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Abstract

Streszczenie

Introduction and objective: Psychotherapy efficacy and effectiveness are traditionally assessed using pre-post symptom
reports, which often fail to capture the dynamic nature of therapeutic change and may overlook individual patterns of
interaction between symptoms and psychological processes. Experience sampling methods (ESM), encompassing daily
diaries, ecological momentary assessment (EMA), and ambulatory assessment via wearable devices, address this limitation
by collecting real-time, in-situ data on symptoms and psychological processes through mobile technologies. This approach
enables the development of personalised models of patient functioning and dynamically tracks changes during psychotherapy,
offering a more nuanced understanding of treatment mechanisms. Despite increasing recommendations for their use in
clinical practice and exponential growth in access to technology, ESM remains relatively underutilised in evaluating
psychotherapy efficacy and effectiveness. Materials and methods: This paper provides a narrative review exploring the
opportunities and challenges of using ESM to assess psychotherapy effectiveness and efficacy. Results: ESM is shown to
complement, rather than replace, traditional methods by capturing dynamic changes and contextual factors, recognising that
retrospective self-reported questionnaires and ESM data do not always measure the same aspects of a given psychological
process. The review outlines key areas, including an overview of ESM methodologies, the rationale for their use in
psychotherapy evaluation, user experience and methodological challenges (e.g. compliance, UX, Open Science principles,
and participatory approaches), data structure and analytical approaches (such as multilevel and network models), and ethical
considerations related to ESM. Conclusions: Practical recommendations for integrating ESM into psychotherapy research
are presented, drawing on general ESM guidelines (e.g. Lochner et al., 2025) and the findings of this review.

Keywords: experience sampling methods (ESM), ecological momentary assessment (EMA), psychotherapy efficacy,
psychotherapy effectiveness, mechanisms of change in psychotherapy

Wprowadzeme i cel: Tradycyjnie skuteczno$¢ i efektywno$¢ psychoterapii ocenia sie na podstawie samooceny objawéw przed

i po interwencji, jednak czesto nie oddaja one ani dynamicznego charakteru mechanizméw zmiany terapeutycznej, ani
unikalnych wzorcow interakeji miedzy objawami a procesami psychologicznymi u danego pacjenta. Metody probkowania
doswiadczen (experience sampling methods, ESM), obejmujace pomiary dzienniczkowe, wielokrotne dzienne pomiary
(ecological momentary assessment, EMA) oraz monitorowanie ambulatoryjne za pomocg noszonych elektronicznych urzadzen
pomiarowych (wearables), odpowiadaja na te wyzwania poprzez gromadzenie danych dotyczacych objawdw i proceséw
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psychologicznych w czasie rzeczywistym i w naturalnym otoczeniu, za posrednictwem urzadzen mobilnych. Takie podejscie
umozliwia tworzenie spersonalizowanych wzorcéw funkcjonowania pacjentéw i dynamiczne $ledzenie zmian w trakcie
psychoterapii, oferujac bogatsze zrozumienie mechanizméw leczenia. Pomimo aktualnych rekomendacji dotyczacych ich
stosowania w praktyce klinicznej i istotnego wzrostu dostepnosci technologicznej metody ESM pozostaja niedostatecznie
wykorzystywane w ocenie skutecznosci i efektywnosci psychoterapii. Material i metody: Niniejszy przeglad narracyjny
przedstawia mozliwosci i wyzwania zwiazane ze stosowaniem ESM w ocenie skutecznosci i efektywnosci psychoterapii.
Wyniki: Autorzy pracy podkreslaja, ze ESM uzupetnia, a nie zastepuje tradycyjne metody pomiaru, oceniajac dynamiczne
zmiany i czynniki kontekstualne; w tym kontekscie istotne jest, ze retrospektywne kwestionariusze samoopisowe i dane
z ESM nie zawsze mierza dokladnie te same aspekty danego procesu psychologicznego. Praca zawiera przeglad metodologii
stosowanych w ESM, uzasadnia ich zastosowanie w ocenie psychoterapii, omawia wyzwania zwigzane z metodologia
i doswiadczeniem uzytkownika, strukture danych i podejscia analityczne (takie jak modele wielopoziomowe i sieciowe) oraz
kwestie etyczne zwigzane z ESM. Wnioski: Prace konicza praktyczne rekomendacje dotyczace wlaczania ESM do badan nad
psychoterapia, oparte na ogélnych wytycznych dotyczacych ESM (np. Lochner et al., 2025) oraz na niniejszym przegladzie.

Stowa kluczowe: metody probkowania doswiadczen (ESM), wielokrotne dzienne pomiary (EMA), skuteczno$¢ psychoterapii,
efektywnos¢ psychoterapii, mechanizm zmiany w psychoterapii

INTRODUCTION

hen the effectiveness of psychotherapy is as-

sessed using traditional approaches, the evalu-

ation typically relies on the same self-reported
symptom measures collected before and after the therapeu-
tic intervention. However, two patients with the same dis-
order might exhibit entirely different clinical patterns (Rief
et al., 2024). Furthermore, “before and after” measures
alone overlook the dynamic processes unfolding during
therapy. Current research in clinical psychology offers a so-
lution: experience sampling methods (ESM). These involve
brief assessments of symptoms and psychological process-
es delivered via mobile devices multiple times per day in pa-
tients’ everyday lives. ESM captures real-time data, enabling
the development of a personalised model of each patient’s
disorder and showing how it dynamically changes over
the course of psychotherapy (Myin-Germeys et al., 2018).
The present paper, provides a comprehensive review of the
current use of ESM in evaluating psychotherapy effective-
ness, together with its main benefits and challenges.

EXPERIENCE SAMPLING METHODS -
THE IDEA

Experience sampling refers to a group of methods in which
patients complete very short questionnaires at least once
a day to assess their symptoms and psychological processes in
ecological, real-world settings (Myin-Germeys and Kuppens,
2022; Myin-Germeys et al., 2009; Nezlek, 2012). It includes
daily diaries, ecological momentary assessment (EMA), and
daily sampling, and has been used in clinical psychology re-
search for several decades (Myin-Germeys et al., 2018; Scol-
lon et al., 2003). ESM can be also classified within the broad-
er group of methods known as ambulatory assessment, which
includes different forms of mobile sensing in addition to
self-report questions (Myin-Germeys and Kuppens, 2022).
The use of ESM has grown exponentially in recent years due
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to the increased accessibility of technological tools, the wide-
spread adoption of smartphones and smartwatches by both
researchers and patients, and the availability of survey plat-
forms or solutions dedicated to ESM in research, such as
m-Path (Mestdagh et al., 2023) or movisens (movisens
GmbH, Karlsruhe, Germany). Experience sampling is also
increasingly recommended in clinical practice (Hayes et al.,
2020; Hofmann and Curtiss, 2018; Hofmann and Hayes,
2019; Myin-Germeys et al., 2024). Some authors suggest
that ESM opens another “black box” of psychology — name-
ly, patients’ everyday life functioning (Lochner et al., 2025;
Myin-Germeys et al., 2009). Despite these developments
and recommendations, ESM remains relatively underuti-
lised in evaluating psychotherapy efficacy and effectiveness
(Hofmann, 2025; Mink et al., 2025; Verhagen et al., 2016),
although its use has increased in recent years (e.g. Peterson
et al,, 2020; Robinaugh et al., 2020b). Likewise, therapists of-
ten lack practical tools to integrate it effectively into their
clinical work (Kornacka et al., 2023; Weermeijer et al., 2023).
It is important to emphasise that experience sampling is not
intended to replace traditional pre-post and follow-up mea-
sures commonly used in clinical trials but rather to com-
plement them by assessing dynamic psychological changes,
contextual factors, and potentially aspects related to the
therapeutic alliance (Myin-Germeys et al., 2018). This is
particularly relevant because recent research has shown that
the same psychological processes assessed in participants’
everyday lives through ESM and in retrospective question-
naires do not always correlate, indicating that the two ap-
proaches do not capture the same process (or the same as-
pects of this given process) through ESM and traditional
questionnaires (Koval et al., 2023; Solhan et al., 2009). One
provides a momentary snapshot of the mechanisms at play
in a patient’s daily functioning, the other reflects the pa-
tient’s overall perception of their functioning.

Ambulatory assessment (including ESM) may take various
forms - from daily diaries, usually completed once in the eve-
ning, through real-time assessments administered multiple
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times per day, to multimodal ambulatory assessment in-
cluding for example self-reports with psychophysiological
measures. The choice of the precise method should be in-
formed by the theoretical model and characteristics of the
assessed process or symptom (Lochner et al., 2025; Myin-
Germeys and Kuppens, 2022). While subjective sleep qual-
ity is often assessed only once a day after waking, challeng-
es in regulating or expressing anger may fluctuate numerous
times throughout the day. Consequently, they require more
frequent, real-time evaluation. Relying on retrospective as-
sessment in such cases may introduce bias, as participants
may already have reappraised their difficulties (Solhan et al.,
2009). Process or symptom characteristics also lead to an-
other methodological decision in ESM - the choice between
event-contingent, signal-contingent, or hybrid assessment -
a mixture of both (Lochner et al., 2025). In signal-contingent
assessment, participants receive prompts several times a day.
Usually, their daily activity window is divided into slots, and
they randomly receive a signal within each slot. This meth-
od is suited for assessing processes or symptoms that unfold
alongside everyday activities and may not be noticed without
explicit prompting (for example, mind-wandering or affect).
In the signal-contingent method, researchers relying on pro-
cess features and theoretical background have a choice be-
tween asking patients how they are feeling or what they are
doing “at the moment of receiving the signal’, or “since the
last signal”. In event-contingent assessment, participants de-
cide when to complete questionnaires. This method is ap-
propriate for evaluating processes/symptoms that occur only
under certain circumstances (for example, when feeling pain
or entering an elevator). It is also applied when measured
variables are brief and/or do not occur often during the day/
week, so a randomly sent signal would be very unlikely to
fall at the exact moment (e.g. panic symptoms). Event-con-
tingent designs may also include micro-bursts, i.e. additional
questions that appear with a delay after the first reporting
(e.g. checking how patients cope with pain two hours after
reporting an acute episode).

A significant challenge in ESM self-reports is finding a bal-
ance between participants’ burden in providing the assess-
ment, often multiple times a day, and the validity of the
measures obtained (Eisele et al., 2025, 2023). It is recom-
mended to use questionnaires validated specifically for ESM
(e.g. Ciarrochi et al., 2022; Jover Martinez et al., 2024, 2025;
Rosenkranz et al., 2020). Although single-item assessments
of a given process or symptom often show good validity,
they may still require additional validation (Dejonckheere
et al., 2022; Schuurman and Hamaker, 2019).

THE RATIONALE FOR USING EXPERIENCE
SAMPLING METHODS FOR EVALUATING
PSYCHOTHERAPY EFFECTIVENESS

Using ESM to assess psychotherapy outcomes can mini-
mise assessment error and retrospective biases that typically
arise when patients are asked to recall how they felt over the
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past week(s) while completing traditional questionnaires.
Collecting real-time data in participants’ natural environ-
ments is particularly important for variables that could be
easily affected by various environmental and interpersonal
factors, such as mood or emotion regulation (Solhan et al.,
2009; Trull and Ebner-Priemer, 2009). Moreover, the severi-
ty of psychological disorders and underlying processes* (e.g.
rumination) tends to fluctuate significantly throughout the
day (e.g. Chen et al., 2022; Wirz-Justice, 2008). Consequently,
single-point assessments are unlikely to capture the actu-
al intensity of these processes and may fail to detect tem-
poral trends and changes over time (Scholten et al., 2025b).
In this context, questionnaire measures are best understood
as capturing relatively stable, trait-like tendencies in the use
of processes such as rumination across time and situations
(Aldao et al., 2010), whereas ESM enables examination of
how individuals actually select and implement these pro-
cesses in daily life. For example, the combined use of ques-
tionnaire and ESM measures to assess a single psychological
process in the context of intervention research is illustrat-
ed by Barnes et al. (2025). An excellent example justifying
the use of this dual approach (traditional questionnaires vs.
ESM), or the exclusive choice of just one based on the study’s
purpose, is the assessment of metacognitive processes (e.g.
beliefs about emotions). The choice depends on whether
the aim is to capture a generalised tendency, such as stable
negative convictions about negative emotions (best mea-
sured with retrospective questionnaires; e.g. Becerra et al.,
2020), or to measure how those metacognitions change de-
pending on context and verify their real-time dynamics,
such as instability or entropy (best captured through ESM;
e.g. Bailen et al., 2019; Kneeland et al., 2020). Moreover,
some researchers have recently extended this line of inqui-
ry by showing that self-report questionnaires, weekly as-
sessments, and ESM may each capture different aspects of
symptoms and processes in the context of psychological dis-
orders (Tamm et al., 2024). Dejonckheere et al. (2019) dem-
onstrated that many indices of emotional dynamics sub-
stantially overlap and provide limited incremental validity
compared to average affect. This suggests that researchers
should carefully justify the selection of dynamic indices and
prioritise those with clear theoretical relevance, rather than
assuming added value by default.

Tamm et al. (2024) compared two approaches to evaluat-
ing psychotherapy effectiveness: EMA and weekly ques-
tionnaire-based assessments. They concluded that EMA
was more sensitive in detecting changes, provided more
accurate estimates, and improved the likelihood of detect-
ing significant effects. A similar conclusion was reached

* In line with the literature on process-based cognitive behavioral thera-
pys the term “process” refers to transdiagnostic mechanisms such as ru-
mination, experiential avoidance, or perfectionism. These mechanisms
can be assessed both using questionnaires, which capture relatively sta-
ble tendencies, and with intensive longitudinal methods, which reveal
their dynamic and context-dependent fluctuations (Harvey et al., 2004;
Hofmann and Hayes, 2019).
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by Moore et al. (2016), who examined the effectiveness of
mindfulness-based stress reduction (MBSR) and found
that EMA was more sensitive than traditional question-
naires in detecting changes in patient-reported outcomes.
However, findings from clinical populations suggest that the
added value of emotional dynamics may vary across con-
texts. Sperry et al. (2020) showed that fluctuations in neg-
ative affect predicted the course of depressive and bipolar
spectrum disorders, whereas Houben and Kuppens (2020)
reported limited predictive power of emotion dynamics be-
yond mean affect. Similarly, in individuals living with HIV,
Pieta-Lendzion et al. (2024) found that daily emotional in-
ertia and innovation were stable over time but unrelated to
long-term changes in posttraumatic growth or depreciation.
Longitudinal studies involving multiple assessments collect-
ed via ESM allow researchers to capture mental disorders as
complex, dynamic networks of symptoms and psychologi-
cal processes (e.g. Borsboom and Cramer, 2013; Bringmann,
2021; Scholten et al., 2025b). This is particularly relevant for
one of the key elements in establishing evidence-based in-
terventions and their efficacy: understanding the mecha-
nism of change (Bastiaansen et al., 2020; Rief et al., 2024).
In this framework, network models consist of nodes repre-
senting observed symptoms and psychological processes, and
edges indicating associations between them (Epskamp et al.,
2018). Mental disorders are thus conceptualised as patholog-
ical states emerging from systems of interrelated variables
(e.g. Contreras et al., 2019; Robinaugh et al., 2020a; Verhagen
et al., 2016). Applying intensive daily measurements and
a network perspective to psychotherapy outcome research
enables the assessment of intervention effects not only on
individual symptoms but also on the relationships between
them (Schumacher et al., 2024). Such changes are viewed
more broadly, not merely as increases or decreases in the in-
tensity of single variables (e.g. depression scale scores), but
also as modifications in the dynamic interconnections be-
tween measurable psychological processes and symptoms.
When the research question focuses on how treatment af-
fects the structure of symptom interrelations, symptom net-
works can be compared between groups exposed to different
therapeutic conditions (Schumacher et al., 2024).

Furthermore, repeated self-assessments via ESM can sup-
port patients’ understanding of their own patterns during
feedback sessions (Scholten et al., 2025a). Familiarity with
the data helps to demystify the treatment process, making
it easier to relate therapeutic insights to everyday experi-
ences. As a result, ESM may enhance patient engagement,
strengthen the sense of collaboration, and promote empow-
erment within the therapeutic process (Simons et al., 2015).

KEY EXAMPLES OF STUDY DESIGNS
FOR USING ESM IN THERAPY EFFICACY
AND EFFECTIVENESS ASSESSMENT

Randomised controlled trials (RCTs) have been criticised
for several reasons (Rief et al., 2024; Tolin et al., 2015).
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Although this is not inherent to the RCT design itself (un-
like randomisation and the use of control groups), in re-
search on therapeutic interventions, RCT primarily rely on
self-reported pre-post and follow-up measures, which re-
quire retrospective evaluation of symptoms. Such evalu-
ations are often far removed from ecological settings and
are unable to capture the dynamic psychological processes
which change during an intervention. Additionally, exist-
ing guidelines are predominantly built on group-based, no-
mothetic research. It is crucial to note that this criticism is
not directed at the RCT design itself, but rather the meth-
odological choices regarding how outcomes and/or psy-
chological processes are measured. While RCTs remain
the gold standard (and currently, there is no viable alterna-
tive), scientific and clinical communities constantly work
on improving the methodology for assessing treatment ef-
fectiveness. This is particularly important now, given the
multitude of intervention types available (e.g. face-to-face
therapy, internet-based interventions). There is no doubt
that all interventions offered to patients should demonstrate
evidence-based efficacy (Rief et al., 2024).

One solution to these limitations is the integration of ESM
within RCTs. ESM can be applied at several stages — for es-
tablishing a baseline and comparing it with post-interven-
tion ESM assessments to assess efficacy through a dynam-
ic approach, or for fully capitalising on ESM’s possibilities
by using it during therapy not only to capture dynamic pro-
cesses of change but also to provide participants with its
benefits (e.g. empowerment; Simons et al., 2015) and to
evaluate therapeutic relationships (Thomas et al., 2014).
However, even in RCTs using ESM it is challenging to dis-
entangle the specific impact of intervention components.
Currently, RCTs often use identical network nodes across all
participants, overlooking ESM’s potential for personalised
measurement (Schumacher et al., 2024).

An alternative approach, particularly well-suited for ESM,
is the Sequential Multiple Assignment Randomised Trial
(SMART; Kidwell and Almirall, 2023), designed to assess
adaptive interventions (Almirall et al., 2014). SMART is
a multi-stage, factorial, randomised design in which some
or all participants are randomised at two or more decision
points. Treatment options — and whether a participant is re-
randomised — depend on their response to previous treat-
ment components. SMART designs are used to construct
personalised sequences of treatments based on a patient’s
evolving needs and responses. This requires frequent mon-
itoring of patient psychological processes and outcomes,
making ESM an excellent solution fit for SMART designs.
However, SMARTSs do not provide overall evidence for
therapy effectiveness, yet they can be very informative of
its efficacy by exploring mechanisms of change and con-
tribute significantly to understanding and improving psy-
chotherapy (Kidwell and Almirall, 2023). Nevertheless, in
this approach, a crucial decision is whether, from a meth-
odological point of view, it is possible to use personalised
assessment for each patient (Green, 2016).
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THE STATISTICAL CHALLENGES
OF USING ESM IN ASSESSING THERAPY
EFFECTIVENESS (DATA STRUCTURE
AND ANALYTICAL APPROACH)

The full value of ESM data can be realised only when ap-
propriate analytical approaches are used, such as multi-
level models (Garson, 2013; Myin-Germeys and Kuppens,
2026; Nezlek, 2011; Woltman et al., 2012) or network
models (Hevey, 2018). Unlike cross-sectional data, where
observations are assumed to be independent, time se-
ries data in ESM are collected sequentially from multi-
ple participants across numerous time points, often span-
ning multiple days with repeated daily measurements.
As a result, ESM data inherently combine cross-section-
al and longitudinal structures. This creates a nested hi-
erarchy - i.e. single observations (for example, responses
to questions assessing mood at a given signal) are nest-
ed within participants. It is not unusual that the data
structure includes three levels due the frequency of sam-
pling based on variable characteristics. For example, mo-
mentary assessment of mood five times per day may be
nested within daily observations (e.g. sleep quality as-
sessment), which are in turn nested within participants.
If trait-level characteristics are taken into account in the
analysis, they are incorporated into the model at the par-
ticipant level. This data structure must be considered an-
alytically. For example, a correlation observed at the mo-
mentary level may disappear at the individual or daily
level. One clear example of this is the assessment of the
emotional consequences of avoidance - it may decrease
momentary negative affect, but has deleterious lon-
ger-term consequences and may be linked, for exam-
ple, to increased depressive symptoms at the daily lev-
el (e.g. Skorupski et al., 2026). The potential for a single
psychological mechanism to yield different outcomes at
momentary, daily, or long-term levels highlights the cru-
cial need to carefully consider both sampling frequency
and the hierarchy of analytical levels. Multilevel model-
ling (MM) (Myin-Germeys and Kuppens, 2026; Woltman
et al., 2012) - also known as hierarchical linear or linear
mixed models (Garson, 2013) — accommodates such hi-
erarchies. These models allow intercepts or slopes to vary
across data groupings (e.g. by participant or day), while
pooling information across units. As shown in Fig. 1, pat-
terns observed on a single day are influenced by the over-
all structure across other days, stabilising estimates when
data are sparse. From the perspective of psychotherapy ef-
fectiveness and efficacy, the most common approach in-
volves comparing pre-post treatment evaluation and/or
group differences by adding moderators (e.g. time/group)
at the between-person level in multilevel models (e.g.
Asselmann et al., 2023; Eddington et al., 2017).

In cases when the complex interplay between mea-
sured variables and symptoms needs to be assessed, net-
work analysis (NA) can be used to estimate interrelations
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Fig. 1. Graphical visualisation of a multilevel model on simulat-
ed data illustrating the relation between rumination and
mood in patients’ daily life

within a system and assess variable centrality (Hevey, 2018;
McNally, 2021). NA constructs networks in which nodes rep-
resent variables (i.e. symptoms or psychological processes)
and edges indicate conditional relationships (e.g. partial
correlations, regression weights) (see Fig. 2). For time-series
data, networks can incorporate lagged relations, producing
directed graphs indicating how one process influences an-
other at the next time point. Centrality metrics quantify the
relative importance of each variable, and bootstrapping pro-
cedures evaluate network stability and test selected edges or
centralities for statistical significance (Castro et al., 2024;
Epskamp et al., 2018).

Temporal dynamics can be analysed explicitly by regressing
variables at time f on values at #—i (Shojaie and Fox, 2022).
This is achieved by adding lagged variables as predictors
and can be integrated into MM or NA. Although causal in-
ference must be cautious, such methods allow hypothesis
testing for directed effects. In NA, this produces two net-
works: a contemporaneous (undirected) network showing
associations independent of temporal influence, and a tem-
poral (directed) network reflecting lagged dependencies.

In psychotherapy research, the network approach is still 159
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Note. The figure shows the contemporaneous network (A) and the temporal network (B) for a simulated dataset. Red and green edges represent negative and positive rela-
tions, respectively. The width of each line is proportional to edge weight. HRV — heart rate variability.

Fig. 2. Networks calculated for simulated data

being actively explored. The two most prevalent strategies
are to compare network dynamics pre-post or during in-
terventions across groups (e.g. Snippe et al., 2017) and to
compare the centrality of nodes (symptoms/processes; e.g.
Meine et al., 2024). Centrality indicators are also explored
as potential markers of psychotherapy dynamics and drop-
out (e.g. Lutz et al., 2018) from the perspective of psycho-
therapy effectiveness.

Despite their advantages, ESM-based data analysis methods
also present specific challenges. One arises even before data
collection: determining sample size through a priori pow-
er analysis is difficult (Fritz et al., 2024). For MM, this re-
quires assumptions about effect sizes across multiple levels
and participant compliance, which varies widely (for practi-
cal recommendations on how to conduct power analysis for
MM, see Lafit, 2022; Snijders, 2005). Beyond power analy-
sis, missing data can be particularly problematic for lagged
analyses, where a missing value at f, disrupts both -1 and
t+1 associations. Even with high total measurement counts,
unevenly distributed missing prompts can eliminate large
portions of usable lagged data. For instance, 40% missing-
ness across 100 prompts may remove over 80% of potential
lagged observations if consecutive measurements are inter-
rupted. Unlike in non-lagged models, this issue can only be
partially mitigated by establishing a minimum compliance
rate for each participant.

While powerful, NA has limitations when applied to psy-
chological data. A directed network with # nodes involves
n(n—1) edges — meaning 90 parameters for 10 variables.
Large samples are required for stable estimation, and statisti-
cal testing is typically restricted to preselected edges or cen-
trality metrics (Epskamp et al., 2018). Larger models often
become impractical, forcing researchers to analyse smaller
subsets of variables. This process is further complicated by
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the lack of reliable power analysis. Although methods exist
(Constantin et al., 2026), network power depends heavily on
structural features (e.g. density, clustering), limiting the pre-
cision of sample-size estimates. Furthermore, the interpre-
tation of centrality can be problematic, as the assumptions
underlying these measures do not always align with psycho-
logical theory (Bringmann et al., 2019). A recent review un-
derlines that current research on therapy effectiveness does
not take full advantage of ESM data, particularly when ana-
lysed using network approaches, for example by restricting
the analysis to cross-sectional (undirected) networks, even
though the longitudinal structure of the data enables the ex-
ploration of directed networks taking into account temporal
dynamic in the interplay between processes and symptoms
(Schumacher et al., 2024).

Finally, the network approach enables also to use an id-
iographic perspective by allowing the creation of a per-
sonalised network for a given participant and further as-
sessment of changes in network structure reflecting the
dynamics of the psychotherapeutic process (Hofmann and
Hayes, 2019). However, researchers must decide whether
to apply relatively straightforward comparisons of the same
networks (i.e. measuring the same processes and symp-
toms) across groups or use personalised networks, making
between-group comparisons more challenging. The latter
approach involves estimating networks on small datasets
from one participant. Although researchers are constant-
ly working on idiographic networks, it remains challeng-
ing and is still extremely used only rarely (Mansueto et al.,
2023; McNally, 2021). Nevertheless, it seems that once these
challenges are addressed, the network approach may be the
future of assessing psychotherapy effectiveness, particularly
within a process-based framework and for patients with
high comorbidity (Hofmann, 2025).
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THE COMPLIANCE, USER EXPERIENCE
AND ETHICAL CHALLENGES OF USING ESM
IN ASSESSING THERAPY EFFECTIVENESS

ESM-based assessments appear simple and convenient for
patients, who are already accustomed to using their smart-
phones and mobile applications in everyday life (Verhagen
et al., 2016). However, certain challenges associated with
this research approach persist. The most relevant include
maintaining compliance, the requirement to monitor and
support use; minimising the burden imposed on partici-
pants by repeated daily assessments; and providing effective
technical and onboarding support to minimise frustration,
reduce the risk of potential data loss (Doherty et al., 2020;
Trull and Ebner-Priemer, 2009), and limit the potential for
attrition (Santangelo et al., 2013).

Decisions regarding the sampling scheme and study dura-
tion are critical, as they directly affect the quality and inter-
pretability of ESM data. As Fritz et al. (2024) emphasise, the
context in which participants provide their responses (e.g.
holidays, stressful events) can strongly influence assess-
ments and must be considered during study design. To ad-
dress these challenges, researchers are encouraged to align
sampling schemes with the construct and its expected fluc-
tuations and may employ short, intensive periods of mea-
surement and/or control for contextual factors to capture
processes more accurately.

The most effective strategy to create a user-friendly, acces-
sible, and actionable ESM solution is a participatory design
approach, which actively involves future users in the devel-
opment process. Evidence from participatory design studies
(e.g. Kope¢ et al., 2021, 2018, 2019; Kornacka et al., 2023)
shows that this approach allows tailoring the solution to
user needs while significantly reducing the time and cost of
prototyping and testing.

Design complications also emerge in the use of mobile tech-
nologies for ESM in relation to maintaining user-engage-
ment. Assessments and associated reminders must be ef-
fectively implemented in a way that provides satisfactory
flexibility for users (to adjust the schedule to their needs and
daily life) (Edney et al., 2023), while adhering to a frequen-
cy that maintains methodological rigor. Although remind-
ers may serve as an effective tool to minimise the potential
for data loss, they must be delivered without becoming in-
trusive or frustrating. Additionally, push notifications must
be delivered at times and in context that allow for the dis-
creet use of mental health tools, where preferred by users.
While some studies suggest that gamification elements
may improve motivation and help reduce attrition in digi-
tal mental health interventions (Litvin et al., 2020), poten-
tially improving the rate and quality of responses obtained
(van Berkel et al., 2017), their implications for treatment
outcomes (e.g. whether gamification may distract from in-
tervention content) are as yet unclear (Kleiman et al., 2025).
Although early ESM research raised many doubts regard-
ing the use of ESM within specific clinical populations, the
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current state of the art suggests that it might be a meth-
od suitable for nearly all clinical populations (Naslund
et al,, 2016; Vachon et al,, 2019; Verhagen et al., 2016) in-
cluding patients with psychotic disorders (Bogudzinska
etal,, 2024) and in different contexts (e.g. psychopharmaco-
logical treatment; Bos et al., 2015). Nevertheless, research-
ers underline the non-random nature of dropout in ESM
studies and the need for systematic monitoring of dropout
predictors (Rintala et al., 2020, 2019).

Digitally delivered ESM protocols must also overcome po-
tential barriers to acceptability, such as privacy concerns re-
lated to the collection and storage of sensitive data (Trull
and Ebner-Priemer, 2013). While this issue is more broad-
ly observed in digital health tools, it is particularly salient
in ESM systems, which may collect extensive amounts of
personal information, particularly in cases of multimodal
assessments where self-report data may be combined with
physiological measures. In some cases, combinations of
passively acquired data may also be challenging to fully an-
onymise (e.g. GPS location). In one study, 79% of partici-
pants’ home locations were identifiable (Brownstein et al.,
2006), highlighting the potential for significant privacy vio-
lations and justifiable privacy concerns among users.
Beyond the challenges of implementation and engagement,
further design considerations relate to the broader effects of
regular self-assessment on habituation, reactivity, and hon-
est disclosure. Ongoing engagement in self-assessment may
be subject to social desirability effects and awareness of be-
ing measured (Konig et al., 2022), which presents not only
a methodological challenge, but also a potential design lim-
itation (Doherty et al., 2020). Although some studies have
also underlined positive effects of patients using ESM on
a daily basis (e.g. Simons et al., 2015; van Os et al., 2017),
this should be carefully taken into account when includ-
ing ESM into the evaluation of psychotherapy effectiveness,
as other studies suggest potentially deleterious effects (e.g.
habituation and decreased emotional awareness over time,
Eisele et al., 2023; Widdershoven et al., 2019). Finally, rela-
tively little is known how ESM use may affect the therapeu-
tic relationship, but on the other hand, this method can also
be an effective tool for monitoring therapeutic dynamics
(Thomas et al., 2014).

Moreover, it is crucial to consider the impact of the ESM
procedure itself on patients’ emotion regulation, behaviour,
and cognition. This reactivity has been explored primarily
in the context of addiction (e.g. Rowan et al., 2007). While
one might expect frequent self-monitoring to increase focus
on the behaviour and thus amplify it, some studies using
EMA in addiction research have surprisingly found that in-
tensive daily evaluation might actually reduce addictive be-
haviours (McCarthy et al., 2015). Husky et al. (2014) found
that endorsement of suicidal thoughts was not reactive to
study duration or repeated measurements, even in high-
risk groups. At the same time, repeated self-assessment
may foster beneficial changes, such as increased emotional
awareness or improved differentiation of affective states
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(e.g. Eisele et al., 2023; Hoemann et al., 2021). Neverthe-
less, more dedicated research on ESM reactivity is needed
within the context of psychotherapy and other psycholog-
ical interventions. This need is further underscored by the
fact that the potential impact of ESM on patients’ behav-
iour is not merely a methodological concern, but has also
been harnessed therapeutically, as demonstrated by the use
of self-monitoring in ecological momentary interventions
(EMI) (Balaskas et al., 2021; Kramer et al., 2014).

Recently, researchers have also explored how the measure-
ment of user experience (UX) in complex digital interven-
tions may benefit from ESM frameworks (e.g. Lukka et al,,
2024). Such approaches aim to reduce the burden of ret-
rospective recollection in UX examinations, while also ad-
dressing some of the challenges associated with obtaining
meaningful insights into user experience by considering it
within the immediate context of technology use (Doherty
and Doherty, 2018). ESM may also assist with more rap-
id identification of digital health literacy deficits, which
can negatively impact engagement with digital health tools
(Borghouts et al., 2021). When assessing therapeutic inter-
vention, an additional challenge is to take the practitioner’s
perspective into account (Weermeijer et al., 2024).

Apart from safety, the impact of ESM on patients, and the
need to adapt the burden of ESM to participants’ resources,
there are three other key ethical considerations. First, giv-
en the considerable burden that ESM assessments can place
on participants, it is imperative to fully leverage the poten-
tial of the large datasets collected through these methods to
better understand and improve psychotherapy (Bastiaansen
et al., 2020; Schumacher et al., 2024). Second, adherence to
the principles of Open Science is essential (Lochner et al.,
2025; Tuerlinckx et al., 2026). Most resources, ranging from
those concerning study design and methodology to data
and codes for analysing them, are freely available (a good
example is open access to the REAL EMA book (Myin-Ger-
meys and Kuppens, 2022), to databases of ESM items such
as the ESM Item Repository, where the whole community of
ESM is invited to contribute (Kirtley et al., 2020), or work-
ing together on developing the quality of ESM evaluation
(Eisele et al., 2025). Third, the research process should in-
volve co-designing and actively engaging experts by expe-
rience across all study phases, including methodology de-
velopment, data analysis, and result dissemination (Eisele
et al., 2025; Green et al., 2020; Smyth et al., 2021).
Using user-centred design might overcome some challeng-
es linked to acceptability and compliance in studies using
ESM (Srinivas et al., 2018).

THE PROMISE OF PASSIVE
ASSESSMENT AND WEARABLES

One of the solutions to address participants’ burden and
complete the self-reported measures in ESM is through pas-
sive data collection and wearables (Knight and Bidargaddi,
2018; Mehl et al., 2023). Mobile devices (e.g. smartphones
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and smartwatches) continuously collect information about
momentary activity (e.g. accelerometer, sleep parameters,
heart rate - HR), and these data may also serve as relevant
indicators for psychological research and markers of thera-
peutic change (Mehl et al., 2023).

However, using passive data (sometimes referred to as par-
allel or multimodal data) also poses several challenges,
particularly ethical (Behnke et al., 2024) and methodolog-
ical (De Calheiros Velozo et al., 2024; Schoenmakers et al.,
2025). First, researchers must clearly explain what types of
data will be collected and for what purpose. Second, usu-
ally for psychophysiological measures, commercial devic-
es not designed for research often do not provide access to
the raw data needed for analysis, while research-grade de-
vices are more expensive. Another important challenge is
sensitive biological data protection. Finally, for many pas-
sive indicators, consensus is still lacking on how to use them
within experience sampling — for example, what time win-
dow should be applied when merging these data with self-
reports, and how to distinguish activity driven by psycho-
logical processes or symptoms from other forms of activity
(Verkuil et al., 2016). Furthermore, a consensus remains
elusive regarding which specific psychological processes are
reflected by various psychophysiological measures. Conse-
quently, current insights into the use of wearables for evalu-
ating psychotherapy efficacy and effectiveness should not be
viewed as a fully established method (Adams et al., 2017).
Nevertheless, the number of accessible wearables and their
use in clinical research continue to grow (for a review, see
Hilty et al,, 2021; Miyakoshi and Ito, 2024).

CONCLUSIONS AND RECOMMENDATIONS

A recent study based on three meta-analyses clearly indi-
cates the urgent need to improve mental healthcare treatment
(Hofmann et al., 2025). This goal can be achieved through
several avenues, including: (1) a better understanding of the
mechanism of change in psychotherapy; (2) improving meth-
ods for verifying psychotherapy effectiveness; and (3) adapt-
ing interventions and their evaluation to patients’ individual
needs. All three areas can be enhanced through the use of
ESM in evaluating psychotherapy effectiveness.

ESM provides a powerful means to understand change
mechanisms and improve effectiveness tracking by en-
abling dynamic monitoring of psychological processes,
symptoms, and their interplay. It also reduces retrospec-
tive biases, increases ecological validity, and incorporates
contextual factors into evaluation. Additionally, employ-
ing a network-based approach can facilitate individual-
ly tailored assessments, which is vital for patients with co-
morbidity and for applying process-based interventions.
Crucially, however, these benefits are realised only when
several factors are meticulously considered and appropri-
ately addressed. Notably, while using ESM, researchers often
fail to fully exploit its potential and in some cases do not use
parts of the collected dataset at all (Bastiaansen et al., 2020).
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In 2025, twenty six experts in the field summarised key rec-

ommendations for using experience sampling methods in

mental health research in general (Lochner et al., 2025).

Some of these recommendations are crucial for assessing

psychotherapy efficacy and effectiveness. Below is a non-

exhaustive list based on Lochner et al. (2025) and the above
literature review:

+ Adapt study design: tailor the study design, sampling
scheme, and duration to the specific research question,
ensuring it best matches the dynamics of the evaluated
processes or symptoms (e.g. Myin-Germeys and Kup-
pens, 2022).

o Evaluate psychometric properties: assess the psycho-
metric properties (e.g. within-person consistency) of
ESM items (e.g. Eisele et al., 2025; Neubauer et al., 2020)
also taking into account participants’ burden vs. validi-
ty of assessment.

 Consider biomarkers and passive data: explore the use
of biomarkers, objective measures, and passive data col-
lection (e.g. Mehl et al., 2023).

« Optimise compliance and monitor dropout: implement
strategies to optimise participant compliance, taking into
account the burden associated with ESM assessment and
the potential impact of ESM on participants’ behaviour
and emotion regulation. Account for the possibility of
non-random dropout and monitor its predictors.

« Prioritise ethics and UX: place a high priority on ethi-
cal considerations and user experience throughout study
design and implementation.

« Enhance involvement: consider expert-by-experience
involvement and integrate practitioners’ perspectives into
the research process.

 Plan data management and embrace Open Science:
develop a clear data management plan, for example, by
adhering to FAIR (findable, accessible, interoperable,
and reusable) principles (Wilkinson et al., 2016). Follow
Open Science practices by freely sharing study designs,
methodology, data, and analytical code, fostering com-
munity collaboration and transparency in ESM research
(e.g. Tuerlinckx et al., 2026).

« Utilise adequate data analysis: employ appropriate data
analysis for answering research questions (e.g. evaluating
effectiveness vs. mechanism of change), taking into ac-
count data structure (e.g. Borsboom and Cramer, 2013;
McNally, 2016; Nezlek, 2011).

o Maximise data potential: ensure that the large datasets
generated through ESM are fully utilised, rather than
leaving parts of the data unused (e.g. Bastiaansen et al.,
2020).
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