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Abstract: Intensive longitudinal methods (ILM), such as experience sampling methods and daily surveys, are popular
research approaches in Work and Organizational Psychology. This article reviews recent developments in research on and
with ILM, addressing study design, data quality, and data analysis. Regarding study design, it describes experimental
approaches including just-in-time adaptive interventions (JITAI), within-person encouragement designs, and measurement
burst designs. Regarding data quality, it discusses compliance, missing data, careless responses, measurement reactivity,
reliability, and validity. It describes challenges in data analysis and illustrates data-analytic approaches with sample
studies. The article concludes with a discussion of implications for future research in Work and Organizational Psychology,
highlighting the importance of recruiting study participants who are best suited to the research questions to be addressed.
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Intensive längsschnittliche Methoden in der Arbeits- und Organisationspsychologie. Aktuelle Entwicklungen

Zusammenfassung: Intensive längsschnittliche Methoden (ILM) wie Experience-Sampling-Methoden und tägliche Befra-
gungen sind beliebte Forschungsansätze in der Arbeits- und Organisationspsychologie. Dieser Artikel gibt einen Überblick
über aktuelle Entwicklungen in der Forschung zu und mit ILM und behandelt dabei Studiendesign, Datenqualität und Da-
tenanalyse. Hinsichtlich des Studiendesigns werden experimentelle Ansätze dargestellt, darunter Just-in-Time Adaptive
Interventions (JITAI), Within-Person-Encouragement-Designs und Measurement-Burst-Designs. Bezüglich der Datenquali-
tät werden Aspekte wie Compliance, fehlende Daten, unaufmerksames Antwortverhalten, Reaktivität bei wiederholter
Messung, Reliabilität und Validität diskutiert. Der Artikel geht auf Herausforderungen in der Datenanalyse ein und veran-
schaulicht datenanalytische Ansätze anhand von Beispielstudien. Abschließend werden Konsequenzen für die zukünftige
Forschung in der Arbeits- und Organisationspsychologie erörtert, wobei betont wird, dass es wichtig ist, Teilnehmende zu
rekrutieren, die für die Beantwortung der jeweiligen Forschungsfragen bestmöglich geeignet sind.

Schlüsselwörter: Intensive längsschnittliche Methoden, Studiendesign, Compliance, unaufmerksames Antwortverhalten,
Messreaktivität

Work is a highly dynamic process. Experiences at work,
such as interactions with customers and challenging task
assignments, can differ from day to day and from hour to
hour (Sonnentag et al., 2025). This dynamic nature of
work requires research methods that reflect this dy-
namism. Intensive longitudinal studies with many repeat-
ed measurements within short timeframes offer the op-
portunity to capture these fluctuating experiences people
have at work. Intensive longitudinal methods (ILM) com-
prise longitudinal research approaches that “study peo-
ple’s thoughts, feelings, physiology, and behaviors in situ
with enough repeated measurements to model change
processes for each individual” (Laurenceau et al., 2026,
p. 514). ILM encompasses research approaches such as

experience sampling methods, daily diaries, ambulatory
assessment, and ecological momentary assessment,
which all focus on processes unfolding in everyday situa-
tions, usually within or across days.

Over the past few decades, ILM has become wide-
spread in psychology and related fields. For instance,
Laurenceau et al. (2026) demonstrated exponential
growth in the annual number of articles using some form
of ILM approach. Articles addressing well-being at work
show a similar exponential growth pattern (Sonnentag et
al., 2025). Relatedly, Ployhart et al. (2025) analyzed
articles published in six highly ranked journals in Man-
agement and Applied Psychology and found that, of all
the articles that used some form of ILM, more than 90%
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had been published between 2015 and 2024. This growth
reflects researchers’ interest in dynamic phenomena as
well as technological developments that facilitate data
collection (e.g., web-based survey tools, smartphones),
including advancements in statistical methods and soft-
ware packages that enable the analysis of multilevel data.
The ILM approach helps address interesting research
questions in Work and Organizational Psychology and
overcome problems inherent in traditional survey meth-
ods (i. e., retrospective bias) and typical lab experiments
(e. g., low external validity). Because of its widespread use,
it is essential to discuss the major problems while also
highlighting potential areas for improvement to continue
successfully investigating dynamic processes at work.

Accordingly, the goal of this paper is to describe the
core challenges of intensive longitudinal research in Work
and Organizational Psychology, and to discuss potential
remedies, many of them influenced by recent advance-
ments in research practices and statistical modeling. This
paper goes beyond earlier review articles in our field
(Beal, 2015; Gabriel et al., 2019; Ohly et al., 2010), which
aimed at providing general guidance about how to con-
duct intensive longitudinal studies and how to address
common problems in this research (e.g., participant bur-
den, common method bias). Instead, we focus on recent
developments in ILM approaches and address questions
of study design, data quality, and statistical modeling.

This article aims to make several contributions: First,
we strive to present advancements in ILM design, empha-
sizing particularly experimental and intervention designs.
By doing so, we hope to encourage researchers in Work
and Organizational Psychology to increasingly implement
these approaches. Second, we want to bring compliance
issues and careless responding to the attention of re-
searchers in Work and Organizational Psychology by
reviewing methodologically oriented research on data
quality in ILM. While most of this research has been
conducted outside Work and Organizational Psychology
(Wrzus & Neubauer, 2023), we want to familiarize re-
searchers in our field with the many interesting and
important methodological issues in ILM research. Third,
we want to motivate researchers in our field to dive
deeper into statistical approaches for analyzing intensive
longitudinal data. By pointing to developments that allow
for more explicit treatment of temporal processes, we help
researchers enrich their portfolio of statistical models so
they can choose the statistical approach that best fits their
theories and specific research questions. Such advanced
statistical approaches are particularly important to cap-
ture the dynamic nature of work (Zacher & Rudolph,
2020).

Taken together, we envision this article as a linking pin
between advancements in ILM research conducted in the

broader psychology discipline and research in Work and
Organizational Psychology. We are aware that our field
faces specific challenges (e.g., limited access to study
participants and difficulties in collecting field data in work
contexts), but we are convinced that the quality of our
research will further improve by leveraging recent devel-
opments in the broader field of psychology. We see this
article as an opportunity to initiate a discussion and
reflection on best-practice recommendations, which then
enable researchers to make informed decisions about
whether to deviate from best-practice recommendations
due to practical constraints.

What Are Intensive Longitudinal
Methods?

ILM is an umbrella term for research approaches such as
experience sampling and daily diaries. Typically, intensive
longitudinal studies involve frequent assessments and
relatively short assessment intervals (ranging from 15
minutes to 24 hours) conducted in the participants’
natural environments (Beal, 2015; Laurenceau et al.,
2026). Although studies that implement only one mea-
surement point per day have been widely used in Work
and Organizational Psychology (Sonnentag et al., 2025), it
is controversial whether such studies qualify as ILM
(Ployhart et al., 2025; Wrzus & Neubauer, 2023). As
Ployhart et al. (2025, p. 346) noted, implementing assess-
ments during “densely adjacent periods” is a more rele-
vant definitional feature than the exact number of mea-
surement occasions per day. Additionally, researchers in
Work and Organizational Psychology have used week-
level designs to examine somewhat longer-term processes
(Kern et al., 2023; Peter et al., 2025). Regarding study
design, many aspects we discuss regarding day-level
processes can be extended to week-level studies, although
Ployhart et al. (2025) do not consider week-level studies
as a typical intensive longitudinal design.

ILM enables the study of a multitude of research
questions related to the variability and change of psycho-
logical (or physiological) states and processes (Bolger et
al., 2003; Laurenceau et al., 2026). Studies typically
address three types of research questions:
(1) Intraindividual variability of psychological experiences

(e.g., how does workplace well-being fluctuate from
day to day?) and predictors of this variability (e.g., do
fluctuations in day-specific job stressors predict fluc-
tuations in workplace well-being?)

(2) Time courses of psychological experiences (e.g., how
does workplace well-being change after having wit-
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nessed an incivility event, and how long does it take to
return to its pre-event level?)

(3) Individual differences in within-person variability and
time courses (e.g., how does personality influence the
degree to which workplace well-being suffers from
day-specific job stressors? How do chronic job condi-
tions influence the time it takes for workplace well-
being to return to its initial level after someone has
witnessed an incivility event?).

Regarding data structure, ILM can disentangle variance
at two levels (i. e., days nested within person) and may be
extended to higher-level data structures (e.g., days and
persons nested within teams and organizations, or occa-
sions nested within days and persons). When examining
these research questions with ILM, scholars need to
address several methodological issues, such as selecting
an appropriate study design, collecting high-quality data,
and using suitable statistical methods for analyzing these
data. We discuss these issues in the following sections in
more detail.

Improving Study Designs

When planning any empirical study, researchers must pay
attention to study design. Although the literature has
addressed the frequency and timing of measurements
(Conner & Lehman, 2012; Ohly et al., 2010), other design
considerations in ILM often remained unaddressed. In
this section, we cover basic and more complex within-
person experimental designs as well as the measurement-
burst design, and discuss questions about methodological
triangulation, and statistical power.

Experimental Designs

Most intensive longitudinal studies are correlational in
nature. Researchers assess relevant constructs on multi-
ple days (and often multiple times a day), capturing events
and experiences as they naturally occur in people’s every-
day lives (Bolger et al., 2003). Subsequently, they analyze
their data using correlational methods, such as random-
coefficient modeling or multilevel path modeling. How-
ever, when the data are purely correlational, no causal
inferences can be drawn. Often, researchers try to miti-
gate the causality problem by controlling for the prior
score of the outcome variable, such as the score from an
earlier time of the same day (e.g., the morning) or from
the previous day (Gabriel et al., 2019). Although this
approach ensures that the chosen predictor variable is

related to changes in the outcome variable, this procedure
does not establish strict causality. Still, ILM approaches
that use values of a lagged predictor (timet-1) to capture
changes in an outcome from timet-1 to timet can be
valuable for establishing greater confidence in temporal
precedence (also referred to as Granger causality; for a
recent review, see Shojaie & Fox, 2022).

Researchers can take a major step toward causal infer-
ence by including experimental treatments (i. e., manipu-
lations) in their study designs. Experimental daily diary
studies have become increasingly popular during recent
years (e. g., Foulk et al., 2018; Lanaj et al., 2019). Exper-
imental approaches include both “basic” within-person
experimental designs and more complex approaches
(Nahum-Shani et al., 2015; Schmiedek & Neubauer,
2020). Experimental designs are often implemented
within intervention contexts. However, one can also use
an experimental approach to test more basic psychologi-
cal principles in organizational life. In addition, it is
important to note that not every intervention necessarily
follows an experimental approach.

Basic Within-Person Experimental Approach
Within-person experimental designs deliver the treatment
of interest on randomly chosen days and a control treat-
ment on the other days. In the case of a single substantive
treatment variable, it is usually dummy-coded (i. e., sub-
stantive treatment versus control) and used as a predictor
in the statistical analysis. For instance, Lanaj et al. (2019)
described an experimental daily-survey study in which
they examined whether the enactment of leader identity
in the morning increases leaders’ work engagement by
reducing depletion. On five randomly chosen days during
a 2-week period, the authors invited their study partici-
pants to complete a written self-reflection exercise de-
signed to activate leader identity. On the other five days,
participants had to write about everyday objects. Lanaj et
al. (2019) coded days with the identity-activation treat-
ment as 1 and control days as 0, then used this variable as
a predictor in a multilevel path model.

This approach of comparing experimental treatment
days with control days can be extended by including
multiple experimental conditions. For instance, Ho et al.
(2025) tested two experimental ethical-leadership condi-
tions against one another (using two dummy variables), in
addition to a control condition. Furthermore, the dummy-
coded treatment variable could also serve as a day-level
moderator variable (Schweitzer et al., 2023), depending
on the research question. Finally, whereas many daily
experimental studies randomize the experimental treat-
ment daily (Jennings et al., 2023; Woolum et al., 2017),
one can also randomize the experimental treatment
weekly, for instance, by starting with a control week,
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followed by the experimental week in one condition, and
starting with the experimental week in the other condition
(Hu et al., 2024; Song et al., 2018).

Researchers who want to use this within-person exper-
imental approach need to be aware of two problems. First,
manipulation checks need specific attention: Traditional
self-report measures of the manipulated behavior or
experience can be problematic because being repeatedly
asked about a specific behavior or experience (i. e., once
per day or even multiple times per day) may change the
behavior or experience, even in the control condition
(Barta et al., 2012). Consequently, not the experimental
manipulation but the question about the target behavior
or experience may lead to behavioral or experiential
change. To avoid this validity threat, researchers might
test the effectiveness of the manipulation in a separate
pilot study (Song et al., 2018; Zhou & Cheng, 2025).
Alternatively, researchers might use participants’ written
responses to the manipulations for the manipulation
check. For instance, in the Lanaj et al. (2019) study
mentioned above, coders who were blind to the study
conditions and hypotheses rated participants’ responses
to the self-reflection and control prompts as a manipula-
tion check.

Second, carryover effects may be a problem in within-
person experimental designs, so that the treatment deliv-
ered on one day might still have an effect on the next day.
From an experimental perspective, it is unfortunate if the
treatment influences the target behavior or experience on
the subsequent day, even when a control treatment is
delivered. The most obvious reasons for such carryover
effects are memory or learning effects. Participants might
remember the treatment provided the previous day and
continue to follow the treatment instructions, possibly
because they experienced a positive impact of the treat-
ment on the previous day. Researchers can address this
problem during data analysis by including additional
predictor variables that code whether the substantive
treatment was delivered on the preceding day. They
might also consider that carryover effects could become
evident only after a few treatment days have accumulat-
ed. Although carryover effects are problematic from an
experimental perspective, one might argue that, from a
practical perspective, they are desirable when they occur
within an intervention. As interventions aim to change
behavior over time, carryover effects of an intervention
treatment on a subsequent day when no treatment was
delivered could be an encouraging sign that the interven-
tion is effective.

More Complex Within-Person Experimental Designs
In addition to this relatively simple within-person exper-
imental approach with previously planned experimental

treatment versus control days, more complex approaches
can offer additional insights. Just-in-time adaptive inter-
ventions (JITAIs, Nahum-Shani et al., 2015, 2018) have
received particular attention during the past decade. They
are usually delivered via mobile devices and have gained
some popularity in health-related fields (Zainal et al.,
2025). In an effort to improve the effectiveness of inter-
ventions, Nahum-Shani et al. (2015) argued that interven-
tions should be delivered when recipients particularly
need the intervention (i. e., in states of vulnerability/
opportunity) and when they can receive, process, and use
the support the intervention provides (i. e., in states of
receptivity). Thus, when developing the intervention,
researchers should consult the literature and/or conduct
a pilot study to determine when intervention recipients
are in a state of vulnerability/opportunity and when they
are in a state of receptivity. For instance, for an after-work
recovery intervention, researchers might assume that
employees particularly need an intervention when the
workday was especially stressful (i. e., high vulnerability/
opportunity), and that employees are particularly likely to
engage in the intervention when they are not distracted
(i. e., high receptivity). Developing a JITAI further requires
that researchers capture momentary states of vulnerabil-
ity/opportunity and receptivity in the participants’ real
lives, for instance, via brief self-report measures, physio-
logical or movement data, and information from the
participants’ environment. Real-time computations can
then identify situations characterized by high vulnerabil-
ity/opportunity and high receptivity during which the
intervention could be delivered. Importantly, the inter-
vention is not provided in all identified high-vulnerability/
opportunity and high-receptivity situations but only in a
randomly selected (large) portion of all suitable situations.
Thus, in experimental terms, JITAIs allow researchers to
examine whether receiving an intervention (versus not
receiving the intervention) in a high-vulnerability/oppor-
tunity and high-receptivity situation leads to a favorable
outcome. While health-related interventions following the
JITAI approach have shown positive behavioral effects
(Wang & Miller, 2020; Zainal et al., 2025), the approach
has yet to be applied in the organizational context.

Going beyond the basic JITAI approach, Schmiedek
and Neubauer (2020) suggested a within-person encour-
agement design. This method accounts for the reality
that, in real life, study participants might not be able to
adhere to a randomized prompt every day and refrain
from the targeted behavior or experience on control days.
Therefore, negotiating the treatment regime with study
participants on an individual basis is an essential compo-
nent of the within-person encouragement design. Partic-
ipants identify a set of situations in which they can show
the target behavior, agree to generally engage in the target

4 S. Sonnentag et al., Intensive Longitudinal Methods in Work and Organizational Psychology

Zeitschrift für Arbeits- und Organisationspsychologie (2026) © 2026 The Author(s). Distributed as a
Hogrefe OpenMind article under the license

CC BY 4.0 (https://creativecommons.org/licenses/by/4.0)

 h
ttp

s:
//e

co
nt

en
t.h

og
re

fe
.c

om
/d

oi
/p

df
/1

0.
10

26
/0

93
2-

40
89

/a
00

04
78

 -
 F

ri
da

y,
 M

ay
 2

9,
 2

02
6 

3:
18

:3
0 

A
M

 -
 U

ni
ve

rs
itä

ts
bi

bl
io

th
ek

 M
an

nh
ei

m
 I

P 
A

dd
re

ss
:1

34
.1

55
.1

35
.1

1 

https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0


behavior when prompted, and not show the target behav-
ior when not prompted (and to report when they never-
theless showed this behavior). Researchers and partici-
pants then negotiate the percentage of suitable situations
(e.g., 50%) in which the random prompts will be deliv-
ered. This approach should help the participants to com-
ply with the study requirements while still managing their
daily lives. Results from studies using this approach are
promising (Caldaroni et al., 2026; Giurgiu et al., 2024).
We believe this approach is particularly suitable for
studies in organizational contexts that often impose more
constraints on study participation than other life domains.
For instance, a study participant may request that no
prompts be sent on Tuesday and Thursday afternoons
because meetings are usually scheduled during these
afternoons (and, therefore, the participant cannot adhere
to a specific behavioral prompt), whereas another partic-
ipant may ask that no prompts be sent during their
specific “quiet hour” in the morning.

Further Considerations
Of course, experimental manipulations need not be im-
plemented only at the within-person level (see also Li-
schetzke et al., 2015); one can combine between-person
manipulations with daily-survey assessments (Reis et al.,
2024; Völker et al., 2026). Furthermore, when consider-
ing issues of causality, we need to recognize that many
processes within organizational life are truly bidirectional,
and experimentally testing only one causal pathway may
provide an incomplete picture of the overall causal pat-
tern. Therefore, multiple experiments might be needed to
fully understand the complexities of causal processes.
Finally, we would like to note that advanced econometric
methods enable researchers to address questions of
causality without conducting traditional experiments. For
instance, Ployhart et al. (2025) describe how to use the
difference-in-differences model (Cunningham, 2021) to
analyze pre-post data.

Measurement Burst Designs

Measurement burst designs combine intensive longitudi-
nal designs with a traditional longitudinal approach (Sli-
winski, 2008). Typically, the data-collection process starts
with an intensive longitudinal study, during which re-
searchers assess momentary or daily data. After a longer
period (e.g., several weeks, months, or even years),
another period of collecting momentary or daily data is
scheduled. More than two such “burst” periods can be
combined, yielding a complex dataset that enables re-
searchers to study within-person variability and within-
person change over time (Nesselroade, 1991). This ap-

proach provides the unique opportunity to examine how
daily processes (i. e., within-person co-fluctuation in vari-
ables of interest) change over time. For example, Reis et
al. (2024) integrated an intervention study into a mea-
surement burst design, assessing daily survey data during
a week before an intervention and a week after an
intervention. Specifically, the authors examined the effec-
tiveness of two recovery interventions (versus a control
group) and were interested not only in how the interven-
tions influenced mean levels of daily state variables but
also how they affected relationships between these daily
state variables. When analyzing their data, Reis et al.
(2024) specified multilevel path models based on prein-
tervention and postintervention burst data and examined
how mean levels of and associations among daily state
variables changed from the preintervention to the postin-
tervention period in the intervention groups (versus in the
control group). This study demonstrates how to apply
measurement burst designs meaningfully to answer re-
search questions in Work and Organizational Psychology.

Measurement burst designs inherently impose a subs-
tantial burden on participants and require considerable
resources from researchers to compensate employees for
participation. When these demands cannot be met, re-
searchers may consider employing a simplified version as
a pragmatic alternative to a full measurement burst
design with two or more bursts of momentary or daily
assessments. Like the full design, this simplified version
starts with the assessment of momentary or daily data
(i. e., burst period). During the second measurement
period, researchers could then administer a simple survey
instead of another burst period, to test whether the daily
processes assessed during the first burst period predict
outcome variables over weeks, months, or years. In this
case, researchers might use means or variability measures
assessed during the burst period as predictors. In addition,
one can use the slopes resulting from testing relationships
during the burst period as predictors of longer-term
outcome variables (Neubauer et al., 2023).

Methodological Triangulation

Another important consideration for improving study
design is methodological triangulation. Even when one
cannot directly implement experimental approaches in
ILM studies, combining ILM with an additional experi-
mental data collection can help strengthen causal conclu-
sions. For example, Kundro et al. (2023) tested the
associations between evening psychological detachment,
next-morning shame, and workday cheating behavior in a
nonexperimental diary study, complemented by two ex-
periments that tested the causal chain. Another possibility
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is to combine different data-collection methods with an
ILM study to triangulate measures. On the one hand,
combining self-report measures with ratings from other
sources can be useful. For example, Abrahams et al.
(2025) examined the relationships among sleep, vitality,
and job performance using both self-reports and other-
ratings of job performance. On the other hand, more
objective data can be incorporated into ILM studies, such
as smartphone-based cognitive performance tests (Perzl
et al., 2024) or additional physiological measures such as
salivary cortisol samples (Sommovigo et al., 2023). Over-
all, these triangulation measures can help ILM move
beyond purely self-reported, correlational data.

Statistical Power

Statistical power is the probability of rejecting the null
hypothesis (i. e., “obtaining a statistically significant re-
sult”; Cohen, 1992, p. 98) when the null hypothesis is false
in the population of interest. Of course, researchers
should strive to conduct studies with sufficient power so
that they can find a significant result when this corre-
sponds to the phenomenon under study. Information
about the statistical power of a planned study is needed
to calculate the necessary sample size, both at the person
level and at the day (or occasion) level. As with all studies,
an intensive longitudinal study must be sufficiently pow-
ered to detect significant relationships or causal effects
when they exist. However, power calculations are more
challenging for intensive longitudinal studies than for
many other study designs, particularly for two reasons:
First, until recently, there were no user-friendly tools for
power calculations in multilevel designs; second, re-
searchers often do not have enough information about
the expected effect size and specific model parameters at
all levels of analysis.

For relatively simple intensive longitudinal designs,
packages such as the Shiny app PowerAnalysisIL (Lafit et
al., 2021) are available. The rules of thumb suggested by
Arend and Schäfer (2019) can also be helpful as a first
step. For more complex, intensive longitudinal designs,
Monte Carlo simulations can be a good option. Lau-
renceau et al. (2026) provided a summary of several
possibilities that are rather easily accessible. However,
conducting simulations requires information that is often
unavailable before the study begins. Drawing on informa-
tion from existing research or conducting a pilot study is
necessary. Thus, although substantial progress has been
made over the past decade, conducting an a priori power
analysis for intensive longitudinal data remains challeng-
ing (Tuerlinckx et al., 2026).

Improving (and Testing)
Data Quality

High data quality is essential for any empirical study. In
addition to the typical requirements (e. g., high reliability
and validity), researchers using ILM face specific chal-
lenges in ensuring high data quality. In this section, we
discuss compliance, missing data, careless responding,
measurement reactivity as well as specific reliability and
validity issues.

Compliance

As ILM requires substantial time investments from study
participants, compliance (i. e., “the response rate of answ-
ered assessments relative to the scheduled assessments”;
Wrzus & Neubauer, 2023, p. 825) can be an issue. Low
compliance is problematic because it reduces the posthoc
statistical power and introduces missing data. In two
meta-analyses, Ottenstein and Werner (2022) and Wrzus
and Neubauer (2023) examined compliance behavior in
intensive longitudinal studies (k = 481 and k = 496,
respectively) covering a broad range of topics and sam-
ples. The average compliance rates were 76.98% (SD =
14.10; Ottenstein & Werner, 2022) and 79.19% (SD =
13.64%; Wrzus & Neubauer, 2023). These compliance
rates are consistent with those reported by Gabriel et al.
(2019), who found rates ranging from 42% to 99% across
107 experience sampling studies published in top-tier
organizational journals by 2017. However, as Fritz et al.
(2024) noted, between 30% and 50% of intensive longi-
tudinal studies fail to report compliance rates, so that
actual compliance might be lower than the reported range
of 70% to 80%.

Compliance rates might depend on specific study fea-
tures. Interestingly, the two meta-analyses came to differ-
ent conclusions about the association between assess-
ment features and overall compliance rates. Whereas
Ottenstein and Werner (2022) report a small but signifi-
cant correlation (r = –.11) between the total number of
scheduled assessments and compliance, in Wrzus and
Neubauer’s (2023) regression analysis, this association
was nonsignificant. In Ottenstein and Werner’s analysis (r
= .00), the number of measurement occasions per day
was unrelated to compliance, whereas in the Wrzus and
Neubauer meta-analysis, it was associated with lower
compliance. Furthermore, experimental primary studies
compared low- and high-frequency sampling designs in
student samples but found no significant effects on
compliance (Eisele et al., 2022; Hasselhorn et al., 2022).
Findings regarding survey length were mixed (Eisele et
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al., 2022; Hasselhorn et al., 2022), with longer surveys (60
items) resulting in lower compliance than shorter surveys
(30 items) in only one study (Eisele et al., 2022).

The meta-analyses also analyzed the association be-
tween incentives and compliance. Studies that provided
monetary incentives achieved higher compliance rates
than those that provided no or nonmonetary incentives
(Wrzus & Neubauer, 2023). The highest compliance rates
were achieved when monetary incentives were provided
together with course credits (Ottenstein & Werner, 2022).
The maximum possible monetary incentive, however, was
unrelated to compliance (Ottenstein & Werner, 2022).
Compliance reinforcement (i. e., requiring a minimum
number of assessments) or contact between researchers
and study participants during data collection showed no
significant association with compliance rates (Ottenstein
& Werner, 2022; Wrzus & Neubauer, 2023).

Another option to increase compliance and reduce par-
ticipant burden lies in planned-missingness designs (Silvia
et al., 2014), which deliberately introduce missing data by
randomly “omitting some items for some participants”
(Silvia et al., 2014, p. 42) at some measurement occasions,
resulting in shorter surveys for participants and, ultimately,
in datasets in which missing data are completely at random
– an advantage for data analysis, as we describe later.
Although standard errors are higher, the substantive esti-
mates are unbiased (Silvia et al., 2014). However, of course,
unintended missing data can occur in planned-missingness
designs as well (Fritz et al., 2024), albeit they are less likely
when participant burden is lower (Eisele et al., 2022).

Overall, the literature on the predictors of compliance
in intensive longitudinal studies suggests that monetary
incentives can be beneficial. However, as most studies
considered in the meta-analyses included student sam-
ples, it remains to be seen whether the results apply to
studies in Work and Organizational Psychology with
employee samples. Findings on sampling frequency and
survey length remain inconclusive; effect sizes tend to be
small in analyses that reported significant negative asso-
ciations between frequent or long assessments and com-
pliance rates (Eisele et al., 2022; Ottenstein & Werner,
2022). In the following section, we describe how re-
searchers can address missing data as a serious conse-
quence of low compliance.

Handling Missing Data

Perfect compliance is unrealistic in intensive longitudinal
studies. Participants do not respond to all survey prompts,
so researchers must deal with missing data. In any
dataset, data can be missing completely at random
(MCAR), missing at random (MAR; i. e., the likelihood of

a missing datapoint is related to some other variable[s]
but not to the cause of missingness), or missing not at
random (MNAR; i. e., the likelihood of a missing datapoint
may be related to the cause of missingness; Little &
Rubin, 2002). While procedures are available for nonnest-
ed data that allow researchers to analyze missingness
patterns (Enders, 2010), questions about missingness
patterns are more difficult to answer for nested data
structures, for example, in intensive longitudinal studies.
Fritz et al. (2024) discuss the use of correlational analysis
to identify variables that might be associated with MAR
missingness patterns. Such an approach is less feasible for
MNAR because variables that might be associated with
missingness patterns are likely to be missing as well. For
instance, subjective strain symptoms associated with spe-
cific job stressors might be MNAR because no data may
be available from especially stressful situations.

When analyzing intensive longitudinal data, re-
searchers increasingly deal with missing data by using
statistical procedures, specifically by imputing data for
prompts that respondents missed. This approach is con-
troversial (Fritz et al., 2024) because the situations in
which participants missed prompts might differ substan-
tially from those in which they provided responses.
Therefore, imputing missing data based on available data
might bias the findings. However, in MCAR or MAR
situations, researchers can rely on imputation procedures
that address missing data effectively (Enders, 2025; Ji et
al., 2018). Advancements have been made even for
MNAR situations (McNeish, 2025).

Note that deleting days or persons with missing data is
highly concerning, as simulation studies have demons-
trated that deleting cases with missing data listwise
results in biased estimates (Grund et al., 2018). Even the
full-information maximum likelihood approach (FIML) is
problematic under specific circumstances (Grund et al.,
2018). In sum, imputation methods are suitable for hand-
ling missing data in intensive longitudinal studies. How-
ever, the better option is to strive for high compliance and
avoid missing data in the first place (Fritz et al., 2024).

Careless Responding

The term “careless responding” refers to participants’
response behavior when they answer survey items “without
regard to item content” (Meade & Craig, 2012, p. 437).
Examples of careless responding include randomly picking
one response option or providing the same response to
many consecutive items, regardless of the item content.
Careless responding is problematic because it can substan-
tially influence empirical results. With reference to tradi-
tional survey measures, Ward and Meade (2023) discuss

S. Sonnentag et al., Intensive Longitudinal Methods in Work and Organizational Psychology 7

© 2026 The Author(s). Distributed as a Zeitschrift für Arbeits- und Organisationspsychologie (2026)
Hogrefe OpenMind article under the license
CC BY 4.0 (https://creativecommons.org/licenses/by/4.0)

 h
ttp

s:
//e

co
nt

en
t.h

og
re

fe
.c

om
/d

oi
/p

df
/1

0.
10

26
/0

93
2-

40
89

/a
00

04
78

 -
 F

ri
da

y,
 M

ay
 2

9,
 2

02
6 

3:
18

:3
0 

A
M

 -
 U

ni
ve

rs
itä

ts
bi

bl
io

th
ek

 M
an

nh
ei

m
 I

P 
A

dd
re

ss
:1

34
.1

55
.1

35
.1

1 

https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0


problems such as attenuated correlations, distorted factor
structures, and compromised construct validity. These
problems most likely occur in intensive longitudinal data
as well.

The prevalence of careless responding in traditional
surveys varies widely, ranging from 1% to 50% (Ward &
Meade, 2023). Until recently, we knew relatively little
about the prevalence of careless responding in intensive
longitudinal studies. Using a multilevel latent-class ap-
proach, Hasselhorn et al. (2025) reported that, at the
occasion level, 74% of responses were classified as
“careful,” implying that 26% involved some form of
careless responding or were particularly slow when answ-
ering the surveys.

It is important to understand which features of inten-
sive longitudinal designs increase the likelihood of care-
less responding. Experimental studies tested whether and
how study-design features influence careless responding
in intensive longitudinal studies. For instance, Eisele et al.
(2022) reported that survey length (30 versus 60 items)
increased the likelihood of self-reported careless respond-
ing, whereas sampling frequency (three, six, or nine
surveys per day) had no effect. While Eisele et al. (2022)
found no effects of survey length or sampling frequency
on objective indicators of careless responding, a reanaly-
sis of the data using a novel screen-time approach showed
that higher sampling frequency (but not survey length)
increased the likelihood of careless responding (Ulitzsch
et al., 2025). Moreover, Hasselhorn et al. (2025) found no
effects of sampling frequency (three versus nine surveys
per day) on objective indicators of careless responding.
However, study participants who were less motivated to
answer the surveys were more likely to respond carelessly.
Still, as we mentioned regarding compliance, most exper-
imental studies on careless responding were conducted
with student samples, raising questions about the gener-
alizability of these results to employee samples.

Overall, although some aspects of study design may
increase the likelihood of careless responding, even short,
infrequent surveys may include careless responses.
Therefore, researchers should apply both a priori (e. g.,
using instructed response items) and posthoc measures
(e.g., testing for response invariability or outliers) to
minimize the impact of careless responding (Ward &
Meade, 2023). In recent years, tools have become avail-
able that help to identify careless responses in intensive
longitudinal data (Jaso et al., 2022).

Measurement Reactivity

Measurement reactivity describes the phenomenon that
“measurement results in changes in the people being

measured” (French & Sutton, 2010, p. 454). These mea-
surement-induced changes can include changes in the
construct being measured, participants’ behavior, or par-
ticipants’ response styles (Eisele et al., 2022). Intensive
longitudinal studies rarely directly test measurement
reactivity (Wrzus & Neubauer, 2023). Studies that did
capture measurement reactivity reported that responses
became faster (Arslan et al., 2021; Eisele et al., 2023), and
that within-person variance decreased over time (Eisele et
al., 2023). Findings are inconsistent regarding mean-level
changes in constructs. For instance, while some studies
reported changes in affect over time, most did not report
changes in positive or negative affect over time (for a
summary, see Ottenstein et al., 2024). Similarly, empirical
findings are inconsistent regarding potential changes in
emotional awareness or emotional clarity over time (Eise-
le et al., 2023; Ottenstein et al., 2024).

To examine potential measurement reactivity in their
data, researchers need to consider two aspects of mea-
surement reactivity. The first question is whether the data
pattern changes over the assessment period. To address
this question, researchers should control for the day of
study participation and examine whether it is associated
with any substantive variable of interest (Gabriel et al.,
2019). They should consider testing interaction effects
between the day of study participation and substantive
variables as well as examining measurement invariance
over time. In addition, planned-missingness designs can
provide insights into measurement reactivity (Arslan et
al., 2020).

The second question regards whether the assessment
of a specific construct affects other constructs during the
same day (and maybe the next day). One can address this
question by examining the question-behavior effect
(Wood et al., 2016). For instance, Sonnentag et al. (2022)
examined whether asking participants about their plann-
ing behavior in the morning affected subsequent behavior
during the day by including control days on which the
planning items were omitted. As there was some evidence
for a question-behavior effect, the main analysis con-
trolled for the presence of the planning-behavior items.

Reliability and Validity

Testing data quality also means examining the reliability
of the measures used. It is essential that reliability indica-
tors in intensive longitudinal data take the multilevel data
structure into account (Geldhof et al., 2014). Accordingly,
testing reliability at just one level (e. g., at the between-
person level) is misleading (Yang et al., 2022). This also
applies to the widespread practice of testing reliability
separately for single days of data collection and providing
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mean and range values, as this approach neglects that at
least two distinct variance components (e. g., persons and
days) characterize multilevel data. Examining internal-
consistency reliability in multilevel data can be done in
various ways, drawing on various approaches such as
generalizability theory (Cranford et al., 2006), multilevel
modeling (Nezlek, 2017), and multilevel confirmatory
factor analysis (Geldhof et al., 2014; Lai, 2021). All three
approaches compute reliability estimates at the between-
person and within-person levels and yield similar findings.
However, they neglect potential autoregressive effects in
the repeated-measurement data, which might bias relia-
bility estimates (Castro-Alvarez et al., 2026). Castro-
Alvarez et al. provide an overview of reliability approach-
es for multi-item intensive longitudinal data, tailored to
various purposes. Tuerlinckx et al. (2026) and Laurenceau
et al. (2026) discuss reliability approaches for single-item
measures.

Regarding validity, measures must capture the momen-
tary or day-level variability of the phenomenon of interest
(Cloos et al., 2023). This implies that the items refer to a
suitable timeframe, such as using “today” or “right now.”
Empirically, within-person variability should be reflected
in a relatively low intraclass correlation (for ranges of
within-person variance of constructs typically studied in
applied psychology, see Podsakoff et al. 2019). Neverthe-
less, when aggregating the momentary or day-level mea-
sures, they should relate substantially to between-person
measures of related constructs (Cloos et al., 2023). Con-
struct validity can be examined using multilevel confir-
matory factor analysis (DiStefano & Zhang, 2022). In
confirmatory factor analysis, researchers should deliber-
ately choose the constraints they impose at the within-
person and between-person levels (McNeish, 2026).
Moreover, it is important to test for measurement invari-
ance over time (i. e., ensuring that the construct is mea-
sured equivalently across time). To ensure that construct
validity does not change over time, measurement invari-
ance is crucial when explicitly testing temporal processes
as well as in studies that do not address temporal pro-
cesses. However, following traditional approaches for
testing measurement invariance becomes infeasible with
a large number of measurement points. In such a situa-
tion, alternative approaches should be used (McNeish,
2026). Regarding affect, for instance, Vogelsmeier et al.
(2024) demonstrated that its structure is indeed dynamic,
varying across individuals, time, and context. These au-
thors presented latent Markov factor analysis (LMFA) to
examine the dynamic structure of affect and address
measurement invariance issues.

Improving Data Analysis

Approaches for Taking Complex Data
Structures into Account

Data collected in intensive longitudinal studies typically
have a relatively complex structure, which makes it
impossible to apply standard statistical methods that rely
on the independence of observations. However, several
model classes are available to analyze intensive longitud-
inal data, and researchers can use advanced software to
conduct their analyses. These programs include Mplus
(Muthén & Muthén, 1998 –2015), Blimp (Keller & Enders,
2021), and various packages within the R framework,
including lme4 (Bates et al., 2015) and brms (Bürkner,
2017). Although the data collected with an ILM approach
can be analyzed with a broad range of statistical models, it
is essential to keep in mind that these models must be
able to handle a multilevel data structure, with at least
two measurement occasions (Level 1) being nested within
persons (Level 2). Often, the data have more levels, for
instance, including a team and/or an organizational level
as well.

When analyzing intensive longitudinal data, center the
variables appropriately (Enders & Tofighi, 2007). For
most types of multilevel analyses, it is important to
disentangle occasion-level relationships from person-level
relationships (Laurenceau et al., 2026). It is also recom-
mended to center categorical occasion-level variables
around the person mean (Yaremych et al., 2023).

Below, we describe several statistical models available
for analyzing ILM data and cite sample studies. The
coverage is deliberately selective, focusing on the most
commonly used approaches. Laurenceau et al. (2026),
Ployhart et al. (2025), and Tuerlinckx et al. (2026)
describe other interesting developments.

The most frequently used models are random-coeffi-
cient models and multilevel structural equation modeling
(SEM) or path-modeling approaches (Sonnentag et al.,
2025). Generally, the predictors in such models can be at
the occasion level (Level 1) or the person level (Level 2).
The slopes of the occasion-level predictors can be mod-
eled as fixed (when assuming that the slopes do not differ
between persons) or random (allowing for between-per-
son variation in the slopes). Because neglecting random
effects may result in erroneous conclusions (LeBeau et al.,
2018), specifying random effects should be preferred
(Laurenceau et al., 2026). When models include many
random effects and their respective covariance structures,
they may not converge. Researchers could limit the
inclusion of random effects to hypothesis tests only or
switch to Bayesian estimation (Laurenceau et al., 2026).
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Random-coefficient approaches are univariate analyses in
which a single outcome variable of interest is regressed on
one or more predictors. For instance, Zhou et al. (2015)
examined how day-specific incivility experienced at work
predicted end-of-work negative affect (while controlling
for before-work negative affect) and whether personality
variables and chronic job stressors moderated this associ-
ation. Interestingly, random-coefficient models can also
include polynomial terms for testing complex interaction
effects (Fu et al., 2024).

Going beyond the possibilities of random-coefficient
approaches, multilevel SEM, or path models (Preacher et
al., 2010) allows researchers to analyze more complex
models, including multiple simultaneous outcome vari-
ables, along with multiple mediators (for a more compre-
hensive discussion of mediation analysis for intensive
longitudinal data, see McNeish & MacKinnon, 2025). For
instance, Sawyer et al. (2022, Study 4) tested a mediation
chain from morning mindfulness to afternoon gratitude
via positive affect and perspective-taking, and in turn
from afternoon gratitude to helping behavior via prosocial
motivation.

Apart from these variable-centered approaches, mul-
tilevel latent profile analysis (MLPA) has gained some
popularity during recent years. Latent profile analysis is a
person-centered data-analytic approach (Wang et al.,
2013) that aims to identify specific latent configurations
of a set of variables of interest. Whereas the traditional
one-level latent profile approach tries to identify subpop-
ulations of people, MLPA within an ILM framework seeks
to identify subpopulations of days or occasions that are
characterized by latent configurations of specific variables
(Mäkikangas et al., 2018). For instance, Patterer et al.
(2023) studied profiles of social support (receiving and
providing social support) at the day level and examined
how the degree of reciprocity – resulting from specific
configurations of receiving and providing social support –
related to need satisfaction and exhaustion.

Addressing Temporal Issues

As experiences and behaviors at work fluctuate within
time and change over time, studying these phenomena
requires a “dynamic way of thinking” (Zacher & Rudolph,
2020, p. 8). ILM is suitable to capture this dynamism in
work experiences and behavior. However, the current
practice of analyzing intensive longitudinal data has not
taken full advantage of the possibilities that ILM offers. In
their analysis of 91 articles published since 2015 in highly
ranked journals in Work and Organizational Psychology,
Ployhart et al. (2025) found that only 15 articles (16.5%)
explicitly modeled time as a substantive variable, using

growth modeling. The other studies either neglected time
or included time as a fixed effect in the statistical model,
largely ignoring potentially interesting temporal patterns.
This finding is surprising because, during the past deca-
des, scholars have repeatedly emphasized the importance
of considering temporal issues in organizational research
(Mitchell & James, 2001; Shipp & Cole, 2015). Addressing
temporal processes is important because many processes
are time-sensitive (Sonnentag, 2012), and because causal
mechanisms are largely contingent on time (Voelkle et al.,
2012). Particularly, intervention studies and research
questions that address variability or change in relevant
constructs need to incorporate a temporal perspective.

Although Ployhart et al.’s (2025) analysis shows that
temporal processes have not yet received much attention
in past intensive longitudinal studies, statistical approach-
es are available to examine temporal patterns. First,
random-coefficient models as well as multilevel SEM and
path models can include time as a substantive variable of
interest. This approach allows researchers to model linear
and curvilinear time trends in the data by using growth
modeling (Ployhart et al., 2025). For instance, Lee et al.
(2023) examined how emotional exhaustion develops
over the course of the workday, and whether day-level
experiences and between-person factors affect these
emotional-exhaustion trajectories.

Second, dynamic SEM (DSEM) is an interesting ap-
proach that builds on time-series techniques and allows
for unequal time intervals between measurement occa-
sions (Hamaker et al., 2018). DSEM is computationally
demanding but allows for between-person differences
and across-time differences in the within-person param-
eters, including indirect effects. Zhou et al. (2021) provide
an illustrative description of how to use this approach. For
instance, Li et al. (2023) used DSEM to analyze how
intrinsic and extrinsic motivation on one day related to
intrinsic and extrinsic motivation on the next day and over
the weekend.

Third, whereas DSEM uses a discrete time model,
continuous-time SEM treats time as continuous (Voelkle
et al., 2012). This approach allows precise estimates of the
time required for variable A to exert an “influence” on
variable B and vice versa. Although this approach has thus
far been mainly used for traditional longitudinal data
spanning several weeks or months (Cho et al., 2025), it is
a promising method for intensive longitudinal data as well
(Ruissen et al., 2022).

In sum, explicitly including time in organizational
research advances our understanding of processes at
work. As investigating temporal patterns is a major chal-
lenge of our field (Shipp & Jansen, 2021), it is encouraging
to see these new data-analytic approaches emerging and
witness their application in Work and Organizational
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Psychology. Even when the research question does not
focus on temporal issues, incorporating time in the statis-
tical model provides a more adequate picture of the
relevant processes in our field.

Discussion

This article describes major developments in the ILM
approach, covering study design, data quality, and data
analysis. We now discuss what has been achieved, how to
apply the insights in Work and Organizational Psychology,
and how to improve the quality of intensive longitudinal
studies in our field. We address the three main topics of
this article – study design, data quality, and data analysis –
and extend our discussion to the decision about which
study participants to include in intensive longitudinal
research.

Study Design

Experimental designs have made their way into intensive
longitudinal research, also in Work and Organizational
Psychology (Foulk et al., 2018; Lanaj et al., 2019). This is
encouraging as experiments provide clarity about causal
effects. However, intensive longitudinal studies in our
field do not yet fully exploit the potential of experimental
designs such as JITAI or within-person encouragement
designs. For instance, mindfulness interventions (Hüls-
heger et al., 2020) could be coupled with a JITAI design;
reminders to be mindful could be sent in high-vulnerabil-
ity situations. Interventions that aim at increasing physical
activity while being at work (Völker et al., 2026) could be
designed as within-person encouragement studies in
which participants negotiate with researchers about suit-
able days and timeslots for activity encouragement. Im-
portantly, experimental approaches may prove helpful not
only in testing direct effects (e. g., intervention effective-
ness), but also in testing psychological processes assumed
as mediators (Podsakoff et al., 2026).

Measurement-burst designs are still underutilized in
our field (for an exception, see Reis et al., 2024), although
they offer the unique possibility to answer interesting
research questions. Future studies using measurement-
burst designs could examine which features of intensive
longitudinal data predict future states and experiences,
such as the mean levels and variability of variables during
the intensive longitudinal phase as well as the within-
person associations between two or more variables as
predictors. For instance, researchers might be interested
in whether the emotional reaction to anticipated and

experienced workload (Fu et al., 2024) translates into
impaired well-being over several months. Thus, re-
searchers would use not only the mean level of the initial
emotional reactions but also the slopes (i. e., initial emo-
tional reactions regressed on anticipated and experienced
workload) as predictors of a decline in well-being over
several months.

Statistical power – as an important aspect of study
design – is increasingly being discussed in intensive
longitudinal research in our field (Song et al., 2024) but
has not yet been systematically addressed. Instead, it
frequently appears to be an afterthought when the topic
has been brought up in the review process. When plann-
ing a study, researchers often refer to the average sample
sizes of previous research (as documented, for instance, in
Gabriel et al., 2019). Building on the recommendations of
Arend and Schäfer (2019) could be a good starting point.
However, as Arend and Schäfer (2019) and calculations in
previous research (Sonnentag & Wiegelmann, 2024)
demonstrate, the typical sample sizes used in intensive
longitudinal studies are far too small to detect cross-level
interaction effects (i. e., a between-person moderator
predicting the relationship between two within-person
variables), particularly when the interaction effects are
relatively small. In practical terms, it is rather unrealistic
to find replicable cross-level interaction effects in single
studies with sample sizes of 150 or fewer participants.
When aiming for larger sample sizes, researchers in Work
and Organizational Psychology often face specific cons-
traints, as access to organizations and their employees is
particularly difficult (for sample-size considerations, see
Lakens, 2022). To nevertheless be able to seriously ex-
amine cross-level interaction effects, we envision multi-
center studies as a promising approach. As in multicenter
medical research studies, several research groups could
agree on a common research question that involves cross-
level interaction effects and jointly collect data to reduce
the burden for all individual research groups. The re-
search groups involved could collect the data needed to
test the cross-level interaction effects, but still be able to
collect additional unique data to test other research
questions. Admittedly, conducting multicenter studies is
challenging, requiring robust decision-making procedures
(e.g., about measures and measurement occasions), mu-
tual trust, and adequate funding.

Data Quality

Recently, we have learned a lot about data quality in
intensive longitudinal studies, through both meta-analy-
ses (Ottenstein & Werner, 2022; Wrzus & Neubauer,
2023) and experimental studies (Eisele et al., 2022;
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Hasselhorn et al., 2022). Typically, however, this research
covered psychological studies in general. We know very
little about the data quality of intensive longitudinal
studies in Work and Organizational Psychology. Review
articles in our field that discuss data quality have focused
mainly on descriptive findings (Gabriel et al., 2019;
Ployhart et al., 2025; Sonnentag et al., 2025) without
providing much insight into study features influencing
data quality.

Although findings on data quality in the broader field of
psychology are important, they may not easily generalize
to Work and Organizational Psychology, partly because
many studies that tested data quality largely relied on
nonworking student samples. Some evidence suggests
that, when study participants are at work, they take longer
to respond to survey items, and this longer reaction time
may be explained by differences in information process-
ing when at work versus when not at work (Schneider et
al., 2024). Similarly, compliance in the work context may
be largely influenced by factors specific to the work
setting, such as momentary activities (e. g., a bus driver
cannot respond to a survey while driving) or work situa-
tions (e.g., momentary time pressure). Additionally, under
certain conditions, study participants may pay less atten-
tion to the specific item content or rush through the items.
For instance, response behaviors in survey studies change
when others are present (Eisele et al., 2026), making
careless responding more likely. Lastly, meta-analyses
based on student samples showed that monetary incen-
tives can positively affect compliance (Ottenstein &
Werner, 2022; Wrzus & Neubauer, 2023). However, mon-
etary incentives may be less attractive to employees,
particularly those in well-paid jobs (Gabriel et al., 2019).
Researchers need to consider alternative incentives when
recruiting participants for whom small monetary rewards
are not motivating factors for study participation and high
compliance. Providing individualized feedback based on
the survey data might be an alternative in these situations.
For instance, the formr package in R helps with creating
automated feedback reports (Arslan et al., 2020).

Taken together, there are several reasons to believe
that not all findings on data quality from studies with
student participants generalize easily to employee sam-
ples. Our field needs experimental studies that systemat-
ically examine study features as predictors of data-quality
indicators. In addition, reanalyses of existing correlational
employee datasets could provide insights into factors that
increase data quality. The work by Eisele et al. (2026)
demonstrates how to conduct such reanalyses.

Data Analysis

During recent decades, sophisticated statistical approach-
es for analyzing multilevel data have become available.
Nevertheless, there is still a gap between emerging statis-
tical methods and the approaches actually used in empir-
ical intensive longitudinal studies in Work and Organiza-
tional Psychology. As mentioned above, only a minority of
intensive longitudinal studies published in highly ranked
journals had explicitly modeled time, used nonlinear
models, or compared within-person with between-person
estimates (Ployhart et al., 2025). Even many highly pub-
lished studies failed to take full advantage of the richness
their intensive longitudinal data offered. We can only
speculate about the reasons for this gap between the
development of advanced statistical methods and their
rare use in applied fields, such as limited access to large
datasets, largely separated publication outlets, a lack of
awareness of the multitude of novel statistical approaches
among applied researchers, and a lack of training about
how to apply a specific method.

The gap between the sophisticated statistical approach-
es available and the actual use of the models implies that
researchers in our field are not testing interesting re-
search questions and more complex theories. Intensive
longitudinal data offer the unique opportunity to examine
complex processes unfolding over time. Therefore, these
data are uniquely suited to test organizational theories
that incorporate temporal elements. For instance, one
such theory is the domain-switch theory (Kaur et al.,
2025), which describes how people shift their attention
and activities through work and nonwork domains in
temporal patterns. These switches (i. e., transitions) may
occur at varying frequencies. Intensive longitudinal data
can be used to examine these switches, for instance,
through an event-based approach to data collection (i. e.,
conceptualizing a switch as an event). By incorporating
features of a measurement-burst design, researchers may
examine specific aspects and temporal patterns that
predict relevant outcomes, such as goal progress or work
enrichment, as Kaur et al. (2025) suggested.

To sum up, we would like to encourage researchers in
Work and Organizational Psychology to use more often
interesting emergent statistical approaches in their stud-
ies. We suggest increasing awareness of new statistical
developments, intensifying training, and collaborating
more in teams with experts in specific statistical ap-
proaches. Increasing awareness about novel data-analytic
possibilities might also help researchers ask new types of
research questions and formulate new theories.
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Study Participants

A topic largely overlooked in the discussion about ILM
within the broader psychological literature relates to the
samples included in empirical studies. Particularly in
Work and Organizational Psychology, it is important to
rely on study participants who represent relevant seg-
ments of the workforce. Because of time-dependent
research protocols, people working shifts or irregular
hours are often excluded from the studies (e. g., Gatari et
al., 2023), limiting the generalizability of study findings.
With advances in data-collection technology, it is now
possible to tailor research protocols to individual work
schedules, resulting in personalized data-completion
timepoints. Such individualized schedules not only help
broaden the inclusion criteria of studies but could also
increase compliance by sending surveys at times that are
convenient for employees. Artificial intelligence may help
with this still labor-intensive process of implementing
completely individualized survey invitations.

Researchers in Work and Organizational Psychology
increasingly rely on data-collection platforms such as
Qualtrics and Prolific because recruiting study partici-
pants is generally difficult and time-consuming. Although
this approach has clear advantages in terms of data-
collection effort and compliance rates, researchers need
to consider potential downsides, such as general concerns
about data quality (Gottfried, 2024) and the exclusive
reliance on self-reported information about the work
study participants are doing and the organizational setting
in which they work. Moreover, research questions ad-
dressing phenomena at the team or organizational level
cannot be examined with samples from data-collection
platforms. Using data-collection platforms may be a time-
efficient building block within a broader data-collection
approach, but we are concerned when the knowledge
gained in Work and Organizational Psychology largely
comes from a limited pool of study participants recruited
from platforms such as Qualtrics or Prolific. Often, there
is no objective information available about exactly what
such participants do, their specific working conditions,
and their organizational context. In addition, these partic-
ipants might be included in other studies in parallel. For
instance, Prolific has only 2,569 German full-time em-
ployees as of February 2026 (www.prolific.com), which
might indicate a risk that all German-language studies
using Prolific largely rely on this participant pool.

Obviously, there is no easy way to recruit study partici-
pants. Also, in light of increasing concerns about bot use and
other fraud incidents in online data collection (Shaw et al.,
2025), work and organizational researchers may want to
invest time and effort in building trusted participant pools
and increasing collaborations with organizations.

Conclusion

ILM represents exciting approaches for learning more
about how people experience their work. As technical
possibilities improve, better methods in study design, data
quality, and data analysis become more accessible, and
researchers make more deliberate decisions about study
participants, ILM will become even more attractive to
work and organizational psychologists. We hope that this
article encourages researchers to use ILM and to success-
fully address the challenges associated with their use.
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