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Ecological momentary assessment (EMA) increases ecological validity but can be burdensome. To reduce this
burden and to better understand psychological constructs in daily life, a growing chorus of voices has called for
augmenting or replacing EMA data with data passively collected from wearable devices. It is thus critical to
investigate the quality of wearable data and its overlap with typical self-report measures. Here we compared
results from passive sensing and EMA data from a project to build a warning system for depression in students
(WARN-D) in a large sample of 781 students. For 3 months, participants wore a Garmin VivoSmart 4 watch
and answered EMA surveys (up to 352 observations). We investigated whether and to what extent passive sen-
sor metrics were concurrently associated with different self-report measures purportedly measuring the same
constructs. We focused on stress, tiredness, and sleep, all of which have transdiagnostic relevance to mental
health and can arguably be assessed with self-report and physiological measures. We used longitudinal
mixed-effects models to estimate average momentary associations and their interindividual heterogeneity.
Self-report and wearable measures of sleep-related variables showed robust associations, while associations
were weaker for tiredness, and measures of stress did not overlap for most individuals. These findings suggest
that wearable data and their corresponding self-report measures may not necessarily measure similar con-
structs. We provide several explanations for this result, including semantic differences and measurement issues,
and offer insights and ways forward for mental health research combining wearable and self-report data.

General Scientific Summary

We investigated the concurrent overlap between self-report and wearable sensor data measuring stress,
tiredness, and sleep. For the majority of individuals in our sample, we found that self-report and phys-
iological measures of stress show very weak to no associations. These results raise several questions
about differences between data sources and potential measurement issues.

Keywords: ecological momentary assessment, digital phenotyping, passive sensors, measurement, stress

Collecting high-resolution mental health data via ambulatory
assessment has become a dominant theme in psychopathology
research in recent years (Hamaker & Wichers, 2017). In particular,
collecting self-report data in participants’ daily lives, often referred

to as experience sampling, allows for new insights into inter and
intraindividual variation (Hamaker & Wichers, 2017; Mestdagh &
Dejonckheere, 2021; Siepe, Rieble, et al., 2025). However, collect-
ing self-reported data over an extended period, possibly multiple
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times per day, can be burdensome for participants. Data collected via
passive sensors are increasingly being used to augment or to replace
self-report data and to reduce participant burden (Velozo et al., 2024).
Here we use a large, multimodal student dataset to answer the question
to which degree self-report and sensor data derived from wearable
devices assessing similar constructs such as stress are correlated.
Such work is important because other fields have recently demon-
strated that the assumption that different methods reliably assess the
same construct is often not met. For example, self-report and task-
based measures of different constructs such as self-control have
shown to be very weakly correlated (Dang et al., 2020), and there
are considerable discrepancies between self-reported and logged mea-
sures of digital media use (Parry et al., 2021). In the remainder of the
Introductory part, we introduce passive sensor data, outline its rele-
vance for psychopathology research, provide a brief overview of the
literature on the validity of passive sensing research, and then con-
clude with a summary of the present study.

Passive Sensing

Digital phenotyping, that is, data collected from passive sensors,
is seen as very promising in mental health science (Adams et al.,
2017; Ebner-Priemer & Santangelo, 2020; Huckvale et al., 2019;
Insel, 2018). This broad term includes physiological data collected
from wearable devices such as smartwatches and other passive sens-
ing data such as location or communication data collected via smart-
phones (see Mohr et al., 2017, for an overview). In this article, we
focus on data from wearable smartwatches while occasionally refer-
ring to the broader digital phenotyping literature.

Due to the high temporal resolution of such data, large amounts of
data can easily be collected per individual (Onnela, 2021), enabling
more scalable forms of assessment (Velozo et al., 2024). Another
hope is that digital measures will provide more “objective” assess-
ments of constructs for which self-report measures may be biased
or flawed (Insel, 2018). The continuous monitoring of individuals
may open the door to personalized early interventions and thereby
decrease existing barriers to treatments (Huckvale et al., 2019).
Besides being a useful resource for researchers, people with mental
health problems can also use passive sensor data for self-monitoring
(Nadal et al., 2021). Commercial-grade devices that are practical to
wear in everyday life play a crucial role in this regard. It has also been
argued that digital phenotyping may be particularly useful for trans-
diagnostic research (Ringwald et al., 2025), as passive markers
might relate to various symptoms across disorders. The extent to
which digital phenotyping can deliver on these promises depends
critically on many factors such as the quality of the data and the
extent to which psychological and physiological measures are asso-
ciated with one another.

In this article, we will, therefore, investigate three constructs that
are highly relevant to mental health. We assess the overlap between
self-report and wearable measures of stress, tiredness, and sleep,
which can arguably all be measured with both sensors and self-
report. We now describe the transdiagnostic relevance of these var-
iables and summarize their use in the digital phenotyping literature.

Stress, Sleep, and Tiredness as Transdiagnostic Markers

There is a long line of research into stressful life events and
chronic stress and their relationship with disorders such as major
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depression (see, e.g., Hammen, 2005) or substance use disorders
(Sinha, 2001). Daily stressors and their relations to maladaptive traits
have also been investigated in research on personality pathology
(Vize et al., 2024). In the digital phenotyping literature, several stud-
ies have focused on predicting stress from passive sensing data in
specific populations such as college students (see, e.g., Adler
et al., 2022), whose academic stressors may increase their risk to
develop mental illness (Auerbach et al., 2016).

Sleep problems are among the most common symptoms in the
Diagnostic and Statistical Manual of Mental Disorders, fifth edi-
tion, (DSM-5), and also a robust contributor to psychopathology
(Forbes et al., 2024; Freeman et al., 2020). Therefore, disturbances
of sleep are widely considered a useful transdiagnostic marker for
many psychiatric diagnoses (Baglioni et al., 2016; Harvey et al.,
2011), and it is no surprise that sleep was the most commonly inves-
tigated passive variable in a review of the depression literature
(De Angel et al., 2022). In a transdiagnostic study on digital markers
of psychopathology, the sleep-related variable “later bedtime” was
robustly associated with a summary of psychopathology domains
(Ringwald et al., 2025).

Tiredness or fatigue is conceptually related to sleep problems and
can be an indicator thereof (Coulombe et al., 2010; Shochat et al.,
2014). Fatigue has long been discussed as a common thread in the
intertwined nature of psychopathology and medical diagnoses
(Berrios, 1990). Due to its potential intraday fluctuations, tiredness
is useful for experience sampling studies and has, for example,
been used to investigate the interplay of sleep and affect (Mill
et al., 2016; Triantafillou et al., 2019). Conceptually, low-arousal
affect items such as feeling tired have a clear connection to depres-
sive symptoms (Price et al., 2023). In digital phenotyping studies,
the prediction of tiredness and fatigue with passive sensing has
been studied in specific clinical populations (Rao et al., 2023).

Overall, we believe that these three constructs present a good starting
point to investigate relations between self-report and passive sensing
measurement modalities, because they are common in mental health
problems, have shown to be transdiagnostically useful, and are relevant
to studying various forms of psychopathology in daily life.

Challenges in the Digital Phenotyping Literature

To date, much of the literature has focused on using digital pheno-
typing data for predictive purposes across a wide range of psycholog-
ical and psychiatric constructs (see Bufano et al., 2023; Melcher et al.,
2020; Mohr et al., 2017, for some example reviews in mental health).
However, the literature is still at too early a stage to obtain a compre-
hensive overview of measurement issues and draw an overall conclu-
sion about the utility of digital phenotyping for predicting constructs
related to psychopathology. While there are some promising and inter-
esting early results (see, e.g., Mohr et al., 2017; Smets et al., 2018),
some disappointing results have dampened some of the initial enthu-
siasm (Ebner-Priemer & Santangelo, 2020) and the literature is gener-
ally characterized by many small sample studies (see, e.g., De Angel
et al., 2022, for depression). We also suspect that, similar to other
areas of research, larger samples and preregistered studies will lead
to nonreplication of some promising early results (see Tackett et al.,
2017, for an overview and discussion of this topic for clinical
psychology). The emphasis on predictive models, often in the form
of complex machine-learning pipelines with limited interpretability,
further complicates understanding the relationship between specific
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passive and self-report measures(De Angel et al., 2022). Conversely,
the interpretability of predictive models will also benefit from a better
understanding of the underlying passive sensing variables. In either
case, to make progress in this field, a better understanding of how pas-
sive sensor measures relate to traditional self-report measures or clini-
cal ratings—in other words, construct validation in the broadest
sense—is crucial (Davidson, 2022; Langener, Siepe, et al., 2024;
Strauss et al., 2022). This is also our core goal in the present article.

There are several approaches to providing evidence of construct
validity for passive sensors. One approach is to validate measures cap-
tured by sensors against existing gold-standard laboratory devices (see
Nelson et al., 2020; Velozo et al., 2024, for some examples). For
example, wearables measuring stress-related arousal have been able
to capture similar information to gold-standard laboratory-based psy-
chophysiology measures, with some limitations (van Lier et al., 2020).
Another approach is to validate measures against self-report data, such
as social media use (Mahalingham et al., 2023), drug use (Bertz et al.,
2018), sleep duration (Lauderdale et al., 2008), and physical activity
(Prince et al., 2008)." These latter studies tend to conclude that self-
report measures of some behavioral or physiological constructs are
often imperfect and biased. We believe this is a reasonable conclusion
for well-defined and narrow constructs for which valid and reliable
laboratory devices exist.

However, there are reasons to believe that the discrepancy
between more objective and self-report data is not always solely
due to measurement issues on the side of self-report (Das Swain
et al., 2022). For example, the lack of alignment between digital
media use and logging data is in part due to poor self-report, but
may also arise due to sources of bias on the side of logging
(Jirgens et al., 2020). Reviews on digital phenotyping in social
media use (Chancellor & De Choudhury, 2020) and the social envi-
ronment (Langener et al., 2023) have found a lack of explicit valida-
tion and theoretic rationale for the use of passive sensor measures for
certain psychological constructs, such as using global positioning
system (GPS) and accelerometer data as indicators of social interac-
tions (Langener et al., 2023). Conceptually, broad constructs such as
stress can subsume various physiological and psychological facets,
for which self-report and sensor data might be differentially useful
(Das Swain et al., 2022). Generally, the more complex the construct
to be interrogated, the more difficult validation efforts become, espe-
cially when attempting to measure constructs encompassing various
psychological and physiological facets, such as many constructs in
mental health research (Tutunji, Kogias, et al., 2023).

A complicating feature in obtaining validity evidence for digital
phenotyping methods is directly related to one of their greatest
strengths: they produce large amounts of data, which poses several
challenges in data analysis (Langener, Stulp, et al., 2024; Onnela,
2021). Researchers must decide on a variety of potential preprocessing
and aggregation steps needed to make the temporal resolution of sen-
sor data compatible with self-reported data. In the absence of strong
theoretical guidance on the best decisions, this range of possibilities
leads to many degrees of freedom for the researcher, which can
have a large potential impact on the conclusions of a study. For exam-
ple, Niemeijer et al. (2022) have shown the importance of different
preprocessing and modeling choices on the performance of sensor
measures for predicting subjective sleep quality. Other work shows
that different temporal resolutions for aggregating passive sensor mea-
sures collected via smartphones led to different substantive conclu-
sions and predictive model performance (Langener, Stulp, et al.,
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2024). These results suggest that studies investigating the overlap
between self-report and passive sensor data should consider plausible
alternative pathways in the analysis pipeline.

The Present Study

In this study, we investigated whether and to what extent wearable
sensor metrics are concurrently associated with self-report measures
of the same construct. Specifically, we assessed the overlap between
self-report and wearable measures of stress, tiredness, and sleep in a
large sample of students over several months. This serves to improve
our understanding of the extent to which these transdiagnos-
tically relevant constructs can be assessed using passive sensors.
Methodologically, we adopted a multilevel modeling strategy of
time-series data to investigate the interindividual heterogeneity of
associations between self-report and sensor measures. To account
for the wide range of plausible analytic choices, we complement
our main analyses with a wide range of additional analyses, which
are available—together with code and additional information—in
our additional online materials (https:/osf.io/txgng/; Siepe,
Tutunji, et al., 2025).

Method
Transparency and Openness

We report how we determined our sample size, all data exclusions
(if any), all manipulations, and all measures in the study, and we fol-
low the Journal Article Reporting Standards (JARS, Appelbaum
et al., 2018). This study was not preregistered. Data collection for
the project to build a warning system for depression in students
(WARN-D) is ongoing and we want to avoid having different
small parts of the data shared across many projects. We will therefore
make data available (excluding potentially identifiable data) on the
WARN-D project hub (https:/osf.io/frqdv/) when all data are col-
lected, cleaned, and checked. We share the participant identifiers
we used for this article in the additional online materials to make
the article reproducible in the future. Data collection was approved
by the Leiden University Research Ethics Committee (2021-09-
06-E.I.FriedV2-3406). The project is funded by the European
Research Council in the Horizon 2020 research and innovation
program (Grant 949059).

Data were analyzed using the R programming language (Version
4.4.0, R Core Team, 2024). Our main analyses were conducted using
nlme (Version 3.1-164, Pinheiro et al., 2023). For visualization, we
mostly relied on ggplot2 (Wickham, 2016) and ggdist (Kay,
2024). We created a reproducible environment for the project via
renv (Version 1.0.7, Ushey & Wickham, 2024). A list of all
other packages used is provided in the additional online materials.

Participants and Procedure

Data were collected as part of the WARN-D study which aims to
build a personalized warning system for depression in higher-
education students. To achieve this goal, 2,000 students were followed
over multiple months. To be enrolled in data collection, participants

! These references do not all focus on wearable devices per se but provide
an overview of self-report versus passively collected data more broadly.
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had to be at least 18 years of age and be enrolled as students at a Dutch
institution of higher education. All inclusion and exclusion criteria for
the study can be found in Fried et al. (2023). Notably, participants
were excluded when they displayed moderate to high levels of depres-
sion, mania, thought disorders, substance-use problems; were under-
going treatment for these mental health issues; experienced moderate
to severe suicidal ideation; or indicated that they would find it stressful
to see estimates of calories burned as displayed by the smartwatch.
Data collection was divided into four cohorts with roughly 500 partic-
ipants each. We used data from all cohorts but excluded participants
who will be used as part of training/validation sets for future predic-
tion projects (see the preregistration by Tutunji, Proppert, et al.,
2023), leaving us with a final sample size of 1,193 participants. We
used the maximum number of participants available to obtain the
highest level of precision in our estimates.

The data collection procedure in WARN-D consists of a baseline,
an 85-day daily monitoring/ecological momentary assessment
(EMA) phase, and eight follow-up surveys. It is described in more
detail by Fried et al. (2023). At the time of writing, all regular
EMA data collection has finished while follow-up surveys are still
ongoing. During EMA data collection, participants received four sur-
veys per day over 85 days as well as a weekly survey on Sundays.
Surveys were sent via the Ethica application on their personal smart-
phones. Additionally, they were provided with a Garmin VivoSmart 4
smartwatch which they were supposed to wear during the full 85-day
period. Of the 1,193 participants, 80.64% identified as women,
16.08% identified as male, and 3.28% indicated another gender iden-
tity. The average age was 22.5 (SD = 3.94, range =[18, 61]). The
majority (51.30%) of participants were of Dutch/Belgian/German
nationality, 40.07% were of another European nationality, and the
other 8.63% had a non-European nationality.”

Measures

Our interest was to compare self-report and wearable data of
stress, sleep, and tiredness.

Self-Report Variables

Self-reported momentary stress was assessed four times daily with
a single item: “I feel stressed right now.” Momentary tiredness was
assessed with the question “I feel tired right now.” In the morning
survey, participants could indicate their sleep quality with the item
“Last night, I slept well.” All three variables were assessed on a
1-7 Likert scale, ranging from “not at all” to “very much.”

Digital Phenotyping Data

Digital phenotyping data were collected using Garmin VivoSmart 4
smartwatches. The watch automatically tracked parameters such as
heart rate, sleep, movement, activity, and stress. In the following,
we will use the terms self-report stress, self-report sleep, and self-
report tiredness as well as sensor stress, sensor sleep, and sensor
body battery to distinguish between self-report and wearable mea-
sures, respectively. The smartwatch provided various sleep indices
per night. We chose total sleep duration (in seconds) as the sensor
sleep measure, and converted it to sleep in hours. Note that a previous
systematic review indicates that the Garmin watch may overestimate
total sleep duration compared to polysomnography, often considered
a gold standard for sleep assessment (Schyvens et al., 2024).
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The smartwatch computed a stress score based on heart rate, heart
rate variability, and activity measures. It was quantified continuously
from O to 100, but Garmin provides four brackets of values for inter-
pretation (Garmin, 2024b): 0-25 as resting state, 26-50 as low stress,
51-75 as medium stress, and 76—100 as high stress. The stress score
was calculated based on a proprietary algorithm by Firstbeat
Technologies (Garmin, 2024b). A white paper by the company
(Firstbeat Technologies Ltd., 2014) provides some information on
the underlying analysis, but the algorithm is not explained in suffi-
cient detail to be reproducible. The smartwatch returned a stress
score every 3 min and has been used before, for example, to predict
change processes in psychotherapy (Hehlmann et al., 2021).

The smartwatch measure that may best capture the construct of
being tired is the so-called “body battery” score calculated by the
watch. It is supposed to measure the body’s energy resources which
are influenced by factors such as sleep, exercise, and stress (Garmin,
2024a). Similar to the stress score, it was calculated by taking into
account heart rate (variability) and activity data and sampled every
3 min. It was also continuously scored from O to 100, but there are
two main brackets for interpretation (Garmin, 2024a): 0-25 as a charg-
ing/parasympathetic state, and 26-100 as a tiring/sympathetic state.
Underlying these brackets is the assumption that stressful experiences
or a sympathetic state drain bodily resources. To the best of our knowl-
edge, this sensor feature has not yet been validated in peer-reviewed
research, although it is used as a feature by Daniels et al. (2024). We
chose to include this feature as a potential passive marker of tiredness.

Data Analysis
Preprocessing

As wearable data were assessed at a higher sampling frequency than
the EMA data, the sensor data needed to be aggregated before analysis
to match it to the concurrent EMA prompts. For this aggregation, we
needed to choose (a) the summary measure for aggregation (e.g., the
mean or the SD of passive sensor data such as stress), (b) the aggrega-
tion window (e.g., the time frame over which we aggregate, such as
15 or 240 min), and (c) the lag size relative to the EMA prompt (i.e.,
summarizing sensor data before, around, or after the EMA prompt).

In the absence of strong theoretical expectations, we chose the fol-
lowing procedure. As a summary measure, we selected the mean,
although we also estimated models using the SD and the maximum
(specifically, the 0.95 quantile of the data to avoid potential outlier
effects) as a summary for stress and tiredness scores. As aggregation
windows, we chose 15, 30, 60, 120, and 240 min. To align the sensor
data with the EMA prompt, we aggregated the data in three distinct
time frames (which we call “lag”): before the EMA prompt, around
the time of the EMA prompt, and after the EMA prompt. For exam-
ple, a combination of 30-min aggregation and a lag “around” the
EMA data means that we calculated the mean of the sensor in the
15 min before and the 15 min after the EMA beep. All possible com-
binations of aggregation window and lag specification resulted in
5 x 3 =15 data sets for analysis. We conducted all analyses on
each of the individual data sets. We always chose the data set
that is aggregated around the EMA beep with a 30-min aggregation
window as the main analysis. We estimated the same model on all

2 One participant’s demographic and baseline data were missing due to a
data collection error. We excluded this individual.
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15 data sets with different aggregation and lag specifications as sen-
sitivity analyses for different temporal aggregation choices. We
additionally provide further secondary analyses that are described
in more detail below.

All negative sensor stress values, representing either the lack of
enough data or that a participant was performing a physical activity,
were removed and coded as missing data. Further handling of miss-
ing data is described below as part of our analysis pipeline.

Main Analysis

We decided on a single main analysis for each of the outcomes
based on recommendations in the methodological literature (such
as Hamaker & Muthén, 2020; Myin-Germeys & Kuppens, 2022;
Wang & Maxwell, 2015), our theoretical expectations, and the prop-
erties of the data. For all main analyses, we estimated linear mixed
effects models with random intercepts and random slopes with the
nlme package in R. We deleted missing data points via listwise
deletion during model fitting, within-person centered all nonfactorial
predictor variables to separate between-person from within-person
effects, and used restricted maximum likelihood estimation.

We specified relatively simple models without any covariates
because we were interested in the overlap of different ways of assess-
ment, and not in any predictive capacities when controlling for
covariates. We excluded participants with <25% of valid data points
for all main analyses. While this cutoff is arbitrary, we chose it to
retain as many participants as possible while still obtaining reason-
ably precise estimates of within-person associations. This left us
with 730, 709, and 781 included participants for the stress, sleep,
and tiredness analyses, respectively. For all variables, most excluded
individuals lacked both sufficient EMA and sensor data, followed by
insufficient sensor data. Only a few participants were excluded
because of missing EMA data only. Additional information is avail-
able in the additional online materials.

In addition, we provide several secondary analyses in the addi-
tional online materials. We did not perform a full multiverse analysis
in which we would cross each analysis decision in a fully factorial
manner (see, e.g., Weermeijer et al., 2022). Rather, we decided on
the most appropriate alternative analyses for each target variable to
keep computational effort reasonable and the results interpretable.
A list of all secondary analyses is provided in Table 1.

All multilevel models for the main analyses consisted of the
following structure:

Yir = Bo + By - (i — X)) + By - Xi + B3 - dip + uo;

+ i - (i — X;) + eir, (H
Table 1
Overview of Secondary Analyses

Analysis Stress  Tiredness  Sleep
Interaction with age, gender, depression, v v 4

cohort (S1)

Change of residual correlation structure (S2) v v v
Informed “binning” of outcome (S3) v v X
Alternative outcome operationalization (S4) v 4 X

Note. This table contains an overview of all secondary analyses available in
the additional online materials along with a numerical index (e.g., S1) for
easy retrieval. S1-S4 = secondary analyses 1-4.

SIEPE, TUTUNIJI, RIEBLE, PROPPERT, AND FRIED

where y;, represents the sensor outcome y of individual i at time 7. The
value of the EMA predictor variable of individual i at time ¢ is
denoted as x;;, where X; represents its within-person mean. We addi-
tionally grand-mean centered x; for ease of interpretation. d;, denotes
the value of an additional categorical predictor for the time of day,
with the first prompt of the day serving as the reference category.
We added this predictor because we expected potential (small) intra-
day trends for stress and tiredness based on the results of a previous
study using a subset of the present data (Siepe, Rieble, et al., 2025).

The fixed intercept is denoted as f,. The fixed slope of the within-
person centered response is denoted as B; and can be interpreted as
the average within-person association. 3, is the fixed slope of the
person-specific mean and can be interpreted as the between-person
association. 5 contains the effects of the dummy-coded categorical
predictor and can be interpreted as differences in the predicted out-
come variable at different times of the day. All estimates represent
conditional effects, that is, effects holding all other predictors cons-
tant. For brevity, we do not repeat this point in the Results section.
The random effects are represented by u; and uy;, which are the ran-
dom intercepts and slopes of the within-person effect for individual
i, respectively. Both random effects follow a normal distribution.
The residuals e;; are assumed to follow an autocorrelated structure
with lag-1, for which we ignored potentially different time intervals
between prompts.

For the main analysis of stress, we regressed mean sensor stress
during the aggregation window on self-reported stress. For the tired-
ness main analysis, we regressed mean body battery during the
aggregation window on self-reported tiredness. After initial prob-
lems with estimating the random effects covariance matrix, we
divided the sensor outcome variable by 100 for both analyses to
avoid large differences in the variance of the outcome and predictors.
We report all estimates on the original scale below for ease of inter-
pretation. For the sleep main analysis, we regressed sensor total sleep
duration on self-reported sleep quality in the morning after. As we
expected no persisting temporal trends across the course of the
study, we performed no detrending and did not include a time-of-day
variable, as sleep variables were only assessed at the first prompt of
the day.

To better understand the size of an effect, we interpreted the size
of the regression coefficient B; with respect to the scale of the out-
come variable. As another form of interpretation, we calculated
the standardized effects obtained by standardizing outcomes and
predictors with the person-specific variance. Additionally, we esti-
mated the marginal R (only considering the variance of fixed
effects) and the conditional R* (additionally considering the vari-
ance of random effects) based on the method by Nakagawa et al.
(2017) as well as the root-mean-square error (RMSE) as imple-
mented in the performance R package (Liidecke et al., 2021)
as estimates of model performance. We used the best linear unbiased
predictor estimates for individual random effects in combination
with the fixed effects estimates to calculate and visualize person-
specific associations between sensor and self-report data. Unless
declared otherwise, we used the conventional error level of .05.

Secondary Analyses

To save space, we report more detailed results of our secondary anal-
yses and robustness checks for our main analyses in the additional
online materials. For all outcomes, we also included interactions of
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the main effect of interest () with age, gender, depression severity at
baseline, and study cohort (from one to four). Due to the small sample
size of individuals who did not identify as women or men, we did not
include them in the estimation of the interaction effect and coded gen-
der as binary.? These analyses help to understand whether the within-
person association between self-report and sensor variables differs
based on demographic characteristics, depressive symptomatology,
or the study cohort. We added the latter to investigate potential sea-
sonal influences and changes in watch quality over time. Depression
severity was assessed using an adapted version of the Patient Health
Questionnaire-9 (PHQ-9; Kroenke et al., 2001), see Fried et al.
(2023) for more information. We also estimated all models without
an autocorrelated residual structure. For stress and sleep, we estimated
additional models where we “binned” the sensor variables based on the
categorization by Garmin provided above. This analysis helps to
understand if the categorical understanding of stress and body battery
values as put forth by Garmin leads to clearer associations with self-
report variables. For stress and tiredness, we also used the SD and
the maximum value during the aggregation window as alternative
operationalizations. Using, for example, the maximum of sensor stress
values as an outcome could be meaningful if self-reported stress
reflects the highest stress level around the EMA beep instead of an
average.

Results
Descriptives

As explained in the Method section, our data consists of 15 data
sets with different lags and aggregation windows of wearable data,
whereas the EMA data is identical across these data sets. We calcu-
lated person-specific summary statistics for each variable of interest
in each data set. To provide a general overview of all data, we aggre-
gated summary statistics across data sets for Table 2. To summarize:
we first calculate person-specific summaries, such as the mean or the
standard deviation, for each variable in a data set. We then calculate
the mean across individuals for each of these summaries, obtaining
the average of person-specific summaries per variable per data set.
We can then again average these across data sets.

To give insight into interindividual variability in summary statis-
tics, Figure 1 contains distributions of person-specific means for the
items used in the main analysis. Many individuals had a low mean
of self-report stress and a relatively high self-report sleep quality.
The person-specific averages of sensor stress and body battery are

Table 2
Descriptive Statistics

Variable Range iM iSD Missingness
Self-report stress 1-7 2.43 1.18 0.33
Self-report tiredness 1-7 3.64 1.37 0.33
Self-report sleep quality 1-7 4.88 1.21 0.34
Sensor stress 0-100 42.78 21.66 0.42
Sensor body battery 0-100 51.38 25.00 0.39
Sensor sleep duration 0-100 8.47 1.47 0.46

Note. Descriptive statistics were calculated for individuals included in the
main analyses. The starting letter “i” refers to the individual summary
statistics. Missingness was calculated as a median proportion. Sensor sleep
duration is calculated in hours. Range refers to the possible range of the
respective scales. iM =mean of person-specific means; iSD =mean of
person-specific standard deviations.
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concentrated rather closely to the scale average of 50. Orienting our-
selves at Siepe, Rieble, et al. (2025), we present additional descrip-
tive statistics and item properties in the additional online materials.

Analysis Results

Table 2 summarizes the main results, that is, regression estimates
on the data set that aggregated sensor data in the 30-min window
around the EMA prompt. Additionally, the person-specific estimates
of the association between EMA and sensor variables are visualized
in Figure 2. These were obtained by adding the estimate of an indi-
vidual random effect to the fixed effect. In the following, we round
results to two decimals, unless values are small enough that the third
decimal contains relevant information.

Stress

As shown in the leftmost column of Table 3, the overall within-
person association of self-report and sensor stress was positive, but
rather small (8; = .49, 95% CI = [0.35, 0.63]). The standardized esti-
mate for this relationship was 0.026 (95% CI = [0.019, 0.033]), which
means that a one SD change in self-report stress corresponds to 0.026
SD change in sensor stress. The random slopes of the within-person
effect had a SD of 1.29, implying considerable variability across peo-
ple. This also means that the association was estimated to be negative
for a substantial amount of individuals (see Figure 2).

In the sensitivity analyses of different temporal aggregation
choices, we found the same general pattern of results, where B,
ranged from .17 to .67 with a mean of .46 (SD=0.13). See
Figure 3 for the results of the sensitivity analyses.

The between-person component of self-report stress had a
small positive association with sensor stress (B, = .56, 95%
CI=[—-0.02, 1.14]) that was not significant at an o level of .05. If
the effect were robust, this would mean that individuals with a higher
average self-report stress also report higher levels of sensor stress.
We additionally found a strong effect of the categorical predictor
of time-of-day, showing that sensor stress was lowest for the morn-
ing prompt and considerably higher at later prompts of the day.

While the conditional and marginal R? point estimates of .22 and
.13 indicate some amount of explained variance of the overall model,
this can largely be attributed to the effects of the time-of-day predic-
tor. When omitting this predictor, conditional and marginal R* drop
to .085 and .001, respectively. The RMSE was 21.66.

The same general result holds across our different secondary anal-
yses. In secondary analysis S1, we found no significant associations
between age, gender, or depression at baseline with the association
between sensor and self-report stress. We found a significant effect
of the study cohort, where participants in cohorts two and four
showed slightly weaker associations between the sensor and self-
report measure. For the second cohort, the average effect was 0.
Changing the autocorrelation structure in S2 had no meaningful
impact on results. When binning the outcome into four stress levels
as used by Garmin (no, low, medium, and high stress) for secondary
analysis S3 within an ordinal regression model, we observed a weak
relationship (but this is not straightforward to compare to our linear
mixed effects models). In S4, using the standard deviation of the

3 We additionally report the analysis with a separate category for nonbi-
nary gender in the additional online materials.
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Figure 1
Raincloud Plots for Person-Specific Means in Main Analysis
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Note. Individuals excluded in the main analysis because of the amount of missing data are also excluded
here. The boxplot displays the first and third quartile of the distribution as upper and lower hinges, and the
median as a horizontal bar. The whiskers extend to 1.5 times the interquartile range. Dots represent individ-

ual means. See the online article for the color version of this figure.

sensor stress led to even weaker associations with self-reported

Tiredness

stress. Using the maximum sensor stress during the aggregation

period as an outcome led to slightly stronger associations (mean
within-person relationship across all 15 data sets of 0.59 compared
to 0.46 in the main analysis). Full results are available in the addi-

tional online materials.

Figure 2

We found a negative association between self-reported tiredness
and sensor-based body battery in our main analysis (B,
95% Cl=[—1.68, —1.42], see the middle column of Table 3).

—1.55,

The relationship is negative as a higher sensor body battery is

Individual Estimates for Main Analyses

Stress
Mean = 0.49
SD =0.87

Tired

Mean = -1.55
SD=1.44

Sleep
Mean = 0.33
SD=0.17

-2 0 2

-4 0 4

Regression Estimate

Note. This figure uses data from the data set aggregated in a 30-min window around the EMA beep. The
densities represent the estimated distribution of person-specific estimates for the respective analysis. The
person-specific estimates were obtained by adding the empirical Bayes estimate to the fixed effect.
The black bars represent the mean (black dot), 66% (thick bar), and 95% (thin bar) of the distribution.
These do not represent the intervals of statistical uncertainty, but rather a dispersion of person-specific
point estimates. Note that the standard deviation of individual estimates is smaller than the estimated random
effect standard deviation due to shrinkage. EMA = ecological momentary assessment. See the online article

for the color version of this figure.
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Table 3
Results for Main Analyses

—0.082 (95% CI = [—0.087, —0.076]). Across the 15 different aggre-
gation and lag types in our sensitivity analyses, we estimated a mean
point estimate of B; of —1.47 (SD = 0.28). The specific point esti-
mates with their 95% CIs for each aggregation window and lag size

Dependent sensor variable

Stress  Body battery  Sleep duration are provided in Figure 3. There seems to be a tendency for associations
Parameter @) @ G to be the strongest when the sensor data are aggregated in a relatively
Intercept 28.27%* 71.68%* 8.43%* long timeframe before the EMA prompt, and the weakest when sensor
(0.28) (0.03) 0.35) data are aggregated after the EMA prompt. We found a strong effect of
Self-report stress WP 0.49%* the categorical predictor of time-of-day: body battery values were con-
Self-report stress BP (gg? siderably lower at later timeszduring the day. As indices of model fit,
(0.30) conditional and marginal R~ values were estimated as .42 and .30
Self-report tiredness WP —1.55%%* and—similar to the stress analyses—dropped considerably, to .20
' 0.07) and .05, without the inclusion of the time-of-day variable. The

Self-report tiredness BP 7822** RMSE was 20.46.
Self-report sleep quality WP ©30) 0.33%% The association remained mostly stable across secondary analyses.
0.01) In secondary analysis S1, we found a significant interaction effect of
Self-report sleep quality BP 8 (l)i** the within-person effect with age (point estimate 0.04, 95%
Midday prompt 18 68%* _ 1458+ (0.04) Cl= [0.007? 0.074]). Thc.z .1nterac.t10n with age, albeit significant, is
0.16) 0.09) too small to interpret. Participants in cohorts two and four had stronger
Afternoon prompt 20.40%* 08 64k average within-person associations of the self-report and sensor mea-
(0.16) (0.10) sure, with average effects being ~40% larger compared to the first
Evening prompt 22.64%% —38.23% cohort. The interactions with gender and depression were not signifi-
Random intercept SD (gég) (gg?) 070 ca}nt. Cha.nging the . residual correlgtign structurc? (S2) resulted in
Random slope SD 1.29 1.62 0.21 slightly higher within-person associations, but did not change the
R? (conditional) 0.22 0.42 0.28 overall gist of the results. The binning of the outcome into the two cat-
R? (marginal) 0.13 0.30 0.07 egories provided by Garmin (“parasympathetic” and “sympathetic,”

RMSE 21.66 20.46 1.33

secondary analysis S3) resulted in a similarly modest association as
our main analysis. Using alternative summary statistics of body bat-
tery during the aggregation window as the outcome (S4) led to consid-
erably weaker (standard deviation as outcome) or roughly similar
(maximum as outcome) results compared to the main analysis. Full
results are again available in the additional online materials.

Note. Random intercept SD and random slope SD refer to the standard
deviation of the random effects. Values in brackets below a point estimate
denote the standard error. We do not report standard errors of variance
components here, but their confidence intervals are available in the additional
online materials. WP = within-person effect; BP = between-person effect;
RMSE = root-mean-square error.

##p <05,

Sleep

associated with lower tiredness. As the sensor measure was assessed

on the same scale as the sensor stress measure, this indicates a stronger
relationship between self-report and sensor measures of tiredness
compared to stress. The standardized effect of this relationship was

We found a small, positive association between self-reported
sleep quality and sensor-based sleep duration in our main analysis
(B; = .33, 95% CI=10.31, 0.35], see the rightmost column of

Figure 3
Fixed Effects of Stress and Tiredness Across Aggregation Windows and Lags
Stress Tired
before © 0.48 0.42 0.3 0.21 0.17
[0.33,0.62] [0.29,0.56] [0.18, 0.43] [0.1,0.32] [0.08, 0.26]
L%D around | 0.54 0.49 0.46 0.46 0.41
[0.39,068] [0.35,0.63] [0.33,06] [0.33,058]  [0.3,0.51]
after | 0.56 0.53 0.61 0.67 0.52 -0.67
[0.42,071] [0.39,0.67] [0.47,0.75] [0.54,0.81]  [0.4,0.64] [-0.79, -0.55]
15 30 60 120 240 15 30 60 120 240
Aggregation Window (in Minutes)
Note. This figure contains the point estimates of the within-person association of self-report with sensor

data (in other words, B;) across different lags and aggregation windows. For example, an aggregation of
120 min “before” means that the outcome of the regression was the mean of sensor data within the 2 hr before
the EMA prompt. The brackets below the point estimates indicate the 95% CIs. Tiles are color-coded based
on the (absolute) strength of the estimated relationship. EMA = ecological momentary assessment; CIs =
confidence intervals. See the online article for the color version of this figure.
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Table 3). This means that a difference of one point on the self-report
response scale corresponds to a difference of around 20 min in sleep
duration, meaning that if an individual reports higher sleep quality
compared to their average, they also tend to have a longer sensor
sleep duration. The standardized effect for this relationship was
0.26 (95% CI =[0.25, 0.28]). The standard deviation of the random
slopes for sleep duration 0.21 (95% CI = [0.20, 0.23] indicates a rel-
atively large variability in within-person associations. The point esti-
mate for the between-person association between self-report sleep
quality and sensor sleep duration was 0.12 (95% CI=[0.05,
0.19]), indicating that individuals with higher average self-report
sleep quality had a higher average sensor sleep duration. As sleep
was assessed retrospectively in the morning and there is only one
sensor value per night, the aggregation window and lag size do
not play a role here. Conditional and marginal R? were estimated
as .28 and .065, while the RMSE was 1.33.

In our secondary analysis S1, we found no significant interaction
of the within-person association with age, gender, or depression.
Participants in cohorts two and four showed higher within-person
associations between the sensor and self-report measure compared
to the first cohort. Specifically, the average association was ~30%
stronger in cohort two compared to cohort one. Point estimates of
the association were virtually identical to the main analysis when
specifying a different autocorrelation structure (S2). Full results
are available in the additional online materials.

Discussion

We analyzed the concurrent associations between self-report and
wearable measures of stress, sleep, and tiredness in a large student
sample. Overall, largely independent of preprocessing and modeling
choices, we found very small associations for the stress measures,
suggesting a lack of overlap between the sensor and self-report mea-
sures. For sleep and tiredness, we found stronger relationships (stan-
dardized point estimates of 0.26 and —0.082, respectively) with
strong interindividual heterogeneity, suggesting that the sensor and
self-report versions may tap into a somewhat similar construct.

Our secondary analyses indicate that age, gender, and depression
were not meaningful moderators of the association between self-
report and sensor measures. However, average within-person associ-
ations for stress were weaker in cohorts two and four whereas they
were stronger for tiredness and sleep in the same cohorts. This is a
surprising result, and we can only speculate about its causes. One
potential factor may be that cohorts one and three were assessed in
the winter (December through February), and cohorts two and
four in the summer (June through August), implying substantial tem-
perature differences in the Netherlands. While various plausible
explanations come to mind—for example, differences in lifestyle
or sweat production—we are unaware of any research into the
topic. We do not find that sensor data quality systematically goes
down with each cohort, implying that the smartwatches likely do
not deteriorate meaningfully over the data collection time frame of
around 2 years.

We found no evidence for depression as a moderator of the asso-
ciation between passive sensing and self-report data. Looking at the
literature, Collins et al. (2025) have found that the discrepancy
between both data types was larger for individuals with higher
depressive symptoms, which they link to potential recall biases or
memory deficits. Price et al. (2025) used actigraphy-based

SIEPE, TUTUNIJI, RIEBLE, PROPPERT, AND FRIED

prediction models for depressive symptoms in both a general popu-
lation sample and a clinical sample (based on PHQ-9). Their results
were mixed: they found slightly higher score accuracy of the predic-
tion models in the clinical population, but not all of these predictions
were significantly better than chance. Contrary to these previous
studies, we investigated the moment-to-moment associations of pas-
sive sensor and self-report data. Our findings suggest no evidence for
better or worse validity of passive sensor data in people with higher
depressive symptoms. This finding may be partly explained by the
weak overlap between passive sensor and self-report data and the
large interindividual heterogeneity in associations.

Overall, our findings suggest that some features collected by com-
mercial smartwatches may be useful for obtaining a multimodal
insight into transdiagnostic constructs related to mental health. At
the same time, the finding regarding stress suggests a lack of concep-
tual overlap between different data sources. We discuss these results
in the following section for sleep, tiredness, and stress, and then
highlight the implications of our finding for psychopathology
research more broadly.

Sleep

We observed a positive relationship between sensor sleep duration
and self-report sleep quality in all analyses and for most individuals.
This association was estimated to be positive for most individuals.
Combined with the fact that the fixed effect estimate implies that a
1-point increase in self-reported sleep quality is associated with
around 20 min of more sensor sleep, this indicates the potential util-
ity of the wearable data for unobtrusive sleep tracking. This makes
such data relevant for a wide range of mental health research, as
sleep problems are part of many different diagnoses in the DSM-5
(Forbes et al., 2024). Previous studies on the association between
self-report sleep quality and sensor sleep duration found no evidence
for an overlap between self-reported sleep quality and sensor sleep
duration (Teo et al., 2019) or limited predictive power of sensor
sleep duration for future sleep quality (Staples et al., 2017).
However, these studies used different ways of assessing self-report
and sensor sleep duration and had a considerably lower sample
size. While we can expect sensor sleep duration and self-reported
sleep quality to be related, they do not measure exactly the same con-
struct, which may partially explain a lack of stronger associations in
our sample.

Tiredness

The results for the body battery sensor measure, which has not yet
been evaluated against self-report data, indicate that it is weakly neg-
atively related to momentary experiences of being tired. This result
gives some preliminary validity evidence for researchers using pre-
processed Garmin data. At the same time, person-specific estimates
showed considerable heterogeneity and a lack of association
between self-report and sensor measures for a substantial part of
the sample. Also, the RMSE of 20.46 indicates, roughly speaking,
that a typical difference between the observed and predicted value
in our model is around 20. This corresponds to one-fifth of the full
scale range, indicating large differences between the predictions of
our model and observed values. For psychopathology research,
this means that the body battery may be a somewhat useful proxy
for fatigue, which in turn can be used to tap into the effects of
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sleep problems. Future studies could try to show if body battery is
more strongly related to other self-report measures and if it shows
predictive validity for future mental health outcomes.

Stress

The results for stress show an astonishing lack of overlap between
the sensor and self-report measures. The association between self-
report and sensor stress seems to be descriptively slightly lower
when aggregating sensor stress before the prompt and in a larger
aggregation window, but given the size of confidence intervals, it
is unclear how robust this effect is. Overall, the lack of overlap
was robust to preprocessing choices and other analysis strategies.
There are multiple plausible explanations for this result.

First, sensor-based measures of stress rely on physiological sig-
nals of arousal. These signals are often valence nonspecific, mean-
ing that excitement or positive arousal may also elicit an increase in
heart rate and a decrease in heart rate variability which sensors may
interpret as stress signals. Indeed, previous work has shown that
such sensor-based measures relate to both negative and positive
affect in daily life (Tutunji, Kogias, et al., 2023; van Halem
et al., 2020).

Second, there may be a so-called “semantic gap” (Das Swain
et al., 2022) between the physiological and psychological concepts
of stress. This means that physiological representations of what
one might call stress and individual psychological definitions of
stress may diverge, and they may not be able to measure the same
underlying construct. This has also been the case for laboratory-
based stress research using psychophysiology measures. In such
studies, there is at times little overlap between the subjective compo-
nent of stress following stress induction and the physiological mea-
sures acquired (Campbell & Ehlert, 2012). An investigation of
postvaccination reactions by Guan et al. (2022) provides some pre-
liminary evidence of such a semantic gap with the Garmin
VivoSmart 4. In their study, wearable heart rate and stress measures
were elevated for some time after vaccination, even in individuals
who did not report side effects of the vaccine.

Third, another plausible explanation is measurement issues,
potentially both in wearable and self-reported stress. The algorithm
used to estimate individual stress scores is proprietary, and little
information is available about its specifics. Given that the smart-
watch used in this study is a commercial product, the stress score cal-
culation may be optimized not only for high accuracy but also for a
good user experience.

Analyses of the raw stress data indicate that the distribution of
stress scores is not continuous, but rather thresholded at 25, which
is the highest value in the “no stress” category. We illustrate the
issue in Figure 4. Specifically, across all participants, around
56.7% of all stress scores fall into the interval between 0 and 25.
We can only speculate that this may serve the purpose of avoiding
indicating that individuals are “stressed” too often, but it is problem-
atic from the perspective of accurately capturing the underlying phe-
nomenon of stress. We have rarely seen similar figures on the raw
distributions of passive sensing data in mental health research.
Recent calls for more descriptive work in experience sampling stud-
ies (Siepe, Rieble, et al., 2025), therefore, also apply to passive sens-
ing research.

At the same time, self-reported stress may also contain measure-
ment issues, including potential measurement error (we only

Figure 4
Distribution of all Sensor Stress Values
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Note. This figure contains the absolute counts of specific sensor stress val-
ues. We randomly sampled one million stress values from all available sen-
sor stress data across all four cohorts. Bars are colored based on Garmin’s
classification into no stress (< = 25) and stress (>25). See the online article
for the color version of this figure.

measured stress with a single item) and recall biases. Furthermore,
stress may be conceived of as an umbrella term for multiple distinct
constructs (see, e.g., Crosswell & Lockwood, 2020; Goodday &
Friend, 2019; Vaessen et al., 2021) whose heterogeneity cannot be
fully captured by a single item. Interestingly, there is evidence that
this applies to physiological markers of stress as well (Goodday &
Friend, 2019). Finally, the limited variability and potential floor
effects for the self-report stress item could have additionally
impeded the possibility of finding associations with sensor data.
Irrespective of the reasons for our results, they serve as cautionary
reminders not to simply replace self-report with passive measures
without proper validation.

These results do not imply that the sensor stress measure is not
useful or in any way incorrect in the data set under consideration.
If we follow the idea that there may be a semantic gap between self-
report and wearable measures, wearable measures may still be useful
for prediction because they may capture relevant information that is
somewhat orthogonal to the self-report measures (Das Swain et al.,
2022). Combining passive and self-report measures for the same or
similar constructs, as many studies already do (Velozo et al., 2024),
can provide both potential benefits for predictive modeling as well as
avenues for research into construct validation. For example, studying
associations between both sources of data across a range of aggrega-
tion windows and time lags can provide insight into how individuals
aggregate their experiences when responding to self-report prompts
(see Leertouwer et al., 2021, for similar comparisons of different
types of self-report data). We believe that such work, in combination
with theoretical work on the concepts one intends to measure
(Bringmann et al., 2022), will advance our ability to understand
and predict mental health. If the field of digital phenotyping wants
to fulfill its promises, it should, therefore, not neglect to build a
strong foundation of construct validation and measurement work.
Until we have reached a better understanding of the relationship
between passive sensor measures and self-reported variables,
researchers should be cautious not to assume that these different
data sources necessarily measure similar constructs.
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Limitations

For the constructs assessed by wearables, we used data that were
internally preprocessed by the Garmin watch, which is sometimes
called “proxy” data (Velozo et al., 2024). Using data processed
via openly available algorithms could improve the transparency
and validity of results (Velozo et al., 2024) and enhance our under-
standing of the role which specific physiological markers play in
mental health science (Weber et al., 2022). At the same time, we
need to face the reality that commercial-grade sensors in mental
health research are likely here to stay. They come with simple data
management, are relatively inexpensive, and are easy to use and
wear in everyday life. Beyond that, they are already worn by millions
of customers in their everyday lives. Therefore, we believe that
future research into the statistical properties and validity of these
commercial sensors is and will continue to be worthwhile.

While the large amount of data is a distinct strength of our study,
there was a substantial proportion of individuals with a relatively low
compliance. Although we aimed to follow state-of-the-art recom-
mendations in the methodological literature and explored various
modeling approaches, we could have modified and extended our
modeling strategy in various ways. For example, we assumed hetero-
geneity in residual variances between individuals (see Nestler, 2024,
for an alternative), used observed instead of latent person-specific
means for centering (see Hamaker & Muthén, 2020, for an alterna-
tive), and did not explore more flexible functional forms of the asso-
ciation between predictors and outcomes, such as polynomials or
machine learning approaches. We did not preregister our exploratory
analyses but tried to account for plausible alternative analysis pipe-
lines via sensitivity and secondary analyses. Future studies could use
preregistration protocols (Langener, Siepe, et al., 2024) to test more
precise and specific hypotheses about digital phenotyping data.

Conclusions

In this study, we investigated the overlap between wearable and
self-report measures purportedly measuring the same or similar con-
structs. We found a robust association between self-reported sleep
quality and sensor sleep duration, and a smaller association between
self-report tiredness and sensor “body battery.” Wearable and self-
report measures of stress showed a lack of overlap for most individ-
uals, likely highlighting both differences in the construct that is
supposed to be assessed as well as potential measurement issues.
Age, gender, and depressive symptomatology were no meaningful
moderators of these associations. We are convinced that further
work on measurement in the digital phenotyping literature is crucial
for clinical utility and will move the field forward.
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