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Abstract

Background: With rising mental health complaints, the preventive monitoring of mental health becomes increasingly important.
Different facets of mental health, such as perceived stress and mental wellbeing, have often been assessed with self-report
guestionnaires, administered at sporadic pointsin time. Ecological Momentary Assessment (EMA) may provide more continuous
insights into these constructs. Research suggests that momentary affective states correlate with long-term mental health outcomes
and that temporal EMA features of affective states (eg, average, variability, inertia) may be indicative of mental health
complaints. However, findings have been mixed due to variability across settings and individuals. Long-term prediction
performance has also not been thoroughly explored yet, partly due to the scarcity of longitudinal daily assessment data.

Objective: This paper examined the predictive accuracy of temporal EMA features for changes in mental health and investigated
how the number of EMA data points (time windows) influences prediction performance.

Methods: Fifteen PhD candidates in the Netherlands, recruited via e-mail and other media, completed daily EMA of affect
(valence, arousal; N=3953) and retrospective, validated monthly questionnaires (N=153) over 9 months. Retrospective outcomes
included distress, perceived stress, personal accomplishment, exhaustion, and mental well-being. Tempora EMA features
(average, variability, inertia, coefficient of variation) were aggregated to align with the monthly questionnaires (N=153) and used
to predict changes in retrospective outcomes (R2pred) with leave-one-subject-out (LOSO) linear prediction models. In addition,
within-subjects linear regressions were conducted to examine the explained in-sample variance. Prediction windows ranged from
3 to 30 days before questionnaire completion.

Results: The linear LOSO models yielded the highest median R2pred with a 3-day window for Distress (R2pred=0.44), Mental
wellbeing (R2pred=0.25), and Persona accomplishment (R2pred=0.20), versus a 14-day window for Perceived stress
(R2pred=0.16) and a 16-day window for Exhaustion (R2pred=0.19). Results did not show monotonic trends across time in
predictive accuracy nor a consistently optimal window length. Within-subjects linear regressions indicated similar findings, with
variation in performance within and across prediction windows.

Conclusions; Preliminary evidence suggests that temporal EMA features can predict changes in retrospective outcomes of
mental health at a limited scale, with performance varying by window length. This discrepancy between momentary and
retrospective assessments aligns with prior research on recall and may reflect individual differencesin recall strategies. Findings
suggest that shorter time windows between EMA and retrospective assessments or EMA alone, ideadly combined with
continuous objective measures, may offer amore detailed picture of changesin a person’s mental health.
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Abstract

Background: With rising mental health complaints, the preventive monitoring of mental health becomes increasingly
important. Different facets of mental health, such as perceived stress and mental wellbeing, have often been assessed
with self-report questionnaires, administered at sporadic points in time. Ecological Momentary Assessment (EMA) may
provide more continuous insights into these constructs. Research suggests that momentary affective states correlate with
long-term mental health outcomes and that temporal EMA features of affective states (eg, average, variability, inertia)
may be indicative of mental health complaints. However, findings have been mixed due to variability across settings and
individuals. Long-term prediction performance has also not been thoroughly explored yet, partly due to the scarcity of
longitudinal daily assessment data.

Objective: This paper examined the predictive accuracy of temporal EMA features for changes in mental health and
investigated how the number of EMA data points (time windows) influences prediction performance.

Methods: Fifteen PhD candidates in the Netherlands, recruited via e-mail and other media, completed daily EMA of
affect (valence, arousal; N=3953) and retrospective, validated monthly questionnaires (N=153) over 9 months.
Retrospective outcomes included distress, perceived stress, personal accomplishment, exhaustion, and mental well-being.
Temporal EMA features (average, variability, inertia, coefficient of variation) were aggregated to align with the monthly
questionnaires (N=153) and used to predict changes in retrospective outcomes (R?.q) with leave-one-subject-out (LOSO)
linear prediction models. In addition, within-subjects linear regressions were conducted to examine the explained in-
sample variance. Prediction windows ranged from 3 to 30 days before questionnaire completion.

Results: The linear LOSO models yielded the highest median R?,.s with a 3-day window for Distress (R%.s=0.44),
Mental wellbeing (R?q=0.25), and Personal accomplishment (R%,s=0.20), versus a 14-day window for Perceived stress
(R%1¢=0.16) and a 16-day window for Exhaustion (R%y.a=0.19). Results did not show monotonic trends across time in
predictive accuracy nor a consistently optimal window length. Within-subjects linear regressions indicated similar
findings, with variation in performance within and across prediction windows.

Conclusions: Preliminary evidence suggests that temporal EMA features can predict changes in retrospective
outcomes of mental health at a limited scale, with performance varying by window length. This discrepancy between
momentary and retrospective assessments aligns with prior research on recall and may reflect individual differences in
recall strategies. Findings suggest that shorter time windows between EMA and retrospective assessments or EMA alone,
ideally combined with continuous objective measures, may offer a more detailed picture of changes in a person’s mental
health.

Keywords: ecological momentary assessment; valence; arousal; affect; mental health; modeling; prediction; repeated
measurement

Introduction

Mental health complaints such as burnout, anxiety, and depression have been on the rise globally, particularly among
individuals in high-risk occupations like healthcare, military, police, and academia [1].The early detection and prevention
of mental health decline are crucial to support individuals and reduce societal and economic costs [ 1]. Existing literature
suggests associations between affective states and wellbeing or psychopathology [2], but it remains unclear how daily
fluctuations in affect can predict long-term (changes in) mental health. This paper examines whether temporal dynamics
of daily affective states can be used to predict changes in mental health over time.

Affective states

Affective states are defined as momentary feelings like mood and emotions [3], which tend to fluctuate in response to
external and internal stimuli. According to the Circumplex Model of Affect [4], affective states can be categorized across
two dimensions, namely valence (ranging from displeasure to pleasure) and arousal (ranging from deactivation to
activation). By assessing and combining the valence and arousal levels, different types of affective states can be

https://preprints.jmir.org/preprint/84554 [unpublished, non-peer-reviewed preprint]
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classified, as shown in Figure 1.

Affective states shape the perception and behavior of individuals in daily life and were found to be key indicators of
psychological well-being and mental health outcomes [5]. Approximately 40-75% of individuals with mental disorders
show symptoms that relate to unhealthy affective functioning [6,7]. For instance, symptoms such as mood swings or
persistent sadness tend to be central diagnostic criteria for depression, anxiety disorders, or borderline personality
disorder. In turn, wellbeing is often characterized by higher levels of positive affect [8], including feelings of happiness
or pleasantness, see Figure 1.

Figure 1. Circumplex Model of Affect (adopted from [9]).
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Temporal Ecological Momentary Assessment features

With the increasing availability of smartphones, it has become increasingly convenient for researchers to obtain frequent,
repeated assessments of affective states through Ecological Momentary Assessments (EMA). EMA enables fine-grained
measurements of a wide range of behaviors, contexts, and feelings in individuals’ natural environment can be frequently
and repeatedly measured, see [Error: Reference source not found,11]. In this context, EMA could be used to monitor
changes in affective states, which may in turn predict mental health outcomes, see [12]. Repeated EMA of affective states
enable the computation of temporal features, including 1) mean affect (average affective experience), 2) variability
(degree of emotional fluctuation captured by standard deviation), or 3) inertia (autocorrelation of affective states across
time, reflecting persistence of states), see [13]. These measures were shown to be important predictors of mental health
constructs [13-15]. For example, high inertia and high emotional variability were linked to an increased risk for
depression and other internalizing disorders [13,14,16].

Monitoring temporal EMA features may therefore help predict changes in wellbeing as mental health status and
psychopathology, see [2,17,18]. To compute meaningful temporal EMA features and gain insights into different patterns
and dynamics of a person’s mental health trajectory, longitudinal data is needed [Error: Reference source not
found,19,20]. Such trajectories may provide early warning signals for emerging mental health concerns (eg, [21-24]) and
can inform Ecological Momentary Intervention (EMI), which intervenes on people’s behavior in the moment to provide
real-time support in their natural settings, see [8,25].

Current challenges of mental health predictions

Despite this promising approach, research using temporal EMA features to predict longitudinal mental health remains
limited, see [2] and faces several challenges regarding individual differences and study design [19,20]. Regarding
individual differences, individuals tend to differ in affect ratings, behaviors, and context. According to [26], p.7,
“analyzing such individual, person-specific networks requires methodologies to capture the relevant variables to gather
an individual’s thoughts, experiences, and behaviors in situations with specific triggers”. Ignoring such variances across
individuals reduces ecological validity [27] and may help explain limited predictive success, see [28], highlighting the
need for subject-dependent approaches.

Regarding study design, retrospective, self-report questionnaires remain the gold standard for the assessment of
mental health and wellbeing, but tend to be administered infrequently [29], limiting insights into temporal dynamics of
affective states. Conversely, Ecological Momentary Assessments (EMA) offer detailed insights into these real-world
variations of affective states through repeated assessments, enhancing ecological validity and minimizing memory or
recall biases [30-32]. Many existing studies tend to be of short duration, focus on within-day fluctuations at high
sampling rates, or rely on clinical samples [24,33], leaving gaps in knowledge about long-term (between-days) patterns
per person and predictions in general populations, see [8].

Objectives

This paper aims to improve the prediction of long-term mental health changes by examining longitudinal temporal EMA
features of affective states. In this paper, “mental health” refers to retrospective self-report measures such as perceived
stress, distress, exhaustion and mental wellbeing, capturing diverse facets and symptoms of mental health, see [34].
Participants of the study contributed nine months of data, consisting of daily EMA of affect, which were used to compute

https://preprints.jmir.org/preprint/84554 [unpublished, non-peer-reviewed preprint]
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temporal features (average, variability and inertia) and to predict subsequent changes in multiple retrospective outcomes.
By focusing on a non-clinical sample, this study also explores whether temporal EMA features generalize to the broader
population, providing insights for preventive strategies and mental health monitoring. The research will focus on the
following research questions:
1. To what extent can changes in retrospective outcomes of mental health be accurately predicted by temporal
EMA features of affective states?
2. How many EMA datapoints are needed for accurate predictions of changes in retrospective outcomes of mental
health?

Method
The study “CAMSTAM - Continuous Automatic Mental State Monitoring” was reviewed by the TNO Institutional
Review Board (number: 2021-078, see [28]). The study design aims to explore the predictive accuracy of temporal EMA
features on changes in retrospective measures of mental health by (1) creating temporal features from daily EMA
assessments as predictor variables; (2) comparing prediction performances across time windows, ranging from 3 to 30
days prior to the monthly questionnaire completion. Through the longitudinal setup of the data collection, including
repeated EMA measures and diverse retrospective outcomes of mental health, first insights into the design of future
mental health monitoring protocols within non-clinical populations can be given.
Participants
The sample consisted of 16 PhD candidates who worked in the Netherlands and participated in a nine-month-long study
that started at the end of March 2022. Participants were recruited via e-mail and other media and were invited for an in-
person intake interview with the main researcher if interested. PhD candidates are considered a risk group due to high
cognitive demands and workload. At least one in two PhD candidates experiences psychological distress, and at least one
in three runs a higher than usual risk of developing a common psychiatric disorder [35]. Participants were included if
they had completed at least 8 of the 9 retrospective questionnaires. One participant had to be excluded due to an
insufficient number of monthly measurements (less than 7 out of 9 months), leaving a total of 15 participants for the data
analysis. To be included in the study, participants had to have a sufficient Dutch proficiency (B2 level or higher) since the
surveys and questionnaires were administered in Dutch. Participant’s age ranged from 24 to 38 years, with a mean age of
29 years (SD = 4.36). Of the 15 participants, 9 (60%) were female and 6 (40%) were male. At the beginning of the data
collection, 2 (13.3%) were first-year PhD candidates, 6 (40%) second-year, 2 (13.3%) third-year, and 5 (33.4%) final-
year. Participants were compensated with 10€ per month, individual monthly feedback sessions with the main researcher.
To be included in this current study, participants needed to provide 85% valid data points, which equals approximately
230 filled-in subjective questionnaires or 7.6 months of data collection. If participants had less than 85% valid data points
after nine months, the data collection was extended to a maximum of eleven months. Exemptions were made in four
cases ([1=64%; 2=66%; 3=71%; 4=74% respectively) where participants could not reach the 85% due to technical
difficulties with the app used for the Ecological Momentary Assessments (EMA). These participants were still included
in the analyses.

The data collection also involved objective measures, including behavioral data via smartphones and physiological
data from wearing an OURA ring, see [28]. Consequently, participants signed an informed consent for all types of
collected data and also had to fulfill the following criteria for participation: no heart rhythm disorder, interest in the use
of wearables, and self-monitoring. For the current study, the objective measurements were excluded due to the scope of
the study.

Measures
For an overview of the included subjective measurements in the data collection, see Table 1.
Table 1. Overview of the predictor and outcome measures.

Measure Reference Type Frequency Scale

Valence See [36] Predictor Daily Continuous (VAS 0-100)
Arousal See [36] Predictor Daily Continuous (VAS 0-100)
Four-Dimensional [37] Outcome 4-weekly Continuous (subscale scores
Symptom questionnaire)
Questionnaire

(4DSQ)

Perceived Stress [38] Outcome 4-weekly Continuous (total score
Scale (PSS) questionnaire)
Utrecht Burnout [Error: Reference  Outcome 4-weekly Continuous (subscale scores
Scale (UBQOS) source not found] questionnaire)
General Health [40] Outcome 4-weekly Continuous (total score
Questionnaire (GHQ) questionnaire)
Mental Health [41] Outcome 4-weekly Continuous (total + subscale scores

https://preprints.jmir.org/preprint/84554 [unpublished, non-peer-reviewed preprint]
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Continuum Short-
Form (MHC-SF)

questionnaire)

Predictors

For the daily EMA questions, the ‘How am I’ app of [42] has been used. Participants filled in two questions at the end of
each day, asking about their affective state (valence and arousal levels of that day). The EMA questions were available
daily from 5 p.m. to 5 a.m., and participants could choose their preferred time for receiving reminders to complete the
questions, based on their convenience or evening routine. For the valence question, participants rated on a scale from 0
(very unpleasant) to 100 (very pleasant) how pleasant their day was. For the arousal question, participants rated on a
scale from O (very passive) to 100 (very active) how mentally active or passive they felt during the day. Similar EMA
measures of valence and arousal were used in previous studies of [36, 43].

Based on prior literature on temporal EMA features [13,14], the following temporal features of affective states were
computed as predictors preceding each monthly questionnaire date: average, variability (standard deviation), and inertia
of valence and arousal. Additionally, the coefficient of variation of valence and arousal was included as an exploratory
predictor to account for possible effects over time. All predictors were computed per person (within-subjects) and
standardized within each training fold so that the scaling was determined from the training data only.

Outcome measures

Several questionnaires were filled in during the intake and every four weeks thereafter in Survalyzer [44] via personal
links. The intake questionnaires were only used to create change scores for the first month, but were not used as outcome
measures. The study included several retrospective, validated questionnaires measuring different facets of mental health,
which were administered every 4 weeks, including the General Health Questionnaire (GHQ), Perceived Stress Scale
(PSS), Mental Health Continuum Short Form (MHC-SF), Four-Dimensional Symptom Questionnaire (4DSQ), and
Utrecht Burnout Scale (UBOS).

To measure the changes in the different questionnaires, retrospective outcomes were defined as month-to-month
differences per person (eg, Qchange = Q— Qc1) and were kept in raw units for modeling. For example, a positive score for
PSS would indicate an increase, a score of zero no change, and a negative score a decrease of perceived stress in
comparison to the previous month. Several sub-scales were excluded from the analysis due to overall low variance
(4DSQ Somatization, UBOS Depersonalization, GHQ) or computational issues (4DSQ Anxiety, 4DSQ Depression),
leading to invalid cross-validation (CV) metrics. Consequently, the sub-scale Distress from 4DSQ, Personal
Accomplishment and Exhaustion from UBOS, the MHC, and the PSS were included in the analyses.

The sub-scale Distress from the Four-Dimensional Symptom Questionnaire (4DSQ) contained 16 items to measure
distress complaints of the previous month. Participants evaluated their distress complaints on a 5-point Likert scale
ranging from no (0) to very often (5). Next, the last three categories (regularly, often, very often, or constantly) are
merged into 2, see [37]. The Perceived Stress Scale (PSS) contained 10 items to measure experienced stressful moments.
Participants evaluated their stressful moments of the last month with a 5-point Likert scale ranging from never (0) to very
often (4). Items 4, 5, 7, and 8 were positively stated and thus reverse scored for comparison (4=0, 3=1, 1=3, 0=4). The
sub-scale Personal accomplishment and Exhaustion from the Utrecht Burnout Scale (UBOS) consisted of 6 and 5 items,
respectively, measuring burnout in terms of emotional exhaustion and personal accomplishment. Participants rated
statements about how they felt at work the last month on a 7-point Likert Scale ranging from 0 (never) to 6 (always). The
Mental Health Continuum Short-Form (MHC-SF; [41]) comprised 14 items measuring various feelings of mental
wellbeing of the past month, which were rated on a 6-point Likert scale ranging from never (1) to every day (6). All five
included questionnaires showed good internal consistency (Alpha > .70; [45]), see Table 2.

Table 2. Internal consistency of the included 4-weekly outcome measures.

Questionnaire Scale Sub-scale Number Cronbach’s o other Cronbach’s o
of items studies current study
Four-Dimensional 5-point Likert Distress 16 0.93 0.90
Symptom from no (0) to [37]
Questionnaire very often (4)
(4DSQ)
Perceived  Stress 5-point Likert - 10 0.63 0.79
Scale (PSS) scale ranging [46]
from never (0) to
very often (4)
Utrecht  Burnout 7-point Likert Personal 6 0.79 0.87
Scale (UBOS) Scale ranging Accomplishment [Error: Reference
from never (0) to source not found]
always (6) Exhaustion 5 0.89 0.91
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Mental Health 6-point Likert - 14 0.89 0.94
Continuum Short- scale ranging [41]
Form (MHC-SF) from never (0) to

every day (5)

Data preprocessing and analysis

All preprocessing and analyses were done using RStudio [47], including the tidyverse library and supporting packages
such as caret, glmnet, psych, and zoo. The EMA dataset contained 4782 observations, of which 562 (11.75%) had
missing valence or arousal values. Missingness was slightly associated with weekday (missing rates: Monday [7.1%];
Tuesday [8.8%]; Wednesday [8.0%]; Thursday [8.6%]; Friday [10.5%]; Saturday [8.4%]; Sunday [10.9%]). Two
preprocessing branches were evaluated, namely (1) excluding rows with missing EMA and (2) imputing missing EMA.
Since imputation did not yield systematic improvements in out-of-sample R? (R%,.q) or the Root Mean Squared Error
(RMSE) across outcomes and time windows, it was decided to exclude or skip those missing EMA rows. Rows with
insufficient data for calculating the dynamic measures predictors (fewer than two data points for averages or fewer than
three for the standard deviation and inertia) were also excluded. The monthly surveys (N=161) had 3 missing entries
(1.9%), which were reduced to 1 after excluding the participant noted in Participants.

Since participants started at different dates, monthly questionnaire timepoints were aligned per person. The variable
“month” was coded from each individual’s start date (TO) and the subsequent 4-weekly questionnaires (T1-T9).
According to the guidelines of the different retrospective questionnaires, 4-weekly scores of each questionnaire were
calculated, and the target outcome was defined as month-to-month change per person (Qcange = Q:— Qc1), retained in raw
units. For the interpretability of modeling error, the prediction model's RMSE was evaluated against the sample standard
deviation (SD) of the change scores for each questionnaire.

For every person and monthly questionnaire date, we computed subject-dependent (within-subjects) features from
rolling windows of 3-30 days immediately before the questionnaire date. Windows with fewer than 3 EMA days were
skipped, due to the calculation requirements of the standard deviation and inertia predictors, leaving 28 time windows (3-
30 days). Group-level features were explored but omitted from the final models due to the small correlations and to avoid
collinearity. The final predictive models included eight temporal EMA features, all computed within person and window:

|Outcomemeasure |=valence %, +valence s, +valence inertia, .. +valence coefficient of variation

The model was executed for each of the following outcome measures: Distress (4DSQ_Distress), Perceived stress
(PSS), Exhaustion (UBOS_Exhaustion), Personal accomplishment (UBOS_Personal_Accomplishment), and Mental
wellbeing (MHC). Given the small per-person series (9 time points), validation used leave-one-subject-out (LOSO)
instead of leave-one-month-out (per person) cross-validation. In each fold, one participant was held out, predictors were
centered and scaled within the training fold, the model was trained on the remaining participants, and predictions were
generated for all observations of the held-out participant. To ensure a stable estimation and viable folds, at least 10 rows
were required for a given questionnaire-window combination and at least two eligible participants; otherwise, the
combination was skipped. Two EMA-free baselines were computed in every LOSO fold to quantify the added value of
EMA features: “No change” (Qchange = 0) and a “Train-Mean” (predicting training-set mean change). In addition to LOSO,
we fit person-specific (within-subject) linear regressions using the same predictors to quantify in-sample explained
variance (adjusted R?) of changes per person and window. These results and summaries are provided in Appendix C.

Following [48], the prediction performance was evaluated on multiple measures, namely the cross-validated Ry
(variance explained in held-out subject) and RMSE (accuracy in terms of error). To address the first research question,
“To what extent can changes in retrospective outcomes of mental health be accurately predicted by temporal EMA
features of affective states?”, LOSO R’ distributions for included questionnaires at the 30-day window were
summarized using boxplots, including median and interquartile range (IQR). To address the second research question,
“How many EMA datapoints are needed for accurate predictions of changes in retrospective outcomes of mental
health?”, LOSO R?.qfor included questionnaires were visualized with boxplots (median, IQR) across all window lengths
(3-30 days) to assess how the predictive accuracy varies with the number of EMA days.

+arot

within

Results
At first, descriptive statistics were calculated for each retrospective questionnaire, see Figure 2. On average, participants'
levels of Distress, Exhaustion, and Perceived stress were relatively low (lowest or second quartile) when compared to the
range of the questionnaire (see Table 3). Indicators such as Personal accomplishment and Mental wellbeing showed
higher levels (third quartile). Correlations between predictor-outcome combinations were considered low [49], see
Appendix B.

Figure 2. Descriptive statistics per outcome variable.

https://preprints.jmir.org/preprint/84554 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Berkemeier et d

Distress  © —#—] o

Perceived Stress ©  —a— o

Exhaustion ¢ |—#—| o
Personal Accomplishment o b—a— o
Mental Wellbeing o } & | o

0 20 10 60
Score

Note. Steelblue dot = mean; Black Whiskers = mean +/- 1 SD; Grey circles: min and max

Table 3. Descriptive statistics of retrospective questionnaires.

Questionnaire Current study

Name Total score Mean SD Min Max
range

4DSQ Distress 0-32 7.75 6.03 0 28

PSS Perceived stress 0-40 10.63 5.40 0 26

UBOS Exhaustion 0-30 10.44 6.61 0 28

UBOS Personal 0-36 24.09 6.63 0 36

accomplishment

MHC Mental wellbeing 0-70 42.96 13.83 11 68

Predictive accuracy

To address the first research question, “To what extent can changes in retrospective outcomes of mental health be
accurately predicted by temporal EMA features of affective states?”, the out-of-sample R? (R%,.q) was calculated for
LOSO linear prediction models at the 30-day time window, see Figure 3. The median R’y for the included
questionnaires ranged from 0.02 (Distress), 0.03 (Perceived stress), 0.03 (Exhaustion), 0.07 (Mental wellbeing), to .13
(Personal accomplishment) for the LOSO linear prediction models. At the same time, the lowest variability in
performance was found for Distress (IQR = 0.07), followed by Exhaustion (IQR = 0.09), Personal accomplishment (IQR
= 0.16), Mental wellbeing (IQR = 0.18), and Perceived stress (IQR = 0.32). Thus, the best model explained 13% of the
held-out variance (Personal accomplishment), with notable between-subjects heterogeneity (especially for Perceived
Stress). Additionally, within-subjects linear regression models showed similar patterns in terms of the explained in-
sample variance (see Appendix C), highlighting between-subjects heterogeneity.

For the error (RMSE), the percentage of LOSO folds with RMSE below the outcome’s SD (higher = better) was
compared with two simple baselines (“no-change” and “train-mean”), see Appendix A. The LOSO linear model of
Distress (73%) outperformed the baseline models (61-65%), indicating an improvement with the LOSO model. The error
rate of Mental wellbeing LOSO linear (73%) is slightly lower than the baseline models (75%), similarly to Exhaustion
(59% versus 60-61%), indicating a comparable, thus no advantage, of the LOSO model. Lastly, the error rate of
Perceived stress LOSO linear (47%) underperformed the baseline models (54%), similarly to Personal accomplishment
(52% versus 60%). Overall, daily temporal EMA features of affective states offered limited out-of-sample explanatory
power for month-to-month changes in these five outcomes, and only Distress showed a consistent RMSE benefit of the
LOSO linear model.

Figure 3. Predictive accuracy (R2) per questionnaire, including all data (time window = 30).
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Number of EMA datapoints

To address the second research question, “How many EMA datapoints are needed for accurate predictions of changes in
retrospective outcomes of mental health?”, LOSO linear models were calculated for time windows spanning 2-30 days
before each questionnaire (ie, using the previous k days of EMA). In the following sections, the performance is reported
as out-of-sample predictive R2 (R%,.) per outcome and an answer given to the second research question.

Distress

For Distress, the highest median R?,.q occurred with a 3-day window (median R?,.q = 0.44; IQR = 0.68), whereas the 30-
day window yielded the most stable but lowest performance (median R%,.s = 0.02; IQR = 0.07), see Figure 4. Overall,
shorter windows tended to increase the predictive performance for Distress, but with larger variability across folds. The
performance increase was not fully monotonic across window lengths, with a performance dip at 5-9 day windows (low
median and narrow IQR), while some short windows (eg, 3-4 days) yielded high medians but wide IQR.

Figure 4. Predictive accuracy (R2) across time windows for 4DSQ Distress.

Iliwunﬁixi!\!!Mli

Window length (days before)

Mental wellbeing

For Mental wellbeing, the highest median R?,.s occurred with a 3-day window (median R?yeq = 0.25; IQR = 0.41). The
lowest variability across folds was found at a 9-day window (median R’,.s = 0.11; IQR = 0.06), see Figure 5. Overall, the
performance tended to vary by window length and did not show monotonic trends: very short windows (eg, 3-6 days)
yielded higher median R®y.q but wider IQR, while several longer time windows (eg, 16, 18) yielded low medians with
narrow IQR.

Figure 5. Predictive accuracy (R2) across time windows for MHC Mental wellbeing.
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For Perceived stress, the highest median R?,.q was found for a 14-day window (median R%,.= 0.16; IQR = 0.28) while
the lowest variability occurred at an 11-day window (median R’ = 0.03; IQR = 0.06), see Figure 6. Overall, the
performance tended to vary by window length and did not show monotonic trends: longer windows (eg, 24-30 days)
generally showed lower medians with wider IQR, whereas shorter windows either showed low median and narrow IQR
(eg, 5, 11, 12 day window) or wide IQR (eg, 3 day window).
Figure 6. Predictive accuracy (R2) across time windows for PSS Perceived Stress.
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Exhaustion

For Exhaustion, the highest median R?yeq occurred at a 16-day window (median R%q = 0.19; IQR = 0.23) while the
lowest variability occurred at a 13-day window (median R?,.s = 0.07; IQR = 0.07), see Figure 7. Across windows, the
performance varied without a clear monotonic trend: several time windows showed lower medians (eg, 9-12, 29-30 day
window), others displayed wide IQR (eg 4, 6, 18, 19 day window) and a few combined higher medians with wide IQR
(eg, 8, 16 day window).

Figure 7. Predictive accuracy (R2) across time windows for UBOS Exhaustion.
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For Personal accomplishment, the highest median R?.q occurred at a 3-day window (median R%.q = 0.20; IQR = 0.26)
while the lowest variability occurred at a 15-day window (median R%q = 0.02; IQR = 0.09), see Figure 8. Across
windows, the performance varied without a clear monotonic trend: several time windows showed lower medians and
narrower IQR (eg, 12, 22 day window), others displayed higher medians with a wide IQR (eg, 3, 5, 6 day window).
Figure 8. Predictive accuracy (R2) across time windows for UBOS Personal Accomplishment.
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In summary, there was no single time window length that consistently improved predictive performance across outcomes,
but performance generally improved when optimizing the window relative to the 30-day window. For example, for
Distress the median R?y.q increased from 0.02 (30-day window) to 0.44 (3-day window). Peak median R?,.q values
occurred at short to mid-range windows (~3-16 days): Mental wellbeing peaked at a 3-day window (0.25), Perceived
stress at 14 days (0.16), Exhaustion at 16 days (0.19), and Personal accomplishment at a 3-day (0.20). Importantly, these
peak performances often coincide with wider variability across folds (eg, IQRs ~ 0.23-0.68), whereas the most stable
windows tended to show lower medians (eg, Distress 30 days: IQR 0.07; Mental wellbeing 9 days: IQR 0.06; Perceived
stress 11 days: IQR 0.06; Exhaustion 13 days: IQR 0.07; Personal accomplishment 15 days: IQR 0.09), thus showing an
accuracy-stability trade-off. Similar trends indicating no preferred window and a within-subjects heterogeneity were
visible in terms of the in-sampled explained variance (see Appendix C).

Discussion
Temporal EMA features of affective states are considered important predictors because they capture within-person
fluctuations linked to psychopathology and mental wellbeing, yet most prior studies were of short duration. In the current
study, participants provided daily EMA of valence and arousal and monthly retrospective questionnaires of mental health
over nine months. Temporal features of affective states were derived from EMA and used to predict changes in
retrospective outcomes.
Discussion of main findings
Starting with the first research question, “To what extent can changes in retrospective outcomes of mental health be
accurately predicted by temporal EMA features of affective states?”, the results showed that temporal EMA features of
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affective states predicted changes in retrospective outcomes over time to a limited extent. With all observations included,
median out-of-sample performance (R%rq) ranged from 0.02 (Distress) to 0.13 (Personal accomplishment). These
findings align with prior work showing partial overlap between momentary and retrospective assessments, for instance,
by discriminating ‘good days’ from ‘bad days’ [50], but limited agreement overall [51]. One explanation could be that
momentary assessments reflect present, experiential knowledge, whereas retrospective assessments involve episodic
memory processes [50,52]. Retrospective reports may overweigh the most intense or most recent experiences (episodic
memory), reducing alignment with the preceding month’s EMA-derived temporal features and predictive accuracy.
Another explanation could be limited variability in retrospective outcomes, which may result in the baseline models
performing as well as the LOSO model.

Regarding the second research question, “How many EMA datapoints are needed for accurate predictions of changes
in retrospective outcomes of mental health?”, median predictive accuracy improved for each retrospective outcome
through window optimization compared to a 30-day window, indicating the latter may be less preferable. However, there
was no monotonic trend or universal optimum, consistent with previous mixed results and recommendations on recall
periods for subjective measures [53,54]. For instance, [54] suggested four weeks for the prediction of somatic symptom
burden, whereas [53] argued for one week to minimize recall bias. The current results also support the conclusions of
[55], namely that there is not a ‘one size fits all’ recall period because content and temporal variability differ across
persons. Several time windows showed wide variability in predictive accuracy for both LOSO linear models and linear
regression models (see Appendix C), likely reflecting individual differences in how experiences are perceived and
reconstructed [26,51]. For instance, one individual may recall recent aspects of perceived stress (favoring shorter
windows). In contrast, another recalls the most intense moments of a month (favoring longer windows), which may result
in different predictive accuracies for shorter or longer time windows.

Strengths and limitations

Strengths of the current study include the extensive within-person longitudinal data, which yielded many observations for
person-specific temporal EMA features of affective states. Furthermore, the repeated-measures nature of the data
collection gives new insights into long-term prediction, and the use of multiple retrospective outcomes of mental health
allowed a broad, multi-dimensional analysis. To the best of the authors’ knowledge, no prior longitudinal study has
examined the predictive accuracy of temporal EMA features of affective states for changes in retrospective outcomes
across 9 months while varying prediction windows.

Limitations of the current study include a small sample size (N = 15), although each participant contributed to a large
number of longitudinal observations (~274 per person) which may be reused for future analyses. Furthermore, within-
subjects cross-validation (leave-one-month-out) could not be performed and some retrospective outcomes showed limited
variability or no extreme values. This led to the exclusion of certain questionnaires and possibly limited predictive
accuracies. Some prediction models showed low R2 values or high variability, likely reflecting person-level differences
in symptom severity over time, the multifaceted nature of the constructs, or temporal lags in temporal EMA features of
affective states not captured by daily time windows. Finally, the current analyses rely on linear assumptions and between-
subjects cross-validation, given the limited number of monthly observations per person. While this approach provides
preliminary insights into predictive accuracies, it does not incorporate within-subjects cross-validation or more complex
modeling approaches.

Implications

[50] recommended testing time-window effects on recall; however, the current findings suggest there is no single
window that enhances prediction across retrospective outcomes. Future work should increase content overlap between
EMA and retrospective assessment, see [50,56] to clarify convergence. At the same time, retrospective assessments
contain ambiguities and confounders, including recall strategies, and prior work often favors EMA for capturing fine-
grained predictors and their dynamics over time [50,51]. To avoid limited agreement and predictive accuracy between the
momentary and retrospective assessments, future research should either investigate the predictive accuracy with a smaller
time window between the retrospective outcome and EMA, keeping it as short as possible, such as one or two weeks or
investigate the predictive accuracy of only EMA outcomes and trends throughout time, potentially in combination with
other more objective or continuous data sources. This aligns with the conclusion of [11] that EMA can give insights into
more fine-grained patterns of mental health and affective states in comparison to single-administered retrospective
assessments.

Predicting mental health from temporal EMA features of affective states can be complex and likely requires high-
temporal, multimodal data to grasp the context of subjective measures [57,58]. By extending intensive longitudinal
design with passive sensing from wearable and smartphones (eg, [19]), one can integrate sensor data and self-report
streams to track individual mental health trajectories [59-61]. Future research should test whether temporal EMA features
of affective states align with passive sensor data and whether within-person changes are visible across both modalities. If
passive sensing improves the predictive utility of EMA or temporal EMA features, one could consider replacing EMA
measures with continuous measures to reduce participant burden while maintaining (or enhancing) data streams. For
example, [62] provided preliminary evidence that depression in older adults living alone could be classified with a
machine learning program using EMA and wearable data. Similarly, [27] highlights that the prediction of affective states
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with EMA is possible to a certain extent with objective data from wearables and smartphones. Furthermore, these
continuous data streams of EMA and objective data can be integrated into mental health apps such as MoodPrism (see
[12]) to promote self-awareness of one’s mental health and, importantly, to automatically predict and warn individuals at
risk of mental health decline.

Conclusion

Temporal EMA features can provide valuable insights into a person’s mental health trajectory. In this longitudinal study,
temporal EMA features of affective states could predict changes in retrospective mental health outcomes over time to a
limited extent, and no single window length consistently optimized accuracy. Discrepancies between EMA-derived
temporal features and retrospective outcomes may stem from individual differences in recall strategies or from
differences between experiential and episodic memory. Given the advantages of EMA and the potential of passive
sensing for contextual insight, future work could pursue longitudinal prediction with shorter time intervals between EMA
and retrospective assessments. However, consistent with previous work, the most promising direction may lie in
combining temporal EMA features of affective states with continuous objective measures (eg, wearables, smartphones) to
detect long-term changes and fluctuations in mental health trajectories.
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Circumplex Model of Affect (adopted from [9]).
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Descriptive statistics per outcome variable.
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Predictive accuracy (R2) per questionnaire, including all data (time window = 30).

R? distribution at 30-day window (LOSO Linear)
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Predictive accuracy (R2) across time windows for 4DSQ Distress.

R? Distribution — 4DSQ_Distress
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Predictive accuracy (R2) across time windows for MHC Mental wellbeing.

R? Distribution — MHC Mental wellbeing
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Predictive accuracy (R2) across time windows for PSS Perceived Stress.
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Predictive accuracy (R2) across time windows for UBOS Exhaustion.
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Predictive accuracy (R2) across time windows for UBOS Personal Accomplishment.

R? Distribution — UBOS Personal Accomplishment
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