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Summary

A common view holds that clients will not provide data between psychotherapy sessions. This

narrative review of peer-reviewed sources from 2020 onward finds that the view comes largely

from self-guided apps. In clinical care, clients provide repeated data, and feeding it back to

clinicians is associated with small average benefits and larger ones for clients who are not on

track. The bottleneck is use: turning that data into something a therapist can interpret, trace to its

source and act on. The paper proposes seven design principles, offered as hypotheses, and states

the limits of the evidence.

Key findings
01 Clients in clinical care provide repeated data. In a randomized trial of adults with major depressive

disorder, participants completed a median of 9 of 12 weekly questionnaires, and wearable data met

the study’s threshold on a mean of 74 of 84 days.

02 How measurement is built into care, and whether a person supports it, shapes completion. In one

outpatient program, PHQ-9 completion rose from 5% to 66% of visits in the first rollout phase and to

60% in the second. Human guidance raised completion in a meta-analysis of 22 studies (g = 0.29).
; 

03 Feeding data back to clinicians is associated with small average benefits (d = 0.14 to 0.15) and larger

ones for clients who are not on track (d = 0.29 in one meta-analysis).
; 

04 Clinicians value measurement but use it inconsistently. In a Canadian survey, 83.3% of 108 clinicians

agreed that measurement-based care is important for clinical judgement, yet 39.8% used it routinely.

One large implementation study warns that gathering data without integrating it into care “may even

be harmful.”
; 

05 Seven design principles follow, offered as hypotheses and not as findings: clinician control,

interpretable summaries, traceability to the source, association and not causation, minimal client

burden, privacy and client choice, and measuring usefulness. The evidence base is heterogeneous,

partly observational and partly industry-authored.
; 

White et al., 2024

Steidtmann et al., 2025 Musiat et al., 2022

Rognstad et al., 2023 de Jong et al., 2021
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Joyce et al., 2023 Barkham et al., 2023
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Abstract

A common view holds that clients will not provide data between psychotherapy sessions, a view

drawn largely from self-guided apps. We argue that this view transfers poorly to clinical care and

that the more consequential bottleneck lies downstream: turning longitudinal client data into

information that therapists can interpret and act on. In this narrative review of peer-reviewed

sources from 2020 onward, we first summarize evidence that clients do provide repeated self-

report and passive data when measurement is embedded in care or supported by people,

including a randomized trial in which participants completed a median of 9 of 12 weekly

questionnaires, an outpatient program in which questionnaire completion rose from 5% to 60% or

66% of visits across two rollout phases, and a meta-analysis showing that human guidance

increases completion. Second, we review meta-analytic and pragmatic evidence that feeding

these data back to clinicians is associated with small overall benefits and larger benefits for clients

who are not on track. Third, we describe the usability gap: clinicians value measurement but use it

inconsistently, cite efficiency and ease of use as barriers, and carry a heavy documentation

burden; one large implementation study warns that collecting data without integrating it into care

“may even be harmful.” We then propose seven design principles for making longitudinal data

clinically useful, including clinician control, interpretable summaries, traceability of every insight to

its source, and the explicit framing of associations as associations. We close with the limits of a

heterogeneous, partly observational, partly industry-authored evidence base.

Keywords: measurement-based care, routine outcome monitoring, measurement feedback

systems, digital mental health, clinician burden, explainable artificial intelligence

Introduction

Psychotherapy is organized around a weekly or less frequent hour, yet most of what therapy is

meant to change happens outside it. Sleep, mood, conflict, avoidance, and the practice of new

skills unfold across the remaining days of the week, and therapists usually learn about them

through the client’s recall at the start of the next session. Measurement-based care (MBC) and

routine outcome monitoring (ROM) aim to bring some of that time into view by collecting

standardized self-reports at regular intervals and feeding the results back to clinicians (

). Digital tools now allow the same logic to extend further, to short check-ins between

sessions, digital exercises, and, where clients choose to share them, passive data from wearable

devices.

1

Barkham

et al., 2023
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A frequent objection to such approaches is that clients simply will not provide the data. The

objection is usually supported by evidence from self-guided consumer apps and from trials of

standalone digital interventions. A review of engagement with digital mental health interventions

concluded that “patient engagement with DMHIs in real-world settings is often insufficient to see

clinical benefit” ( , p. 119). A meta-analysis of 70 randomized controlled trials

(RCTs) of smartphone-delivered interventions found mean study attrition of 24.1% (95% CI [19.3,

29.6]) at short-term follow-up and 35.5% (95% CI [26.7, 45.3]) at longer-term follow-up, with

intervention usage that “consistently declined over the course of the trial” (

, p. 1).

These findings are important, but they describe a different situation from the one most clients in

psychotherapy are in. A person who downloads an app alone has no therapist expecting the data,

no session in which it will be discussed, and no relationship in which providing it has a purpose.

Clients in clinical care are in the opposite position. Our central argument is that, in that context,

collection is no longer the main constraint. The more consequential and less studied problem is

what happens after collection: whether therapists can read, interpret, trust, and act on longitudinal

data within the time and cognitive budget of real practice.

This article is a narrative review and perspective. It is not a systematic review. We restricted the

evidence to peer-reviewed sources published from 2020 onward so that the argument rests on

the current generation of digital and implementation research, and we report each statistic as the

original authors defined it. Throughout, we use client for the person receiving care, including when

describing studies whose authors used patient; quoted text is left unchanged. The article proceeds

in four steps: evidence that clients provide data in clinical contexts; evidence that feedback of

those data to clinicians improves outcomes, particularly for clients who are not on track; evidence

of a usability gap between collection and clinical use; and a set of design principles for closing that

gap.

Clients provide data in clinical contexts

Repeated self-report and passive data over weeks

The most direct test of whether people with depression will keep providing data over time comes

from remote measurement research.  conducted a two-arm RCT with 100

adults with major depressive disorder enrolled in the RADAR-MDD remote measurement program.

Over 12 weeks, participants were asked to complete the eight-item Patient Health Questionnaire

(PHQ-8) weekly and to wear a Fitbit device. The primary outcome, the percentage of the 12

Lipschitz et al., 2023

Linardon & Fuller-

Tyszkiewicz, 2020

2

White et al. (2024)
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weekly PHQ-8 questionnaires completed, was 69% in the control arm and 68% in the intervention

arm (P = .83); the intervention tested to increase engagement did not change completion.

Participants completed a median of 9 of 12 questionnaires (interquartile range 6 to 10), although

only 7% completed all 12. Wearable data meeting the study’s threshold of at least two recordings

per day were available on a mean of 74 of 84 days.

Two features of this study matter for the present argument. First, it took place in a research setting

with no treating clinician, so it is, if anything, a conservative estimate of what clients might provide

when a therapist reviews the data. Second, it shows the shape of real longitudinal data: most

participants provide most of the data, few provide all of it, and passive streams fill in many days

on which self-report is missing. Any system intended for clinical use must therefore handle

incomplete series as the normal case.

Measurement embedded in the clinical workflow

When measurement is built into the routine of care, completion can rise sharply. 

 described the Measurement-Assisted Care (MAC) program, a quality-improvement

initiative in an outpatient academic psychiatry service that included 4,665 clients and 176 clinicians

over 12 months. Standardized measures, including the Patient Health Questionnaire-9 (PHQ-9) and

the Generalized Anxiety Disorder-7 (GAD-7), were added automatically to the electronic check-in

process, and responses were routed to clinicians’ electronic health record (EHR) inboxes and

documentation templates. PHQ-9 completion rose from 5% to 66% of visits in the first rollout phase

and from 5% to 60% in the second. Completion after implementation was higher for telehealth

visits (70%) than for in-person visits (40%). These are completion rates per visit, not per client, and

they describe a single academic service.

 reported a related pattern in Canadian outpatient depression and trauma

programs. In a pre/post comparison of 18-month periods, the proportion of clients who completed

at least one assessment battery at one time point rose from 15.62% (427 of 2,734) with paper

administration to 53.98% (1,267 of 2,347) after measures moved to an online portal completed

before sessions. The authors noted that this outcome reflects one-time completion and called for

research on whether online ROM leads to sustained completion. The finding therefore supports the

claim that the mode and timing of collection matter, not the stronger claim that repeated

completion is assured.

Steidtmann et al.

(2025)

Wiebe et al. (2021)
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Human guidance increases completion

Clinical context also supplies something that consumer apps lack: a person. 

meta-analyzed 22 studies, mostly targeting depression and anxiety, that compared guided with

unguided web-based mental health interventions. Guidance increased the average amount of

intervention completed (g = 0.29, 95% CI [0.18, 0.40]) and the proportion of completers (log odds

ratio = 0.50, 95% CI [0.34, 0.66]); on average, full completion rates were 12% higher in guided

groups. The effects are small, and the studies concerned completion of intervention content rather

than measurement. They nevertheless point in the same direction as the review by 

, which identified integrating human support as one of several intervention-level features

that may improve engagement.

SELF-GUIDED APPS

Engagement “often insufficient to see clinical benefit”
Lipschitz et al., 2023

Usage “consistently declined over the course of the trial”
Linardon & Fuller-Tyszkiewicz, 2020

IN OR ALONGSIDE CLINICAL CARE

Weekly PHQ-8 completed, control arm (White et al., 2024)

69%

Weekly PHQ-8 completed, intervention arm (White et al.)

68%

PHQ-9 completed per visit, before (Steidtmann et al., 2025)

5%

After, first rollout phase

66%

After, second rollout phase

60%

Different measures and settings: not pooled, not directly comparable.

Figure 1. Engagement depends on context. Self-guided apps, in the words of the reviewed authors,

against completion reported in or alongside clinical care. The measures differ (share of weekly

questionnaires completed; share of visits with a completed questionnaire), so the figures are not pooled

and not directly comparable.

Sources: ; ; ; 

.

Musiat et al. (2022)

Lipschitz et al.

(2023)

Lipschitz et al., 2023 Linardon & Fuller-Tyszkiewicz, 2020 White et al., 2024 Steidtmann et al.,

2025
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What this evidence does and does not show

Taken together, these studies indicate that clients in, or alongside, clinical care provide substantial

amounts of repeated self-report and passive data, and that embedding measurement in the

workflow and adding human support are associated with more complete data. They do not show

that every client will provide data, that completion will be sustained across long treatments, or

that any particular level of completion is clinically sufficient. The low retention seen in self-guided

settings remains real; it is simply weak evidence about clinical settings, where the conditions that

sustain participation are present.

Feedback improves outcomes, especially for
clients who are not on track

If clients provide data, the next question is whether making those data visible to clinicians benefits

clients. The meta-analytic answer since 2020 is a qualified yes.

 conducted a three-level meta-analysis of RCTs comparing treatment

assisted by measurement feedback systems (MFSs) with treatment as usual for common mental

health disorders. Across the included trials, which were conducted mostly in outpatient and

university counselling settings, MFSs had a small significant effect on mental health outcomes (d =

0.14, 95% CI [0.082, 0.206], p < .001). The effect was larger for clients identified as not on track (d =

0.29, 95% CI [0.114, 0.464], p = .003). The authors noted heterogeneity, few studies for some

comparisons, and highly uncertain moderator conclusions.

3

Rognstad et al. (2023)
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All clients d = 0.14, 95% CI [0.082, 0.206]

Clients not on track d = 0.29, 95% CI [0.114, 0.464]

0 0.1 0.2 0.3 0.4 0.5

Effect size (d), feedback versus treatment as usual

Figure 2. Effects of measurement feedback systems. Effect sizes (d) with 95% confidence intervals from

a three-level meta-analysis of randomized trials comparing treatment assisted by measurement

feedback systems with treatment as usual. The authors noted heterogeneity and few studies for some

comparisons.

Sources: .

 reached a convergent estimate from a broader base of 58 randomized and

non-randomized studies (110 effect sizes; 21,699 participants). Progress feedback had a small

significant effect on symptom reduction compared with control conditions (d = 0.15, 95% CI [0.10,

0.20]), a similar effect for not-on-track cases (d = 0.17, 95% CI [0.11, 0.22]), and a small favourable

effect on dropout (odds ratio = 1.19, 95% CI [1.03, 1.38]). , summarizing 11 meta-

analytic studies in a narrative review, described overall effects of approximately g = 0.15, larger

effects when clinical support tools were used for not-on-track cases (approximately g = 0.36 to

0.53), and an average success rate difference of approximately 8% over standard care. They also

stressed that ROM “does not work for all patients” and that implementation is a major challenge

( , p. 841).

Recent pragmatic studies extend these findings into routine and digital care.  ran

a cluster RCT within NHS Berkshire Talking Therapies, in which therapists supporting internet-

delivered cognitive behavioural therapy received feedback from a deep-learning outcome

prediction tool. With 51 therapists and 2,394 clients analysed, there was no overall difference

between conditions. Among clients flagged as not on track, the feedback condition was

associated with a higher likelihood of reliable improvement on the PHQ-9 (B = 0.17, p = .03),

corresponding to roughly a 5% greater likelihood, but not on the GAD-7. Clients in the feedback

condition engaged more with the platform, and therapists rated the tool as clear and

understandable (M = 4.30). The authors were employees of the platform’s provider, and therapists

were not blind to condition.

Rognstad et al., 2023

De Jong et al. (2021)

Barkham et al. (2023)

Barkham et al., 2023

Hisler et al. (2025)
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 examined an organization-wide MBC implementation across 755 clinicians

and approximately 18,700 clients at a technology-supported psychotherapy practice. In a

retrospective, non-randomized pre/post design, client outcomes improved by approximately 5

percentage points from pre- to post-implementation; for the combined PHQ-9 and GAD-7

improvement measure, the post-implementation change was 4.6 percentage points (95% CI [2.8,

6.4]), a relative improvement reported as 23.5% in the abstract. The authors stated that causal

attributions are not possible given the design, and they were employees of and held equity in the

organization studied.

 analysed a retrospective cohort of 33,492 adults with clinically elevated

anxiety or depression in a blended care program that combined video sessions with asynchronous

digital lessons, exercises, and feedback messages sent by providers between sessions. In growth

curve models, provider feedback messages in the preceding 7 days were associated with lower

GAD-7 scores (b = -0.12, P < .001) and lower PHQ-9 scores (b = -0.15, P < .001), with smaller

associations for messages 8 to 14 days earlier (GAD-7 b = -0.07; PHQ-9 b = -0.08). These are

unstandardized differences of a fraction of a scale point in an observational, company-authored

study, and they should be read as associations rather than effects.

The pattern across these studies is consistent. Feeding longitudinal data back to clinicians is

associated with small average benefits, and the benefit appears concentrated among clients

whose progress is off track, which is precisely the group for whom a therapist’s unaided impression

is most likely to be wrong. The evidence does not show that more data produces better outcomes,

and it does not show that benefits will appear when data are collected but not used.

The usability gap

Clinicians value measurement but use it inconsistently

The weak link between collection and benefit is clinical use.  surveyed 108

Canadian clinicians and 131 clients with self-reported depression about MBC and technology-

enhanced MBC. Most clinicians (83.3%) agreed that MBC is important for clinical judgement and

felt trained to interpret scores, yet only 39.8% (43 of 108) used MBC routinely. Most clinicians (88.0%)

said they would be more likely to use MBC if it were automated and available electronically, and

the authors identified perceptions of efficiency, ease of use, and accessibility as barriers. Most

clients (89.3%) felt MBC would be helpful and were willing to use a mobile app to track symptoms.

Because recruitment was online, the sample may over-represent people comfortable with digital

tools.

Forand et al. (2025)

Espel-Huynh et al. (2024)

4

Cheung et al. (2023)
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108 CANADIAN CLINICIANS

Agreed it is important for clinical judgement and felt trained

83.3%

Used measurement-based care routinely (43 of 108)

39.8%

More likely to use it if automated and electronic

88.0%

Online recruitment: may over-represent clinicians at ease with digital tools.

Figure 3. The usability gap. Responses of 108 Canadian clinicians in an online survey. Recruitment was

online, so the sample may over-represent people comfortable with digital tools.

Sources: .

Where data are well integrated, clinicians report using them. In the MAC program, more than 90%

of surveyed clinicians reported that the data were useful with at least one of their three most

recent clients, 51% that they were useful with all three, and 78% that they used the data to guide

care ( ). The contrast between “useful with at least one” and “useful with all

three” is itself informative: even in a well-designed program, usefulness varies from client to client,

which suggests that the format of the information, not only its availability, determines whether it

enters the session.

Collection without integration

 framed the central risk directly: “gathering data without integrating feedback

into clinical care does not align with best practices in MBC, and may even be harmful” (Section 1.2).

Among their recommendations for implementation was “developing intuitive, user-friendly

software platforms that automate key MBC practices and provide decision support” (

, Section 5.6).  similarly reported that clients support ROM “when its

purpose is clear and integrated within therapy,” that graphs, more specific feedback, and alerts

are helpful, and that organizational, personnel, and resource issues remain the greatest obstacles

to adoption (p. 841). The implication is that the same data can be helpful, neutral, or

counterproductive depending on how they reach the clinician and whether they are used with the

client.

Cheung et al., 2023

Steidtmann et al., 2025

Forand et al. (2025)

Forand et al.,

2025 Barkham et al. (2023)
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Documentation burden as the context of use

Any new information stream competes with existing demands on clinician time. In a national

survey of 1,524 US office-based physicians, respondents reported spending a mean of 1.77 hours

per day (95% CI [1.67, 1.87]) completing documentation outside office hours, rising to 1.84 hours

among EHR users ( ). That study did not report psychiatry separately, and its

data were self-reported. Evidence specific to mental health settings points in the same direction.

In a survey at a Canadian mental health organization, 26% (33 of 128) of responding physicians met

criteria for burnout on the Mini-Z questionnaire, and 61% (20 of 33) of those attributed their burnout

to EHR use; respondents identified chart navigation, information retrieval, and longitudinal

medication history among the areas needing improvement ( ). Although these

data concern physicians rather than psychotherapists, they describe the environment into which

any longitudinal data tool must fit: one in which retrieving and synthesizing information over time is

already experienced as a burden.

The usability gap can therefore be stated simply. Clients provide data, and feedback of data can

help, but clinicians receive data in forms and at moments that do not fit the work, and they

already lack time. A tool that adds one more inbox, one more chart, or one more score to review is

unlikely to be used consistently, however good its data.

Design principles for clinically useful
longitudinal data

The following principles are derived from the evidence above and from the broader literature on

interpretable systems in mental health. They are offered as hypotheses for design and evaluation,

not as established findings.

Gaffney et al., 2022

Tajirian et al., 2025

5
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1
Collect with minimal client burden
Ask for the least; show gaps

PRINCIPLE 5

2
Summarize in an interpretable form
Before and within the session

PRINCIPLE 2

3
Trace every insight to its source
The item, the day, the entry

PRINCIPLE 3

4
The clinician decides
Review, edit, dismiss, approve

PRINCIPLE 1

5
Measure usefulness, not only engagement
Corrections and rejections count

PRINCIPLE 7

Figure 4. From collected to clinically useful. Five of the paper’s seven design principles, in the order a

piece of client data meets them. They are offered as hypotheses for design and evaluation, not as

established findings.

Sources: The design principles of this paper (1, 2, 3, 5 and 7).

1. The clinician remains in control

Feedback systems support clinical judgement; they do not replace it. The clinician should decide

which measures to use, which data streams are relevant for a given client, which observations

enter the record, and what is discussed in session. Any summary or flag generated by software

should be reviewable, editable, and dismissible, and nothing should be filed to the clinical record

without the clinician’s approval. This principle follows from the evidence that benefit depends on

clinicians integrating feedback into care ( ; ): a system that

bypasses the clinician removes the mechanism through which feedback appears to help.

2. Interpretable summaries before and within sessions

Raw longitudinal data are not clinically usable on their own. The evidence that graphs, specific

feedback, and alerts are helpful ( ), together with clinicians’ preference for

automated, electronic measurement ( ), suggests that the unit of value is a

brief, interpretable summary delivered when the clinician can act on it, typically in the minutes

before a session and as a reference during it. A useful summary would show change over time

against the client’s own baseline, highlight departures from the expected course, and indicate

which data are missing, rather than presenting every data point. Because the clearest benefits

appear for clients who are not on track ( ; ), surfacing that

status early and plainly is likely to matter more than comprehensive dashboards.

Barkham et al., 2023 Forand et al., 2025

Barkham et al., 2023

Cheung et al., 2023

de Jong et al., 2021 Rognstad et al., 2023
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3. Traceability of every insight to its source

When software summarizes or interprets data, the clinician must be able to see where each

statement came from: which questionnaire item, which day, which journal entry, or which device

reading.  argued that in psychiatry, “explainability” is better approximated by

understandability, a function of transparency and interpretability, and that ensuring human

understandability of a model’s inputs, processes, and outputs is essential for trustworthy systems.

Traceability is a practical form of this principle. It allows the clinician to verify a summary against

its evidence, to correct it, and to explain it to the client, and it makes errors visible rather than

hidden.

4. Association, not causation

Longitudinal client data invite causal stories: poor sleep caused low mood, a difficult meeting

caused avoidance. Most patterns detectable in such data are co-occurrences or temporal

sequences within one person’s series, observed without control of other influences. 

 noted that the relationships among symptoms, outcomes, and their determinants in

psychiatry are probabilistic. Summaries should therefore use the language of association (“co-

occurred with”, “preceded”, “may relate to”) and leave interpretation to the clinician and client. The

same discipline applies to evaluating these tools: several of the studies reviewed here are

observational, and their authors were careful to describe associations ( ;

).

5. Minimal client burden

Incomplete data are the normal case ( ). Systems should ask for the smallest

amount of active input that serves a clinical purpose, make the purpose visible to the client, and

use passive or already-available data where clients choose to share them. 

noted that greater frequency of data collection matters more for shorter-term therapies, which

implies that frequency should be set by clinical need rather than by what the technology allows.

Interpretations should tolerate gaps and show them, rather than imputing values silently.

6. Privacy by design and client choice

Longitudinal data about mood, sleep, relationships, and daily activity are among the most sensitive

data a person can share. Clients should choose what they share, with whom, and at what level of

detail, for example per device and per type of data, and should be able to change those choices.

Data should be minimized to what serves care, protected in storage and transit, and governed by

the privacy laws of the client’s jurisdiction. Privacy is also a precondition for data quality: clients

Joyce et al. (2023)

Joyce et al.

(2023)

Espel-Huynh et al., 2024

Forand et al., 2025

White et al., 2024

Barkham et al. (2023)
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who do not trust how their information will be used have reason to withhold or edit it. We note that

this principle rests on ethical and regulatory reasoning rather than on outcome evidence reviewed

here.

7. Measure usefulness, not only engagement

Most evaluations of digital tools report engagement or completion. For tools intended to support

clinicians, the outcome that matters is whether the information changed what happened in care.

 offer a practical model by asking clinicians whether the data were useful

with specific recent clients and whether they used the data to guide care. 

proposed a minimum engagement reporting framework for digital interventions; an analogous

framework for clinical usefulness might include the proportion of sessions in which data were

reviewed, the proportion in which they were discussed with the client, the time clinicians spend

reviewing them, the rate at which summaries are corrected or rejected, and client outcomes,

particularly for those who are not on track. Measuring correction and rejection rates is especially

important for systems that generate interpretations, because it directly indexes whether clinicians

find them trustworthy.

An example of ongoing work

Several organizations are developing systems along these lines. One of them is Cognitai Health

Inc., the company of which the Cognitai Research Department is the research function, which is

building clinician-facing software for organizing information shared between sessions; we mention

it only as an example of ongoing work, and no performance data are reported or implied.

Limitations

The evidence reviewed here has important limitations. First, it is heterogeneous. The studies differ

in population (adults with major depressive disorder, mixed outpatient samples, clients of internet-

delivered and blended care), in setting (research platforms, academic psychiatry, national health

services, employer-sponsored and commercial services), and in what was measured (per-visit

completion, one-time completion, proportion of weekly questionnaires, intervention completion).

We have reported each statistic as defined by its authors, but they cannot be pooled or directly

compared.

Steidtmann et al. (2025)

Lipschitz et al. (2023)
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Second, the effects of feedback are small on average. Overall effect sizes of approximately d =

0.14 to 0.15 ( ; ) are clinically meaningful at scale but modest

for any individual client, and estimates for not-on-track clients vary across meta-analyses and

depend on whether clinical support tools were used ( ).

Third, several key studies are observational or non-randomized. The completion gains reported by

 and  are pre/post comparisons within single

organizations, and the outcome associations reported by  and 

 come from retrospective designs that preclude causal inference.

Fourth, several studies were authored by employees of the companies whose services or

platforms were evaluated ( ; ; ). This

does not invalidate their findings, but it warrants caution and independent replication. We, too,

have a conflict of interest, disclosed in the Disclosure section.

Fifth, the evidence on documentation burden comes from physician samples, not psychotherapists

( ; ), and the survey evidence on clinician attitudes may over-

represent clinicians already favourable to technology ( ).

Sixth, this is a narrative review. We did not conduct a systematic search, dual screening, or formal

risk-of-bias assessment, and the restriction to sources published from 2020 onward excludes

earlier foundational work on feedback-informed treatment and homework in psychotherapy. The

design principles we propose are derived from this evidence but have not themselves been tested.

Conclusion

The claim that clients will not provide data between sessions is drawn largely from settings

without a clinician. In clinical care, where a therapist expects the data and a session gives it

purpose, clients provide substantial repeated self-report and passive data, especially when

measurement is embedded in the workflow and supported by people. Feeding those data back to

clinicians is associated with small average benefits and larger benefits for clients who are not on

track. The constraint that now limits these benefits is less the willingness of clients to share than

the ability of clinicians to use what is shared: to see it at the right moment, in a form they can

interpret quickly, trace to its source, and discuss with the client, without adding to a documentation

burden that is already heavy. Research and design effort should shift accordingly, from

maximizing collection toward making longitudinal data clinically useful, and evaluations should

measure that usefulness directly.

de Jong et al., 2021 Rognstad et al., 2023

Barkham et al., 2023

Steidtmann et al. (2025) Wiebe et al. (2021)

Espel-Huynh et al. (2024) Forand et

al. (2025)

Espel-Huynh et al., 2024 Forand et al., 2025 Hisler et al., 2025

Gaffney et al., 2022 Tajirian et al., 2025

Cheung et al., 2023
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