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New developments in Experience Sampling Methodology

Abstract

Experience Sampling Methodology (ESM) has been widely used over the past decades to study
feelings, behavior, and thoughts as they occur in daily life. Typically, participants complete
several assessments per day via a smartphone, for multiple days. The growing adoption of ESM
has spurred a number of methodological advancements. In this paper, we provide an overview
of recent developments in ESM design, statistical analysis, and implementation. In terms of
design, we discuss considerations around what to measure—including the reliability and validity
of self-report measures as well as mobile sensing—as well as when to measure, where we
focus on the pros and cons of how burst designs and advances in sample size planning
methodology. Regarding statistical analysis, we highlight nonlinear models, survival analysis for
understanding time-to-event data, and real-time monitoring of ESM time series. At the
implementation level, we address open science practices and advances in data preprocessing.
Although most of the topics discussed in this paper are generic, many of the examples are
focused on the study of affect in daily life.



Introduction

A significant part of the psychological research community focuses nowadays on how complex
psychological processes evolve dynamically across time within single individuals while going
about their daily lives. Although the methodology to do this research has already been
developed in the last century (Delespaul, 1995; DeVries, 1992; Larsen, 1987; Stone et al., 1999),
the dynamic within-person paradigm (Molenaar, 2004) has been gaining momentum over the
past decades in affective science (Kuppens et al., 2010), psychopathology research (Borshoom
& Cramer, 2013), but in other fields as well, concerning for instance attachment (Verhees et al.,
2023), suicide and self-harm (Coppersmith et al., 2023), personality (Costantini et al., 2015),
attitudes (Dalege et al., 2016), and so on.

To study within-person psychological processes, researchers obviously need to repeatedly and
frequently measure the process of interest in ecologically valid ways. Experience Sampling
Methodology (ESM; also labeled Ecological Momentary Assessment (EMA) or Ambulatory
Assessment) is the gold standard: Using a smartphone app, participants self-report on their
momentary feelings, cognitions, behaviors and/or context by responding to a number of
questions (also called items) at various moments throughout the day for the duration of several
days (typically one or more weeks).

Several resources exist to introduce novice researchers into the common practices of
conducting ESM research (e.g., Fritz et al., 2024; Myin-Germeys & Kuppens, 2025) or to point to
open but pressing issues (Stone et al., 2023). Yet, there remain many challenges tied to using
this method. The aim of this paper is to discuss new developments and upcoming trends in ESM
methodology that deal with these challenges, with respect to three crucial aspects of ESM
research in which methodology plays a significant role: design, statistical analysis, and
implementation.

First, researchers have to design their study and decide which items they will include and when
these will be sent to participants, as well as how many participants and measurements are
needed. Second, the resulting data are complex, requiring to account for their multivariate,
nested structure, and temporally dependent nature. As the questions that researchers want to
answer using such complex data are very diverse, this requires an equally diverse statistical
toolbox. Third, the future success of ESM research hinges to a large extent on the reproducibility
and replicability of the results. To optimize this, researchers require easy-to-use and reliable
tools to check and preprocess the data before analysis, and to transparently report on the
different implementation steps taken.

Before starting our discussion of recent developments regarding design, statistical analysis and
implementation, we mention a few side notes. First, we take the study of affective dynamics as a
starting point, given its relative preponderance in contemporary ESM literature and our own
familiarity with the topic and the resulting expertise. However, this is mostly without loss of
generality as the issues and trends we describe are generic and therefore relevant for all
domains relying on ESM. Second, the statistical analysis of ESM data pervades all three
aspects we will discuss. Unless stated differently, we take multilevel (vector) autoregressive
(VAR) modeling as the standard point of reference when discussing statistical developments.
The core idea of VAR models is that current affect scores are predicted based on one’s affect
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scores at the previous time point, and possibly additional predictor variables (see also below).
Multilevel VAR modeling can be considered the field’s reference point (Ariens et al., 2020;
Hamaker et al., 2015; Hamaker & Wichers, 2017), as autoregressive modeling allows for
controlling serial dependency while studying contextual effects onto psychological processes
(Ariens et al., 2023; Bringmann et al., 2024). The multivariate (i.e., vector) nature of the model
makes it the statistical workhorse behind dynamic network modeling (Bringmann et al., 2022).

Design

The most common practice in ESM research is to apply a time-contingent sampling scheme,
which involves assessing a set of items at semi-random times throughout the day. Both the
number and the content of the items (What to measure) and the timing of the measurements
(When to measure), as well as their total number (Sample size planning) should be determined
in order to achieve an optimal trade-off between participant burden and the amount of
information gathered (Myin-Germeys & Kuppens, 2025). In the following sections, we will
discuss the latest developments regarding what and when to measure, including alternative
sampling schemes such as signal-based designs and burst designs, and regarding sample size
planning.

What to measure?

Psychological processes, such as individuals' feelings and thoughts and the contexts in which
these occur, are commonly assessed through self-report surveys. These questionnaires are
essential for capturing fundamental aspects of subjective experiences, like emotions or
thoughts (Gray & Watson, 2007). When implemented in ESM studies, self-report measures offer
immediate insight on internal states, with a reduced risk of memory biases (Scollon et al., 2003).

The burdensome nature of repeated measures necessitates the use of short surveys.
Researchers typically select a set of items from existing questionnaires to create an adapted
scale, others use single items to reduce the length of the survey. Unfortunately, there is no
widely agreed upon standard method to develop measures. For example, the multi-item scales
widely vary across studies (e.g. Dejonckheere et al., 2019; Hall et al., 2021) and, many measures
lack theoretical justification and psychometric evidence (Brose et al., 2020), undermining their
validity. To facilitate and standardize the item selection process, an item repository (Kirtley et al.,
2021; see below in the section on open science practices) has been developed with expert-
based guidelines to select items (Eisele et al., 2024), encouraging researchers to carefully
consider their measures and ensure both theoretical and empirical justification.

In the next subsections, we will discuss reliability and validity issues of self-report measures,
followed by the use of mobile sensing in ESM as a potential alternative to self-report.

Reliability and validity of self-report

Regarding reliability, different methods to evaluate reliability exist, depending on whether the
focus is on single items or on constructs measured by multiple items. For single items,
Schuurman and Hamaker (2019) have developed a state space modeling approach while
Dejonckheere et al. (2022) use a model-free approach, based on a specific design involving a
test-retest component (i.e., one item is repeated at the end of an assessment). When applied to
the same data, the method of Schuurman and Hamaker (2019) estimates that 30-50% of the

4



total variability in participants’ affective responses is due to error, while Dejonckheere et al.
(2022) estimate this to be 27% of the total variability. On the other hand, for multi-item scales,
usually factor modeling or an approach based on generalizability theory is used; see Castro-
Alvarez et al. (2024) for a systematic overview of the various approaches. When applying some
of these approaches, Haney et al. (2023) find in four studies that for a particular set of items
often used in ESM studies (the PANAS-X or the Positive and Negative Affect Schedule -
Expanded Form; Watson & Clark, 1999), the between-person reliability is very good and the
reliability to detect within-person changes is also good, but may depend on additional factors
(e.g., study design).

Regarding validity of measures, key construct validity criteria that have been investigated
include their ability to capture momentary variability and contextual effects effectively (Cloos et
al., 2023), as well as their ability to capture between-person differences in dynamics (Wenzel &
Brose, 2023). A major finding from Cloos et al. (2023) is that, to capture variability in momentary
affect, single-item measures (e.g., indicating your feeling on a scale ranging from negative to
positive) are often an efficient, sufficient, and low-burden assessment tool for momentary affect
(according to several criteria they even outperform multi-item scales). In Cloos et al. (2023), the
approach taken was made to align with the perspective of validity described in the Standards
(American Educational Research Association, 2014). Still other validity criteria could be
implemented as well such as formal content validity (Spoto et al.,2025) or approaches focusing
on systematic missingness patterns (Silvia et al. 2013; Rintala et al., 2019) or method reactivity
(Barta, 2012).

In the preceding discussion on reliability and validity, we have assumed that item structure
remained unaltered across persons, context, and time. However, the internal structure may
show variation across these dimensions. To take this into account, there exists a scala of
sophisticated methods for a more fine-grained analysis. For instance, multilevel factor analyses
evaluate measurement invariance of within- and between-person measurement models (Rush &
Hofer, 2014), and latent Markov factor analysis studies the time dynamics of the structure and
the measurement models (Vogelsmeier et al., 2023).

Mobile sensing

While ESM has many benefits, completing a number of self-report questions several times a day
for multiple days becomes challenging when collecting fine-grained data over extended periods
(Eisele et al., 2022). These demands often result in decreased data quality, lower compliance,
and higher participant drop-out. Mobile sensing has emerged as a promising tool in mental
health research, offering continuous, objective, and real-time data with no additional burden for
participants (Insel, 2018; Onnela, 2021). For example, smartphone sensors can passively collect
data on physical activity, GPS location, and device interactions, constructing a digital
“fingerprint” that offers insights into emotional and physical health (Mehl et al., 2024).

Despite its potential, mobile sensing has yet to establish consistent and reliable links between
sensing features and emotions or, more broadly, mental health (De Angel et al., 2022; Niemeijer
& Kuppens, 2024). A significant barrier lies in methodological and analytical challenges, where
researchers often face numerous arbitrary choices without clear guidelines. One solution is the
adoption of multiverse analysis, a method that systematically explores the impact of different
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preprocessing and analytical decisions by considering multiple equally plausible pathways
(Langener, Stulp, et al., 2024; Steegen et al., 2016; but see Del Giudice & Gangestad, 2021, for a
critical perspective). Another development is the introduction of a preregistration template for
mobile sensing studies (Langener, Siepe, et al., 2024) to document major methodological
choices in advance, reducing biases and enhancing rigor and replicability in study design and
analysis (see below in the section on “Open science practices in ESM”). Beyond methodological
challenges, mobile sensing research must adapt to constant changes in operating system
policies, which increasingly limit background data collection to protect user privacy. Addressing
data protection and privacy concerns remains essential for responsible sensing research (Hong,
2024).

Aside from using mobile sensing to directly measure the phenomenon of interest, future
applications of mobile sensing could involve replacing or corroborating specific ESM items. For
instance, instead of asking participants about their location, researchers could measure it
directly using GPS data. This approach is particularly beneficial when participants are unable or
unwilling to accurately report on their feelings or behaviours (Wenz et al., 2024).

When to measure?

A key feature of most processes and states (such as affective experience) that one wants to
measure with ESM is that they are not static but subject to continuous change and regulation
(Waugh & Kuppens, 2021) and follow trends such as circadian rhythms (Seizer, et al. 2024). A
crucial decision when designing an ESM study thus concerns the timing of the measurements:
which sampling scheme allows to optimally capture such change and regulation, while allowing
to adjust for trends. The advice that is given by experts remains relatively vague, however: “...
assessments should occur at a timescale that is appropriate to the ... processes of interest ...”
(Trull et al., 2015, p. 356). Given the lack of advice, many ESM studies implement a semirandom
time-contingent sampling scheme, whereby measurement notifications are sent within

predefined intervals that often last multiple hours.

Evidence is emerging that using such a time-contingent sampling scheme, might not be ideal
when it comes to capturing the dynamics of affective experiences, which is crucial for the
prediction, diagnosis and prevention of mental health problems (Kuppens & Verduyn, 2015;
Lapate & Heller, 2020). Indeed, if measurements are hours apart, this comes with the risk of
missing episodes of more intense affect and hence of missing information about how these
episodes unfold and are regulated. To deal with this limitation, researchers have started to explore
alternatives for scheduling measurements.

A first alternative is the episode-contingent burst sampling scheme, which aims to collect data
during intense emotional episodes rather than at random moments throughout the day
(Dejonckheere & Mestdagh, 2021; Delecroix et al., 2024; Smyth et al., 2023). To this end, multiple
closely scheduled (only minutes apart) measurements are sent following the detection of an
emotional episode, allowing for more accurate estimation of the regulatory dynamics (Revol et
al., 2025; Schreuder et al., 2023b). Such burst designs have been shown to be informative in
clinical contexts, to investigate critical events such as self-harm behaviors (Kiekens et al., 2023),
suicidal thoughts (Coppersmith et al., 2022), and binge eating (Bicaker et al., 2024).



An important question regarding such burst designs, is how to decide when to start a burst (e.g.,
Revol et al., 2025; Lathia et al., 2013; Pejovic et al., 2016). This can be achieved through
participant initiation (Dejonckheere & Erbas, 2021), by checking whether an ESM score exceeds
a specific threshold (Revol et al., 2025), by using physiological data from wearables (Osotsi et
al., 2020) or by using mobile sensing information, where underlying mobile sensing patterns,
such as changes in physical activity, are used to trigger ESM prompts during moments of
interest, a technique that has been labeled Geographical Ecological Momentary Assessment
(Kestens & Kingsbury, 2024). Other important topics are the implications of burst designs for
participant burden, compliance, and measurement validity (Doherty et al., 2020; Lathia et al.,
2013; van Berkel et al., 2019). Indeed, there are first indications that the faster sampling scheme
of burst designs leads to higher burden experience and lower compliance ((ANONYMIZED],
2025), which may lead to lower measurement validity.

A second alternative is to ask participants to provide drawings of their experienced affect
trajectories between two standard ESM measurements, yielding continuous data (see Figure 1
for an example). This method has been shown to provide a substantial amount of informational
gain (average 7%). On average, it reveals the occurrence of one positive and negative affect
peaks or valley per day that would otherwise go unnoticed based on the typical momentary
assessments (and the linear trajectories that can be interpolated from it) (Cloos, Mestdagh, et
al., 2024). While this method is promising, further research is needed into how to extract
meaningful parameters of affect dynamics from the drawings. Additionally, the retrospective
nature of the task may introduce peak-end biases, which require careful investigation (Cloos,
Vanpaemel, et al., 2024).

Figure 1. Continuous affect rating item displayed on a mobile device. The blue dot on the y-axis
represents the momentary affect rating recorded at the previous assessment (15:14), while the
blue dot at the opposite end of the graph represents the current momentary affect rating. The
connecting line illustrates the fluctuation in negative affect between the two assessments. The
y-coordinates represent the continuous affect intensity data for each timepoint on the x-axis,
recorded per minute.

How negative did you feel between the last assessment and now? °

Sample size planning

As holds for all empirical research, a sufficiently large sample size (i.e., number of participants
and number of measurement occasions) is needed in ESM research to reliably answer the



research questions at hand (Arand & Schafer, 2019; Schultzberg & Muthén, 2018). Moreover,
careful sample size planning also prevents wasting valuable resources (e.g., the participants’
time and public money). Yet, while ESM studies wildly vary in number of participants and
number of measurement occasions (Wrzus & Neubauer, 2023), most of the recently published
ESM studies unfortunately lack a rationale for the selected sample size (see Trull & Ebner-
Priemer, 2020).

A good starting point for conducting ESM sample size planning in a more systematic way are the
recently proposed frameworks for conducting simulation-based power analysis for various
state-of-the-art statistical models popular in ESM research, as well as associated open-source
software and step-by-step tutorials (e.g., person-specific VAR(1) models in Revol et al., 2024a;
multilevel models in Lafit et al., 2021; Lane and Hennes, 2018; Lafit et al., 2022).

For example, to compute statistical power for a fixed effect of interest in a multilevel model, the
simulation-based approach works as follows. First, the researcher selects the statistical model
that will be used to investigate the effect and specifies plausible values of its parameters.
Moreover, the researcher indicates which numbers of participants and measurements per
participant are feasible. Using this input, a large number of data sets are simulated. The
specified statistical model is then fitted to each of these data sets and the hypothesis of interest
is tested. Finally, statistical power is estimated as the percentage of generated datasets in which
the null hypothesis of interest was rejected at the selected alpha level. The user can then use
this information to select the number of participants and measurements.

Regarding the optimal balance between number of participants and measurements per
participant, first results obtained with such simulation based power analyses (Lafit et al., 2021)
indicate that findings from multilevel models that do not account for temporal dependencies
(e.g., Bell et al., 2014; Maas & Hox, 2005; Scherbaum & Ferreter, 2009) can still be informative for
models commonly used in ESM research. Specifically, when testing the effect of a person-level
(Level 2) predictor, the number of persons generally has a greater impact on statistical power
than the number of time points. In contrast, when investigating within-person (Level 1) effects
such as the auto-regressive or cross-regressive effects or the effect of time-varying predictors,
the number of repeated measurements becomes critical. Nevertheless, optimizing the number
of persons remains important, as it influences the estimation of random effect variance
components. For cross-level interaction effects, both Level 1 and Level 2 sample sizes matter,
though the number of persons typically has a greater effect on power.

Despite its flexibility and potential, simulation-based power analysis still faces challenges that
must be addressed for practical use. First, this approach is computationally intensive because
of the many simulations. Analytical power calculations —that is, power calculations based on
formulas rather than simulations— can complement and speed up the simulation-based
approach (see e.g., Lafit, Revol, et al., 2024). To this end, Lafit et al. (2024) derived analytical
power calculations for multilevel models with autocorrelated within-person errors. Yet, such
analytical methods are still missing for multilevel (V)AR models and come with multiple specific
assumptions.

Second, statistical power depends on a hypothesized model, that is, an assumed data-
generating process including the model’s parameter values and effect sizes (see the next section
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on “Statistical analysis”). Ideally, researchers determine these values based on the smallest
effect size of interest (SESOI; Lakens, 2022). However, SESOI is not commonly established in
experience sampling method (ESM) research, as theories about time-varying relationships
remain underdeveloped (Gabriel et al., 2019; Schreuder et al., 2020). Moreover, standardizing
effect sizes in the complex statistical models in ESM research is challenging (Rights & Sterba,
2019). Therefore, researchers often rely on existing ESM data sets or pilot studies. To address the
uncertainty associated when relying on previous studies, Lafit, Revol, et al. (2024) introduced a
safeguard power analysis, which accounts for variations in study design and preprocessing
decisions by using a lower-bound estimate of model parameters (e.g., the lower bound of a
confidence interval) to calculate statistical power.

Third, study costs are often overlooked in sample size planning. Conducting an ESM study
involves overhead costs (e.g., data collection software, hiring research assistants) and
participant renumeration. Ignoring these factors can lead to suboptimal or unrealistic sample
sizes, wasting resources and comprised study reliability. While cost considerations have been
incorporated in other behavioral science fields (e.g., Moerbeek, 2008), they remain underutilized
in ESM research. Revol et al. (2024a) propose a framework for integrating cost into power
analysis by specifying four key parameters: fixed costs, participant costs, measurement
occasion costs, and incentive-related costs.

Finally, traditional power analysis focuses on estimating sample size for questions of interest
about individual model parameters, which raises challenges when studying multiple effects or
evaluating overall model quality. An alternative approach is predictive accuracy analysis, which
evaluates a model's capacity to generalize by assessing how accurately it can predict future
observations with a specified sample size (Yarkoni & Westfall, 2017). If predictive accuracy is too
low, sample size must be increased. Building on this idea, Revol et al. (2024b) developed a
predictive accuracy-based sample size planning method for the VAR(1) modeling framework.

Statistical analysis

As discussed by Ariens et al. (2020) and Hamaker et al. (2015), a wide variety of methods exist to
analyze data from an ESM study (see also Bolger & Laurenceau, 2013; Walls & Schafer, 2006).
Hamaker et al. (2015) classified the approaches based on eight dichotomies (e.g., single-subject
vs. multiple-subject, univariate vs. multivariate, etc.). As stated in the introduction, a very
common way of analyzing ESM data is through the multilevel (vector) autoregressive model with
external predictors (e.g., coding for context information). Typically, the intercept and
auto/crossregressive weight are assumed to vary randomly over persons (possibly together with
other parameters).

Although we use in this paper the multilevel VAR as the reference model, we are well aware that
many other approaches exist (often built off a VAR model) to analyze ESM data: dynamic
structural equation models or DSEM (Hamaker et al., 2018), continuous time structural equation
models (Driver et al., 2017), time-varying autoregressions (Bringmann et al., 2017), just to name
a few. In the following subsections, we discuss a number of very recent developments that have
not been part of the past overview papers. We acknowledge that this selection is idiosyncratic
and to some extent arbitrary.

Nonlinear models



At the heart of the VAR-based models is a linear dynamical equation that is basically a multiple
linear regression model. Such linear statistical models remain the standard for analyzing affect
dynamical data, but the linearity assumption does not always conform with theoretical
approaches on the nature of affect (e.g., Frijda, 2007; Scherer, 2009; Friston et al., 2006; see
also Lewis, 2005) nor with empirical observations (e.g., Bonsall et al., 2013; Haslbeck et al.,
2023; Loossens et al., 2020; Schimmack, 2001; van de Leemput, 2014). Vanhasbroeck et al.
(2024) demonstrated that nonlinear phenomena occur in ESM data even after accounting for
exogeneous influences from context, meaning that they cannot be explained away by such
influences. In other words, by employing these linear models on affective data, we may be
missing out on some important inherent characteristics of how affect changes nonlinearly over
time.

To alleviate this difficulty, researchers have increasingly moved to models that can handle these
nonlinear features. One way in which this is achieved is through the extension of linear
statistical models to make them more flexible. An example of such a modelis the regime-
switching vector autoregressive model — an extension of the VAR that allows for changes in its
parameters based on a probability of switching “regimes” (Hamaker et al., 2010; Hamilton,
1989). Another, related, example is the time-varying vector autoregressive model, which allows
for more continuous changes in its parameters (Albers & Bringmann, 2020). Both extensions
allow for capturing some often observed nonlinear patterns in affective data, more specifically
for changes between emotional episodes.

Unfortunately, however, these types of extensions suffer from two limitations. First, the
extensions’ abilities come at the cost of having to estimate a nontrivial number of parameters,
making the models difficult to estimate. Additionally, these models are only able to deal with
some, but not all observed nonlinearities, nor are they able to explain where these nonlinearities
originate from, limiting their use in practice.

Because of these limitations, some researchers have introduced models whose primary aimiitis
to explain nonlinear dynamics from first principles. An example of such a model is the recently
proposed Affective Ising Model (AIM; Loossens et al., 2020; Vanhasbroeck et al., 2024), which is
specifically relevant for affect. The AIM is a continuous-time, nonlinear drift-diffusion model that
was created with the purpose of being able to handle nonlinear features such as skew and
multimodality in affective time-series. Unlike the extended linear models mentioned above, the
AIM achieves this with a minimal number of parameters to be estimated. It is therefore able to
capture a wide range of nonlinear phenomena while remaining parsimonious as a model.

Modeling emotional inertia and recovery with survival analysis

One of the reasons for the popularity of the (multilevel vector) autoregressive model is the close
link between the autoregressive parameter(s) and the notions of emotional inertia and
emotional recovery speed, which are important characteristics of affective dynamics. Emotional
inertia indicates the extent to which intense emotional states tend to linger over time. Vice versa,
emotional recovery is the process of returning to one’s emotional baseline after experiencing an
emotional event. Higher autoregressive effects thus imply that intense emotions tend to linger
and that emotional recovery takes more time. Despite its popularity, autoregressive modeling
faces some limitations. First, it does not delineate emotional episodes but rather considers all
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obtained emotion scores over time. Therefore, autoregressive modeling does not directly shed
light on the duration of specific emotional episodes and possible time-varying and person-level
predictors thereof. Second, autoregressive modeling assumes that recovery presents itself as
exponential decay, but this assumption is unsubstantiated.

These limitations can be addressed by applying time-to-event or survival analysis to model the
duration of emotional episodes (i.e., the survival time), irrespective of the shape of the recovery
trajectory. This technique is regularly used in medicine and epidemiology to model survival
times of patients after a cancer treatment. To be able to apply this technique to ESM data, it was
thus crucial to propose ways of identifying emotional episodes in ESM data. For instance, an
episode has been defined to start after the occurrence of a stressful event or at a relatively
extreme ESM score and to end when the ESM scores were close to the intensity before the event
or close to the mean affect level. Applying survival analysis to these episode durations, has
shown that emotionally recovering from stressful events takes around 63 minutes for non-
depressed individuals, but 75 minutes for those with depression (median recovery times; De
Calheiros Velozo et al., 2023). Additionally, multilevel survival analysis revealed that negative
emotions seem to dissipate more quickly than positive emotions, especially when individuals
report high state resilience (Schreuder et al., 2024). The potential usefulness of survival analysis
is not limited to the field of affect dynamics (Lachowicz et al., 2023; Lougheed et al., 2019;
Verduyn et al., 2009), but could also be relevant in uncovering processes that span longer
timeframes (e.g., how long does it take before mental health problems emerge after observing
the first indicators of risk).

Real-time monitoring of ESM time series

The common way to use ESM data is retrospectively: After the data collection has finished, the
data are analyzed at once. However, ESM can also be used prospectively. For example, do
changing affect dynamics foreshadow shifts in mental health (e.g., Cramer et al., 2016; van de
Leemput et al., 2014; Wichers & Groot, 2016)? Empirical work confirmed that this is indeed the
case in some individuals. These findings opened up the possibility to monitor vulnerable people
to detect in real time whether and when they are at risk of having a psychopathological episode
(or risk for self-harm behavior or suicide attempt). Such risk signaling would allow for timely
intervention. To fulfil this promise, methods are needed that can monitor and detect relevant
changes in ESM data as they unfold.

Recent simulation and empirical work has shown that statistical process control (SPC; Roberts,
1959; Shewhart, 1931) procedures are particularly promising for real-time detection of changes
in ESM data (Schat et al., 2023; Smit & Snippe, 2022). When applying SPC procedures in
practice, one implements two distinct data collection and analysis phases. In phase |, baseline
data are analyzed to capture the person’s normal range for the monitored process (e.g., affective
experiences), and used to compute control limits. Next, in phase I, continuously incoming ESM
data are compared against these control limits. As long as the monitored scores fall within the
control limits, the affective process is considered to be in control. As soon as a score falls
beyond a control limit, the affective process is considered to be out of control, and this may a
call to intervene. Figure 2 shows an example of an SPC procedure, where a first out-of-control
score is detected at time point 13 and monitoring stops to allow for an intervention.
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Research on applying SPC to ESM data has advanced in three directions. First, efforts have
focused on adapting SPC to the unique characteristics of ESM data, which often violate the
assumptions underlying SPC procedures (Schat et al., 2023; Schat, Tuerlinckx, De Ketelaere, et
al., 2024). Specifically, EWMA, the most popular SPC procedure, imposes that the data are
normally and independently distributed, whereas ESM data are often skewed and show serial
dependence. Second, studies have explored alternative methods for determining phase | control
limits, addressing the challenge of obtaining sufficient baseline data from individuals during
periods of well-being (Schat, Tuerlinckx, Schreuder, et al., 2024; Schreuder, Kuppens, et al.,
2024). Finally, SPC has been successfully applied to ESM data of 41 remitted individuals who
gradually discontinued their antidepressant medication, 22 of whom experienced a recurrence
of depression, demonstrating its potential to predict depression recurrence by monitoring and
detecting changes in mental states (Schreuder, Schat, et al., 2024; Snippe et al., 2023).

Figure 2. Example of an SPC procedure. (A) Phase | data used to compute the upper (UCL) and
lower (LCL) control limits, based on the estimated mean and standard deviation (i.e., fI; and ;).
These limits reflect person’s normal range for negative affect. (B) SPC procedure applied to the
incoming phase Il data, where a mean change (i.e., increase in negative affect) was introduced at
the start of phase Il. The dashed horizontal lines represent the UCL and LCL, the solid horizontal
line denotes the phase | mean fi;. The red dots indicate the out-of-control scores, with the first
detected at time point 13, after which monitoring stops to allow for an intervention.

Phase | Phase I
p, = 0 15

Time

SPC Score

Negalive Affect
B L o -

Implementation

Any successful implementation of ESM of course depends on data collection software, allowing
to send notifications to participants’ smartphones and register their responses. A variety of
software platforms (e.g., movisensXS, Movisens GmbH; ExpiWell; Avicenna Research; m-Path;
Mestdagh et al., 2023) are currently available for implementing ESM in both research and clinical
settings (for a recent overview, see Weermeijer, et al., 2025). These tools all share that they
support real-time data collection, allowing for the examination of behaviors, emotions, and
contexts as they occur in daily life.

The practical implementation of ESM goes beyond data collection software. In fact, given that
multiple things can go wrong during data collection, such as technical problems, participants
missing or ignoring notifications, tools are needed to thoroughly preprocess the collected data.
Moreover, open science tools to help researchers in making their decisions and in transparently
reporting on them have been developed.

Open Science practices in ESM

ESM is characterized by numerous decisions related to design, data collection protocols, item
selection, and data analysis strategies (Myin-Germeys & Kuppens 2025; Peeters et al., 2025;
Trull & Ebner-Priemer, 2020). This dense ‘garden of forking paths’ (Gelman & Loken, 2013) has
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contributed to significant methodological variation across ESM studies, threatening the validity
and credibility of scientific findings in daily life research. Consequently, three fundamental open
science practices—(pre-)registration, registered reports, and open materials—have been
specifically developed for ESM to enhance transparency and reproducibility.

The first open science practice, (pre-)registration of study design and analysis plan, has been
proposed to tackle issues related to selective reporting and a lack of transparency in
methodological decisions (Nosek et al., 2018; Munafo et al., 2017). While many (pre-
Jregistration templates have been developed to assist researchers in delineating their study and
analytical plans before conducting the research (Bowman et al., 2020), these templates often
fail to capture the full range of complex methodological decisions associated with conducting
an ESM study. For this reason, Kirtley et al. (2021) created a template specifically tailored to ESM
studies to assist ESM researchers at various stages of (pre-)registration. This template integrates
information about specific ESM methodological choices, such as the type of sampling scheme,
the description of the number and type of ESM items, protocols for briefing and debriefing
participants, and considerations regarding participant exclusion, missing data, and compliance.
Itis also accompanied by example templates illustrating registration before data collection and
post-registration of secondary data analysis.

A second practice gaining traction in ESM research is registered reports. A registered reportis a
type of scientific article that undergoes a two-stage peer review process (Chambers & Tzavella,
2022). In the first stage, a protocol detailing the methods and proposed analysis is peer-
reviewed prior to data collection or analysis. If accepted, the study is pre-registered and
provisionally accepted for publication. In the second stage, the results and discussion are peer-
reviewed to ensure no unjustified deviations from the pre-registration occurred. The
implementation of registered reports in ESM research has faced several challenges related to
project timelines (i.e., data collection cannot commence before Stage 1 acceptance) and issues
with data quality and quantity, which can severely compromise pre-registered analysis (Kirtley et
al., 2022). The issues related to data quality and quantity primarily concern compliance rates
(Wrzus & Neubauer, 2023), participant burden, and careless responding (Eisele et al., 2022).
Careless responding, in particular, can vary between individuals, over time, and across different
sample types (Hasselhorn et al., 2023; Pihlajamaki et al., 2025). Furthermore, numerous studies
have shown that ESM can induce changes in behavior or experience due to reactivity effects
(Eisele et al., 2023; Kirtley et al., 2025). Despite these challenges, submitting Registered
Reports allows researchers to ensure that data were not accessed prior to analysis. For
example, Janssens et al. (2023) published the first Registered Report on youth self-harm using
preexisting data from a large-scale ESM study.

Lastly, sharing open materials and data analysis code enhances study replicability and
reproducibility, as key materials—such as ESM design protocols, items, and analysis code—can
be accessed, evaluated, and reused (Munafo et al., 2017). An essential aspect of an ESM study
revolves around the items included in the momentary questionnaires. Since there are no
universal guidelines for developing and validating ESM items, many researchers construct their
items or draw from previous studies (Eisele et al., 2024). Furthermore, the lack of transparency
in measurement practices raises concerns about the validity of the measures and, ultimately,
the validity of empirical findings (Flake and Fried, 2020). To address this issue, the Experience
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Sampling Method Item Repository (Kirtley et al., 2025) was established as an open science
initiative, allowing researchers to share their ESM questionnaires. Currently, the repository

contains over 3,300 items contributed by researchers from 11 different countries, including
descriptions of the ESM item, the measured construct, and the study population.

Data preprocessing and quality control

Preprocessing of ESM data has received little attention for a long time and has suffered from a
lack of transparency, systematicity, and user-friendly tools; however, recommendations and
software have recently been developed. Viechtbauer and Constantin (2023) developed
esmpack, an R package that contains multiple functions that facilitate the preparation and
management of ESM/EMA Data (see Viechtbauer, 2025). Revol et al. (2024c) have proposed an
ESM preprocessing framework covering five key steps, ranging from validating the study protocol
execution (e.g., adherence to planned questionnaire scheduling), assessing participants’
response behaviors (e.g., response patterns, careless responses), and conducting exploratory
analysis through statistical summaries and visualizations of the variables of interest.
Additionally, Revol et al. (2024c) developed the esmtools R package along with the ESM
preprocessing gallery (https://preprocess.esmtools.com/), which provides detailed tutorials for
many of the preprocessing tasks within the framework. Finally, to facilitate transparent
documentation of preprocessing pipelines and reporting of data characteristics, Revol et al.
(2024c) provide RMarkdown templates to increase the reproducibility and transparency of ESM
studies.

Another more specific development worth mentioning is that the past years have seen an
increased attention to the detection and handling of careless responses. As participants are not
seldomly renumerated for their participation, they are motivated to achieve high compliance
rates. But this may come at the cost of data quality, even to the point where participants are
quickly entering random responses to achieve good compliance. If such careless responding
could be detected, its removal could mean a direct increase of data quality. While the
abovementioned framework by Revol et al. (2024c) pays some attention to careless responding,
other methods have been proposed with the sole purpose of directly identifying careless
responses in ESM data (e.g., Jaso et al., 2022; Ulitzsch, et al., 2025; Vogelsmeier et al., 2025).
We expect these methods to improve and become more widely available more available (e.g., by
being implemented in the data collection software platform) in the years to come.

Conclusion and future directions

Substantive research using ESM has gained enormous popularity over the last few decades. For
many researchers and even practitioners, ESM has become one of the standard tools to obtain
insight into psychological phenomena and processes as they occur in daily life. This increased
use of ESMis both the result of and the driving force behind much methodological research on
how to conduct ESM. As we have shown in our synthesis above, this methodological ESM
research covers a variety of aspects of the research cycle: design, statistical analysis, and
implementation.

Because of the wide range of research questions and the surge of technological and
methodological advancements the previous years, there is an enormous diversity in how ESM is
applied across different labs and practitioners. We expect that the next phase in the
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methodological development of ESM will be one of further consolidation of good practices. At
this point, the domain lacks clear and standardized procedures that enhance comparability and
replicability. To achieve such a consolidation, it will be important that methodological ESM
researchers provide well-studied and user-friendly tools and invest in workshops and online
training. A prime example of an important domain in which such standardized procedures are
needed is the reliability and validity of the measurement instruments. It would be extremely
useful if information on the reliability and validity of single items and multiple item scales for a
given target audience and research goal could be made available as part of the open online, item
repository (Kirtley et al., 2025). In a next step, such information could also be integrated into the
various software platforms for data collection. Similarly, integrating the preprocessing toolbox
with the data collection software would signal a step forward for ESM users.

Consolidating ESM research will also require an increased global collaboration between
research labs. Data collection is a costly enterprise and sharing the investment across labs may
be helpful. A first good step in that direction is the EMOTE database (Kalokerinos et al., 2025)
that curates and unlocks a large number of ESM data sets. Further global collaboration will also
allow to use ESM to investigate cross-cultural variability in daily life dynamics.

Conducting larger studies is one way to advance ESM research. However, moving in the opposite
direction, focusing squarely on the individual, may also be valuable. ESM can serve as a
powerful tool for idiographic approaches by incorporating individualized questions, aligning with
personalized models of psychopathology (Wright & Woods, 2020). Naturally, using such
individualized questionnaires, some of the methods discussed in this paper may be less
relevant (e.g., model-based reliability measures, survival analysis). However, other methods,
such as online monitoring using statistical process control, remain fully applicable.

Because technology is constantly improving, we expect that new developments will have an
impact on ESM as well. For example, many people nowadays wear a smartwatch or other
wearables that constantly monitor bodily activity. Information read out by wearables can be very
valuable in the context of ESM studies as it may provide insight in contextual information
(Niemeijer & Kuppens, 2024). With further improvement , such information could enrich ESM
data (e.g., informing in what type of contexts particular thoughts or feelings are (mal)adaptive)
and ESM designs (e.g., informing when participants may be able to fill in a questionnaire).

Readers might also wonder about the impact of machine learning methods, since such methods
have gained increased traction in psychological research. Although the ESM field is lagging
behind, enthusiasm for machine learning applications is growing indeed (see e.g., Wang et al.,
2025). The most prominent application involves employing supervised machine learning models
to predict or forecast (clinically) relevant outcomes (e.g., relapse in depression), frequently
incorporating mobile sensing and physiological sensors data (for example, see Niemeijer et al.,
2022; Strakeljahn et al., 2024). Machine learning ideas are also employed for model selection,
primarily through cross-validation. For example, Dejonckheere et al. (2019) use cross-validation
to benchmark the usefulness of diverse affect dynamic measures derived from ESM in
predicting psychological well-being. A few methodological studies have investigated how to
optimally implement cross-validation in ESM research (Bulteel et al., 2018; Liu & Zhou, 2024).
Moreover, Natural Language Processing, a branch of ML, has been used to analyze text and
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speech data (for example, see Weidman et al., 2020) and there are some first applications of
Large Language Models (Zhao et al., 2024).

In conclusion, this paper highlighted the ongoing development of methodologies underpinning
ESM. The growing adoption of ESM by substantive researchers as well as clinicians coupled with
technological advancements has opened up an array of significant research questions waiting
to be explored. These range from more practical and applied topics (e.g., personalization of
questions and scheduling based on participants’ profiles) to complex methodological
challenges (e.g., advancing analytical methods, linking self-reported and passively collected
data, distinguishing signal from noise). This range of scientific opportunities will make this field
an active and exciting domain of research in the years ahead.
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