.ncbi.nlm.nih.gov/pubmed/29212630
https://doi.org/10.1038/s41746-025-01778-w
http://www.ncbi.nlm.nih.gov/pubmed/40604240
https://doi.org/10.2196/jmir.9397
http://www.ncbi.nlm.nih.gov/pubmed/30446482
https://doi.org/10.1016/j.amepre.2016.06.015
http://www.ncbi.nlm.nih.gov/pubmed/27745683
https://doi.org/10.1080/10503307.2019.1566676
http://www.ncbi.nlm.nih.gov/pubmed/30661486
http://www.ncbi.nlm.nih.gov/pubmed/3516036
https://doi.org/10.1002/jclp.22191
http://www.ncbi.nlm.nih.gov/pubmed/26235730
https://doi.org/10.1080/16506073.2015.1008033
http://www.ncbi.nlm.nih.gov/pubmed/25705924
https://doi.org/10.1037/a0015235
https://doi.org/10.1037/a0015235
http://www.ncbi.nlm.nih.gov/pubmed/19309180
https://doi.org/10.1037/0022-006X.75.6.864
http://www.ncbi.nlm.nih.gov/pubmed/18085904
https://doi.org/10.1001/jamapsychiatry.2020.4364
https://doi.org/10.1001/jamapsychiatry.2020.4364
http://www.ncbi.nlm.nih.gov/pubmed/33471111
https://doi.org/10.1159/000445355
http://www.ncbi.nlm.nih.gov/pubmed/27230863
https://doi.org/10.2196/jmir.1151
https://doi.org/10.2196/jmir.1151
http://www.ncbi.nlm.nih.gov/pubmed/19632969
https://doi.org/10.1016/j.invent.2014.12.003
https://doi.org/10.1080/16506073.2024.2368520
http://www.ncbi.nlm.nih.gov/pubmed/38912859
https://mental.jmir.org/2026/1/e98660

JMIR MENTAL HEALTH Meyer et al

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

Lutz W, Arndt A, Rubel J, et al. Defining and predicting patterns of early response in a web-based intervention for
depression. J Med Internet Res. Jun 9,2017;19(6):€206. [doi: 10.2196/jmir.7367] [Medline: 28600278]

Babu A, Joseph AP. Digital wellness or digital dependency? A critical examination of mental health apps and their
implications. Front Psychiatry. 2025;16:1581779. [doi: 10.3389/fpsyt.2025.1581779] [Medline: 40248604]

Hyzy M, Bond R, Mulvenna M, et al. Don’t judge a book or health app by its cover: user ratings and downloads are not
linked to quality. PLoS One. 2024;19(3):0298977. [doi: 10.1371/journal.pone.0298977] [Medline: 38437233]

Khazaal Y, Chatton A, Rochat L, et al. Compulsive health-related internet use and cyberchondria. Eur Addict Res.
2021;27(1):58-66. [doi: 10.1159/000510922] [Medline: 33120393]

Barkham M, Connell J, Stiles WB, et al. Dose-effect relations and responsive regulation of treatment duration: the good
enough level. J Consult Clin Psychol. Feb 2006;74(1):160-167. [doi: 10.1037/0022-006X.74.1.160] [Medline:
16551153]

O’Brien HL, Toms EG. What is user engagement? A conceptual framework for defining user engagement with
technology. J Am Soc Inf Sci Technol. Apr 2008;59(6):938-955. [doi: 10.1002/asi.20801]

Skea ZC, Newlands R, Gillies K. Exploring non-retention in clinical trials: a meta-ethnographic synthesis of studies
reporting participant reasons for drop out. BMJ Open. Jun 3,2019;9(6):¢021959. [doi: 10.1136/bmjopen-2018-021959]
[Medline: 31164359]

Twomey C, O’Reilly G, Biiltmann O, Meyer B. Effectiveness of a tailored, integrative internet intervention (deprexis)
for depression: updated meta-analysis. PLoS One. 2020;15(1):€0228100. [doi: 10.1371/journal.pone.0228100] [Medline:
31999743]

Berger T, Urech A, Krieger T, et al. Effects of a transdiagnostic unguided internet intervention ('velibra’) for anxiety
disorders in primary care: results of a randomized controlled trial. Psychol Med. Jan 2017;47(1):67-80. [doi: 10.1017/
S0033291716002270] [Medline: 27655039]

Vela de la Garza EviaAF, Eberle JW, Baee S, et al. Behavioral engagement patterns and psychosocial outcomes in web-
based interpretation bias training for anxiety. PLOS Digit Health. Jul 2025;4(7):e0000945. [doi: 10.1371/journal.pdig.
0000945] [Medline: 40705826]

Fialho C, Yiend J, Hampshire C, Taher R, Shergill S, Stahl D. Dose-response relationship in digital psychological
therapies for people with psychosis: a systematic review, meta-analysis, and meta-regression. Front Psychiatry.
2025;16:1621009. [doi: 10.3389/fpsyt.2025.1621009] [Medline: 41080782]

Fuhr K, Schroder J, Berger T, et al. The association between adherence and outcome in an internet intervention for
depression. J Affect Disord. Mar 15, 2018;229:443-449. [doi: 10.1016/j.jad.2017.12.028] [Medline: 29331706]
Hilvert-Bruce Z, Rossouw PJ, Wong N, Sunderland M, Andrews G. Adherence as a determinant of effectiveness of
internet cognitive behavioural therapy for anxiety and depressive disorders. Behav Res Ther. Aug 2012;50(7-8):463-468.
[doi: 10.1016/j.brat.2012.04.001] [Medline: 22659155]

Holtdirk F, Mehnert A, Weiss M, et al. Results of the Optimune trial: a randomized controlled trial evaluating a novel
internet intervention for breast cancer survivors. PLoS One. 2021;16(5):0251276. [doi: 10.1371/journal.pone.0251276]
[Medline: 33961667]

Lawler K, Earley C, Timulak L, Enrique A, Richards D. Dropout from an internet-delivered cognitive behavioral therapy
intervention for adults with depression and anxiety: qualitative study. JMIR Form Res. Nov 12,2021;5(11):e26221. [doi:
10.2196/26221] [Medline: 34766909]

Nordholt PU, Christalle E, Zill JM, Dirmaier J. Engagement with a web-based intervention to reduce harmful drinking:
secondary analysis of a randomized controlled trial. J Med Internet Res. Nov 20, 2020;22(11):e18826. [doi: 10.2196/
18826] [Medline: 33216008]

O’Bree B, Walton CC, Bendall S, et al. Perceived helpfulness of a moderated online social therapy network for young
people experiencing social anxiety. Int J Environ Res Public Health. Mar 10, 2021;18(6):2796. [doi: 10.3390/
ijerph18062796] [Medline: 33801893]

39. Zhang R, Nicholas J, Knapp AA, et al. Clinically meaningful use of mental health apps and its effects on depression:
mixed methods study. J Med Internet Res. Dec 20, 2019;21(12):e15644. [doi: 10.2196/15644] [Medline: 31859682]

40. Beatty L, Binnion C. A systematic review of predictors of, and reasons for, adherence to online psychological
interventions. Int J Behav Med. Dec 2016;23(6):776-794. [doi: 10.1007/s12529-016-9556-9] [Medline: 26957109]

41. Kirebs P, Prochaska JO, Rossi JS. A meta-analysis of computer-tailored interventions for health behavior change. Prev
Med. 2010;51(3-4):214-221. [doi: 10.1016/].ypmed.2010.06.004] [Medline: 20558196]

42. Lustria ML, Noar SM, Cortese J, Van Stee SK, Glueckauf RL, Lee J. A meta-analysis of web-delivered tailored health
behavior change interventions. J Health Commun. 2013;18(9):1039-1069. [doi: 10.1080/10810730.2013.768727]
[Medline: 23750972]

https://mental jmir.org/2026/1/e98660 JMIR Ment Health 2026 | vol. 13 1 €98660 | p. 8

(page number not for citation purposes)


https://doi.org/10.2196/jmir.7367
http://www.ncbi.nlm.nih.gov/pubmed/28600278
https://doi.org/10.3389/fpsyt.2025.1581779
http://www.ncbi.nlm.nih.gov/pubmed/40248604
https://doi.org/10.1371/journal.pone.0298977
http://www.ncbi.nlm.nih.gov/pubmed/38437233
https://doi.org/10.1159/000510922
http://www.ncbi.nlm.nih.gov/pubmed/33120393
https://doi.org/10.1037/0022-006X.74.1.160
http://www.ncbi.nlm.nih.gov/pubmed/16551153
https://doi.org/10.1002/asi.20801
https://doi.org/10.1136/bmjopen-2018-021959
http://www.ncbi.nlm.nih.gov/pubmed/31164359
https://doi.org/10.1371/journal.pone.0228100
http://www.ncbi.nlm.nih.gov/pubmed/31999743
https://doi.org/10.1017/S0033291716002270
https://doi.org/10.1017/S0033291716002270
http://www.ncbi.nlm.nih.gov/pubmed/27655039
https://doi.org/10.1371/journal.pdig.0000945
https://doi.org/10.1371/journal.pdig.0000945
http://www.ncbi.nlm.nih.gov/pubmed/40705826
https://doi.org/10.3389/fpsyt.2025.1621009
http://www.ncbi.nlm.nih.gov/pubmed/41080782
https://doi.org/10.1016/j.jad.2017.12.028
http://www.ncbi.nlm.nih.gov/pubmed/29331706
https://doi.org/10.1016/j.brat.2012.04.001
http://www.ncbi.nlm.nih.gov/pubmed/22659155
https://doi.org/10.1371/journal.pone.0251276
http://www.ncbi.nlm.nih.gov/pubmed/33961667
https://doi.org/10.2196/26221
http://www.ncbi.nlm.nih.gov/pubmed/34766909
https://doi.org/10.2196/18826
https://doi.org/10.2196/18826
http://www.ncbi.nlm.nih.gov/pubmed/33216008
https://doi.org/10.3390/ijerph18062796
https://doi.org/10.3390/ijerph18062796
http://www.ncbi.nlm.nih.gov/pubmed/33801893
https://doi.org/10.2196/15644
http://www.ncbi.nlm.nih.gov/pubmed/31859682
https://doi.org/10.1007/s12529-016-9556-9
http://www.ncbi.nlm.nih.gov/pubmed/26957109
https://doi.org/10.1016/j.ypmed.2010.06.004
http://www.ncbi.nlm.nih.gov/pubmed/20558196
https://doi.org/10.1080/10810730.2013.768727
http://www.ncbi.nlm.nih.gov/pubmed/23750972
https://mental.jmir.org/2026/1/e98660

JMIR MENTAL HEALTH Meyer et al

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

Schueller SM, Tomasino KN, Mohr DC. Integrating human support into behavioral intervention technologies: the
Efficiency Model of Support. Clin Psychol Sci Pract. Mar 2017;24(1):27-45. [doi: 10.1037/h0101740]

Zhang MW, Ho RC. Moodle: the cost effective solution for internet cognitive behavioral therapy (I-CBT) interventions.
Technol Health Care. 2017;25(1):163-165. [doi: 10.3233/THC-161261] [Medline: 27689560]

Kreuter MW, Wray RJ. Tailored and targeted health communication: strategies for enhancing information relevance. Am
J Health Behav. 2003;27 Suppl 3(Suppl 3):5227-S232. [doi: 10.5993/ajhb.27.1.53.6] [Medline: 14672383]

Ryan RM, Deci EL. Self-determination theory and the role of basic psychological needs in personality and the
organization of behavior. In: John OP, Robins RW, Pervin LA, editors. Handbook of Personality: Theory and Research.
3rd ed. Guilford Press; 2008:654-678.

Zhao Y, Ni Q, Zhou R. What factors influence the mobile health service adoption? A meta-analysis and the moderating
role of age. Int J Inf Manag. Dec 2018;43:342-350. [doi: 10.1016/].ijinfomgt.2017.08.006]

Mohr DC, Cuijpers P, Lehman K. Supportive accountability: a model for providing human support to enhance adherence
to eHealth interventions. J] Med Internet Res. Mar 10, 2011;13(1):e30. [doi: 10.2196/jmir.1602] [Medline: 21393123]
Morton E, Hole R, O’Brien H, Li L, Barnes SJ, Michalak EE. What influences engagement with a bipolar disorder self-
management app? A qualitative investigation of use of the PolarUs app. PLOS Digit Health. Oct 2025;4(10):e0001017.
[doi: 10.1371/journal.pdig.0001017] [Medline: 41071762]

Chien I, Enrique A, Palacios J, et al. A machine learning approach to understanding patterns of engagement with
internet-delivered mental health interventions. JAMA Netw Open. Jul 1,2020;3(7):¢2010791. [doi: 10.1001/
jamanetworkopen.2020.10791] [Medline: 32678450]

Wang K, Varma DS, Prosperi M. A systematic review of the effectiveness of mobile apps for monitoring and
management of mental health symptoms or disorders. J Psychiatr Res. Dec 2018;107:73-78. [doi: 10.1016/j.jpsychires.
2018.10.006] [Medline: 30347316]

Klasnja P, Hekler EB, Shiffman S, et al. Microrandomized trials: an experimental design for developing just-in-time
adaptive interventions. Health Psychol. Dec 2015;34S:1220-1228. [doi: 10.1037/hea0000305] [Medline: 26651463]
Kumar S, Nilsen WJ, Abernethy A, et al. Mobile health technology evaluation: the mHealth evidence workshop. Am J
Prev Med. Aug 2013;45(2):228-236. [doi: 10.1016/j.amepre.2013.03.017] [Medline: 23867031]

Bakker D, Kazantzis N, Rickwood D, Rickard N. Mental health smartphone apps: review and evidence-based
recommendations for future developments. JMIR Ment Health. Mar 1, 2016;3(1):e7. [doi: 10.2196/mental.4984]
[Medline: 26932350]

Hatoum AH, Coutts-Bain D, Hunnisett N, Baffsky R, O’Dea B, Torok M. Digital single-session interventions for
depression and self-injurious thoughts and behaviours in young people: a systematic review and meta-analysis.
EClinicalMedicine. 2025;90:103601. [doi: 10.1016/].eclinm.2025.103601] [Medline: 41245545]

Baumeister H, Reichler L, Munzinger M, Lin J. The impact of guidance on internet-based mental health interventions —
a systematic review. Internet Interv. Oct 2014;1(4):205-215. [doi: 10.1016/j.invent.2014.08.003]

Gold SM, Friede T, Meyer B, et al. Internet-delivered cognitive behavioural therapy programme to reduce depressive
symptoms in patients with multiple sclerosis: a multicentre, randomised, controlled, phase 3 trial. Lancet Digit Health.
Oct 2023;5(10):e668-e678. [doi: 10.1016/S2589-7500(23)00109-7] [Medline: 37775187]

Insel TR. Digital phenotyping: technology for a new science of behavior. JAMA. Oct 3,2017;318(13):1215-1216. [doi:
10.1001/jama.2017.11295] [Medline: 28973224]

Bufano P, Laurino M, Said S, Tognetti A, Menicucci D. Digital phenotyping for monitoring mental disorders: systematic
review. ] Med Internet Res. Dec 13, 2023;25:e46778. [doi: 10.2196/46778] [Medline: 38090800]

Mink F, Lutz W, Hehlmann MI. Ecological momentary assessment in psychotherapy research: a systematic review. Clin
Psychol Rev. Apr 2025;117:102565. [doi: 10.1016/j.cpr.2025.102565] [Medline: 40068346]

Abbreviations

DTx: digital therapeutics

Edited by John Torous; peer-reviewed by Eric Hekler, Peter Watson, Shaheen E Lakhan; submitted 17.Apr.2026; final
revised version received 17 Jun.2026; accepted 11.Jul.2026; published 14.Aug.2026

Please cite as:

Meyer B, Betz LT, Weiss M, Lutz W

Beyond Usage Time: Rethinking Therapeutic Dose and Effect in Digital Therapeutics
JMIR Ment Health 2026,13:¢98660

URL: https://mental jmir.org/2026/1/e98660

https://mental.jmir.org/2026/1/¢98660 JMIR Ment Health 2026 | vol. 13 198660 | p. 9

(page number not for citation purposes)


https://doi.org/10.1037/h0101740
https://doi.org/10.3233/THC-161261
http://www.ncbi.nlm.nih.gov/pubmed/27689560
https://doi.org/10.5993/ajhb.27.1.s3.6
http://www.ncbi.nlm.nih.gov/pubmed/14672383
https://doi.org/10.1016/j.ijinfomgt.2017.08.006
https://doi.org/10.2196/jmir.1602
http://www.ncbi.nlm.nih.gov/pubmed/21393123
https://doi.org/10.1371/journal.pdig.0001017
http://www.ncbi.nlm.nih.gov/pubmed/41071762
https://doi.org/10.1001/jamanetworkopen.2020.10791
https://doi.org/10.1001/jamanetworkopen.2020.10791
http://www.ncbi.nlm.nih.gov/pubmed/32678450
https://doi.org/10.1016/j.jpsychires.2018.10.006
https://doi.org/10.1016/j.jpsychires.2018.10.006
http://www.ncbi.nlm.nih.gov/pubmed/30347316
https://doi.org/10.1037/hea0000305
http://www.ncbi.nlm.nih.gov/pubmed/26651463
https://doi.org/10.1016/j.amepre.2013.03.017
http://www.ncbi.nlm.nih.gov/pubmed/23867031
https://doi.org/10.2196/mental.4984
http://www.ncbi.nlm.nih.gov/pubmed/26932350
https://doi.org/10.1016/j.eclinm.2025.103601
http://www.ncbi.nlm.nih.gov/pubmed/41245545
https://doi.org/10.1016/j.invent.2014.08.003
https://doi.org/10.1016/S2589-7500(23)00109-7
http://www.ncbi.nlm.nih.gov/pubmed/37775187
https://doi.org/10.1001/jama.2017.11295
http://www.ncbi.nlm.nih.gov/pubmed/28973224
https://doi.org/10.2196/46778
http://www.ncbi.nlm.nih.gov/pubmed/38090800
https://doi.org/10.1016/j.cpr.2025.102565
http://www.ncbi.nlm.nih.gov/pubmed/40068346
https://mental.jmir.org/2026/1/e98660
https://mental.jmir.org/2026/1/e98660

JMIR MENTAL HEALTH Meyer et al

’ doi: 10.2196/98660 ‘

© Bjorn Meyer, Linda T Betz, Mario Weiss, Wolfgang Lutz. Originally published in JMIR Mental Health (https://men-
tal jmir.org), 14.Aug.2026. This is an open-access article distributed under the terms of the Creative Commons Attribution
License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any
medium, provided the original work, first published in JMIR Mental Health, is properly cited. The complete bibliographic
information, a link to the original publication on https://mental.jmir.org/, as well as this copyright and license information must
be included.

https://mental jmir.org/2026/1/98660 JMIR Ment Health 2026 | vol. 13 198660 | p. 10
(page number not for citation purposes)


https://doi.org/10.2196/98660
https://mental.jmir.org
https://mental.jmir.org
https://creativecommons.org/licenses/by/4.0/
https://mental.jmir.org/
https://mental.jmir.org/2026/1/e98660

	Beyond Usage Time: Rethinking Therapeutic Dose and Effect in Digital Therapeutics
	Is Usage Time Really the Most Meaningful Indicator of Quality in Digital Therapeutics?
	Redefining the Dose: Distinguishing Exposure From Therapeutic Effect
	Symptom Change Rarely Follows Linear Patterns
	Early Response and the “Good Enough” Effect
	Treatment Use Has Individual and Contextual Determinants
	The Quality and Location of Engagement
	Implications for the Future of DTx


