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Abstract

Ecological momentary assessments (EMA) have transformed mobile mental health by capturing real-time
fluctuations in psychological states and behavior. While forecasting future states from EMA data is crucial
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for adaptive interventions, most current approaches to modeling the underlying psychological mechanisms
rely on linear assumptions. These include common network based methods such as vector autoregression
(VAR) or Kalman filtering, which assume fixed and proportional relationships among variables. However, a
growing body of evidence suggests that psychological dynamics exhibit nonlinear properties raising concerns
about the adequacy of linear models for both interpretation and prediction.
Here, we leverage three independent 40-day micro-randomized trials (N=145) to benchmark a spectrum
of models—from näıve baselines and linear network models to autoregressive Transformers and nonlinear
state-space models (SSMs) built on piecewise-linear recurrent neural networks (PLRNNs). PLRNNs pro-
vided the most accurate forecasts, including predictions of how individuals responded to interventions.
Beyond superior forecasting, the PLRNN’s latent-network structure allowed us to simulate how changes
in individual psychological states spread through the system. This revealed interpretable patterns of influ-
ence—highlighting central network nodes like sad or down as high-impact intervention targets based on
their strong ripple effects. Critically, performance remained robust under real-time retraining constraints
and varying data completeness, underscoring the practical viability of nonlinear SSMs in deployed mo-
bile mental health systems. Our results establish PLRNN-based forecasting as a powerful, interpretable
foundation for real-time, model-predictive control of digital mental health.

Keywords: ecological momentary assessment, ecological momentary interventions, network control, computational
psychiatry, computational models

1 Introduction

Digital mental health interventions, mobile mental
health (mHealth) applications in particular, provide a
cost-effective and accessible way for individuals with
mental health conditions to access evidence-based
mental health services [1, 2], bridge waiting periods
before psychotherapy [3, 4], or supplement ongoing
treatment in blended care models [5]. These apps
increasingly incorporate Ecological Momentary As-
sessments (EMA) to capture real-time psychological
states and behavior, enabling the continuous tracking
of mental health in daily life to inform the deliv-
ery of intervention components that are more tailored
to moment, context, and person, including Ecologi-
cal Momentary Interventions (EMIs) or Just-in-time
adaptive interventions (JITAIs) [6–10]. EMA data -
such as self-reported mood, anxiety, stress, worry, or
arousal levels - are essential for identifying critical
moments when interventions may be most effective,
such as detecting early signs of depression or esca-
lating anxiety that warrant timely coping strategies
[7, 11, 12].

A growing body of research suggests that EMA vari-
ables are not isolated indicators but interact within
complex psychological networks [13, 14]. This net-
work approach aligns closely with the perspective
that psychological functioning is best understood as
a dynamical system (DS) [15, 16], where individ-
ual states influence each other across multiple time
scales [17–20]. For example, network models have
been employed to elucidate how therapy attenuates
the mutual interactions between anxiety and avoid-
ance [21], how transdiagnostic irritability is driven by
frustration [22], how more generally emotional states
can shift nonlinearly between steady and oscillatory
patterns [23], and how the interactions between inter-
nal and external factors can give rise to psychiatric
symptoms [24]. Moreover, they offer insights into how
EMI can promote adaptive change over time [25].
These insights are increasingly being used to tailor
mHealth interventions to individual needs, enhancing
personalization and clinical relevance [11, 25–28].
Most recent research uses linear methods such as
vector autoregressive models [29], hierarchical linear
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modeling [30, 31], and mixed-effects models [32], to
analyze EMA data. These methods are widely used
because they offer interpretability and simplicity in
modeling temporal relationships between psychologi-
cal variables.
However, psychological time series often show clear
signatures of nonlinear dynamics, including multista-
bility [33] and phase transitions linked to sudden
mood shifts, depressive episode onset, and recovery
trajectories [34]. Linear models on the other hand
assume fixed, proportional relationships between vari-
ables [35] and are fundamentally limited in their
ability to capture such dynamics. This raises concerns
about their suitability for forecasting psychological
states, especially in contexts where accurate, real-time
prediction is essential for adaptive intervention, such
as in model-predictive control frameworks.

Here, using three independent and comparable
datasets, we robustly demonstrate that forecasting
models accounting for nonlinear interactions between
dynamic variables significantly outperform linear ap-
proaches in predicting psychological states, providing
a more valid and realistic generative framework. In
addition to improved predictive accuracy, these non-
linear models yield more interpretable network struc-
tures, shedding light on the underlying dynamics of
psychological state interactions. Specifically, we show
that certain classes of nonlinear dynamical models not
only illuminate the architecture of psychological net-
works but also help to identify the most promising
targets for intervention. Taken together, these findings
highlight the critical importance of nonlinear model-
ing for guiding the personalized delivery of EMIs. The
modeling results are highly replicable and generalize
to real-time deployment.

2 Results

Forecasting Psychological States from EMA
and EMI Data

While EMAs enable real-time assessment and moni-
toring of psychological states and timely interventions
in mHealth applications including EMI and JITAI,
the predominant use of linear models has constrained
their ability to capture the complex, nonlinear inter-
actions inherent to psychological processes. To over-
come these limitations, we systematically evaluated
the predictive accuracy and interpretability of vari-
ous forecasting models using three unique EMA+EMI
datasets collected over 40 days, with a total sam-
ple size of N = 145, in the AI4U living lab [36].
More details on the project can be found in [37, 38].
More specifically, we employed an online training/e-
valuation scheme which imitates how such models
would be deployed in a real-world scenario (see Fig.
1A). We compared a set of model classes ranging
from simple, static baselines to advanced dynamic
network models, including first order vector autore-
gressive models (VAR(1)), linear state-space models
(Kalman filters), nonlinear state-space models (SSMs)
incorporating latent piecewise-linear recurrent neural

networks (PLRNN) [39–41], and autoregressive Trans-
former architectures [42, 43] (see Appx. Methods A.5
for rationale behind these choices). Hyperparameter
tuning was conducted exclusively on the first dataset
(sample 1, see Appx. A.6), while sample 2 and sample
3 served as independent test sets (see Methods A.3 for
details).

Nonlinear Models Significantly Outperform
Linear Approaches

Across the two independent replication samples (sam-
ple 2 with 48 and sample 3 with 51 participants,
respectively), nonlinear forecasting models consis-
tently outperformed linear methods. Specifically, the
PLRNN model significantly improved prediction accu-
racy of daily psychological state fluctuations, achiev-
ing lower mean absolute errors (MAE; sample 2 =
0.831, sample 3 = 0.795, Fig. 1B) compared to VAR
models in both samples, and compared to Kalman fil-
ter models in sample 2. Detailed results can be fount
in Table 1. Notably, linear models even performed
significantly worse than simple baseline approaches,
such as using the previous time step or the overall
expectation as predictors. Adding to that, PLRNN
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Figure 1 A: Online model training/evaluation procedure. For each day d, the train set included the entire time series up to (but
not including) day d, while the test set consisted of data from day d itself. For each train set, 10 models were trained with inde-
pendent random initializations, and their average prediction was used as the forecast. Evaluation metrics were computed across
all test days. B: Mean absolute error (MAE) for predicted absolute EMA values across all tested models. C: MAE of time points
immediately succeeding an EMI.

models also outperformed linear models in predicting
EMA states immediately following an EMI (sample 2
= 0.838, sample 3 = 0.814, Fig. 1C), highlighting its
potential for informing interventions.

Enhanced Interpretability of Nonlinear
Network Models

Beyond predictive performance, the PLRNN also
markedly enhanced interpretability, which was
uniquely facilitated by the specific architecture of
this model. Because the PLRNN model incorporates

a piecewise-linear activation structure, local deriva-
tives can be analytically derived (see Methods 4).
This capability enabled us to transparently recon-
struct interpretable psychological network dynamics
directly from the model. Fig. 2A,B depicts the ef-
fective connectivity of the PLRNNs in observation
space, delivering directly interpretable behavioral con-
tingencies, consistent across the sample, Bonferroni
corrected for multiple comparisons.
Across all participants, several EMA items exhibit sig-
nificant connectivity - for example, stress and relaxed
are mutually inhibitory, so are tired and energetic*. In

Table 1 Evaluation metrics for all tested models in samples 2 and 3. Mean and standard error are displayed. Additional paired
t-test results for the comparison of the absolute score MAE between each model and the best performing model (PLRNN), with
Bonferroni-corrected p values. Lower degrees of freedom in the Kalman filter are a result of non-convergence for a few subjects.

Sample Model MAE Interv. MAE MAE compared to PLRNN
2 Last step 0.872 ± 0.0382 0.868 ± 0.0461 t(47) = 2.14, pBonf. = .228

Global Mean 0.917 ± 0.0363 0.895 ± 0.0384 t(47) = 5.71, pBonf. < .001
Linear Regression 0.950 ± 0.0379 0.976 ± 0.0482 t(47) = 8.44, pBonf. < .001
VAR(1) 0.976 ± 0.0422 1.031 ± 0.0515 t(47) = 4.81, pBonf. < .001
Kalman filter 0.910 ± 0.0385 0.900 ± 0.0434 t(45) = 3.86, pBonf. = .002
PLRNN 0.831 ± 0.0300 0.838 ± 0.0374 −
Transformer 0.861 ± 0.0367 0.848 ± 0.0374 t(47) = 1.88, pBonf. = .401

3 Last step 0.860 ± 0.0485 0.861 ± 0.0459 t(50) = 2.59, pBonf. = .075
Global Mean 0.847 ± 0.0410 0.861 ± 0.0481 t(50) = 6.56, pBonf. < .001
Linear Regression 0.877 ± 0.0410 0.938 ± 0.0511 t(50) = 8.31, pBonf. < .001
VAR(1) 0.894 ± 0.0381 0.928 ± 0.0438 t(50) = 5.59, pBonf. < .001
Kalman filter 0.886 ± 0.0439 0.894 ± 0.0449 t(45) = 2.26, pBonf. = .172
PLRNN 0.795 ± 0.0407 0.814 ± 0.0469 −
Transformer 0.819 ± 0.0411 0.855 ± 0.0485 t(50) = 2.75, pBonf. = .050
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Figure 2 Models depicted as ideographic networks. Arrow width depicts mean edge strength over all participants. Positive con-
nections are shown in black, negative connections in red. For visualization purposes, negatively poled items were not recoded and
marked with an asterisk. A: PLRNN in sample 2 (Bonferroni corrected for multiple comparisons ). B: PLRNN in sample 3 (Bon-
ferroni corrected). C: VAR(1) in sample 2 (uncorrected). D: VAR(1) in sample 3 (uncorrected).

contrast, mood and relaxed, as well as confidence and
satisfied are mutually excitatory. While significance
levels differed between samples, the overall connectiv-
ity pattern remained largely consistent across samples
and was intuitively interpretable. In contrast, con-
nectivity inferred from VAR(1) models was notably
more sparse (in fact, no connections survived multi-
ple test corrections) and occasionally counterintuitive
(see Fig. 2C, D; note that the VAR(1) networks were
left uncorrected since nearly no connections would
have survived multiple testing). For example, ac-
cording to VAR(1), being energetic reinforced being
tired, and being relaxed increased the likelihood of

feeling scared. Such findings may stem from a fun-
damental limitation of traditional VAR modeling, as
it cannot account for dynamics arising from mod-
erating latent variables. Instead, VAR models must
attribute all dynamics directly to observed variables,
which may compromise interpretative validity. Net-
works inferred from Kalman filter models exhibited
almost no significant connections, even without Bon-
ferroni correction, underlining that the consistency
of PLRNN networks is both due to nonlinearity and
being an SSM. Moreover, although Transformer archi-
tectures achieved reasonable forecasting performance,
they cannot be interpreted as ideographic networks -
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analogous to many other deep neural networks - and
require longer training times, making them less suit-
able for real-time deployment in e.g. digital mental
health interventions (see Appx. Fig. B1).

Identifying Targets for Personalized
Intervention

Exploiting the PLRNN’s explicit latent-network for-
mulation — which admits analytical perturbations of
individual nodes (see Methods 4 and Appx. Methods
A.8) — we next examined how targeted disturbances
of single psychological states ripple through the net-
work to shape overall mental-health trajectories. Our
analysis of the network dynamics revealed that cer-
tain states exert a disproportionately strong influence.
In particular, nodes such as “down” and “sad” ex-
hibited high relative cumulative impulse responses
(rCIRs), marking them as promising targets for inter-
vention (Fig. 3B). In contrast, other states—such as
“tired”—showed weaker ripple effects, suggesting they
may be less effective. The computed rCIR metric also
carried an intuitively interpretable meaning in terms
of the network’s structure: states with high rCIRs
tended to occupy more central positions in the psy-
chological network, exerting influence over multiple
interconnected nodes (Spearman’s ρ = 0.832/0.836 in
sample 2/3, p < .001, see Fig. 3C). When directed
to the nodes with lowest out centrality, external in-
puts induced a significantly smaller absolute rCIR
than when directed to the nodes with highest weighted
out-degree centrality (t(114) = −4.48, p < .001),
indicating the importance of strategically selecting in-
tervention targets based on network centrality and
rCIRs. However, rCIR has the advantage of quan-
tifying predicted effects on a single-item resolution,
while centrality only provides a system-wide mea-
sure. Crucially, the ability to specifically target iso-
lated EMA nodes for mechanistic insight stems from
the PLRNN’s unique architecture, enabling analyti-
cally tractable perturbation analyses. These findings
provide an evidence-based framework for tailoring in-
terventions to individual psychological network struc-
tures, that may optimize the effectiveness of EMIs,
and help identifying candidate intervention targets.

We also applied this novel approach to forecast and
evaluate the effects of the administered EMIs by per-
turbing the inferred networks and computing their
rCIR trajectories over a 24-hour period (see Appx.
Methods A.8). Although direct validation is chal-
lenging due to the influence of multiple uncontrolled
external factors in the empirical EMA time series,
the model again produced plausible predictions: most
EMIs were associated with either significantly posi-
tive or neutral effects on mental health (see Fig. 4C,
D). Only one EMI was linked to adverse predicted
outcomes; notably though, this pattern was consistent
across both samples.
While we cannot easily validate these forecasts, the
one-step ahead predictions of EMI effects and ground
truth proximal effects are positively correlated for
most participants (70% in sample 2 and 81% in sam-
ple 3, Fig. 4A and Appx. Fig. B6A), indicating our
ability to personalize predictions across all 8 interven-
tions by identifying both the most effective option and
the order for each individual (Fig. 4B and Appx. Fig.
B6B).

Forecasting Implications For Real-World
Study Designs

Several findings also carry important implications for
real-world study design. Nonlinear models such as
the PLRNN retained high predictive accuracy even in
the presence of missing data, underscoring their prac-
tical applicability (Appx. Fig. B4B). Notably, data
completeness—defined as a high proportion of non-
missing responses—proved more critical for PLRNN
performance than the overall length of the time se-
ries (Appx. Fig. B4A,B). This relationship varied
by model type; for example, the VAR(1) showed a
stronger dependence on data length.
Forecasting performance also systematically varied by
EMA item type, with psychological variables generally
exhibiting higher predictive accuracy than physical
ones. For instance, the MAE for tired - which arguably
reflects a more physical or somatic state - was approx-
imately twice that of resilience (Appx. Fig. B3C). The
rank ordering of prediction errors was nearly identi-
cal for the PLRNN and Kalman filter models, with
only two items differing in rank (see Fig. B3A-C).
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Figure 3 A: Perturbation procedure for latent models. External inputs are added to the latent time series. To perturb a certain
observation node j, we compute the orthogonal complement to the kernel of row j of observation matrix B and use linear combi-
nations of its elements as external inputs on the latent model. To compute the CIRT , the latent model is iterated T time steps,
and the resulting predictions are summed. B: Total rCIR to inputs targeting each individual EMA item. Mean and standard error
are displayed. C: Total rCIR (standardized within subjects) to inputs targeting specific nodes, plotted against the out-degree cen-
trality rank of these nodes (higher rank number=higher centrality). The solid line indicates mean rCIR, shaded areas the standard
error of the mean.

Moreover, these patterns were once more highly sta-
ble across samples, with Spearman rank correlations
of ρ = 0.925 (p < .001).
Consistent with expectations, non-stationary items
negatively impacted forecasting (t(1483) = −2.62, p =
.004 across both samples), highlighting the impor-
tance of adaptive methods, though non-stationarity
remained relatively minor over our 40-day studies.

Finally, incorporating additional activity-related ex-
ternal inputs improved forecasting performance com-
pared to using only EMI as inputs—an effect observed
specifically for the PLRNN (t(36) = 4.02, p < .001
across both samples), but not significantly for other
network models. These findings suggest that com-
bining a flexible, nonlinear forecasting model with
relevant contextual information can further enhance
predictive accuracy.

3 Discussion

This study demonstrates, for the first time, that
nonlinear dynamical models markedly outperform
conventional linear network approaches in predict-
ing momentary psychological states from EMA data,
and that their ability to incorporate EMI as ex-
ternal inputs may establish a robust methodological
platform for next generation adaptive digital men-
tal health interventions. By leveraging a series of
intensive longitudinal datasets collected under ecolog-
ically valid conditions, we demonstrate that nonlinear
SSMs—particularly the PLRNN—outperform tradi-
tional linear approaches in predictive accuracy and
interpretability.

A key insight emerging from our analysis is that
psychological processes, when modeled as interact-
ing elements within a dynamic network, yield both
more accurate forecasts and more meaningful repre-
sentations of underlying mental states. This finding
supports a growing consensus that mental health can-
not be adequately captured through static or linear
models, and instead reflects complex, nonlinear inter-
actions evolving over time [16, 44–46]. Importantly,
these interactions are not only quantifiable but also
exploitable: by embedding psychological states in a
generative latent space, the PLRNN enables precise
perturbation analyses that can identify high-impact
intervention targets, laying the basis for model-based
predictive control [25, 47].
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Figure 4 A: Rank correlation between predicted and empirical EMI effectiveness, given by Kendall’s τ for each participants of
sample 3. Participants are shown in the order of correlation. Predicted effectiveness was measured by rCIR1, while empirical ef-
fectiveness was assessed as the one-step difference in EMA trajectories after the occurrence of an EMI. B: Empirical EMI ranks
sorted by predicted EMI ranks for each participant of sample 3, in the same order as A. C: rCIR7 for each EMI in sample 2. Mean
and standard error are displayed. D: Same for sample 3.

Most existing EMA studies rely on linear models such
as VAR(1) or hierarchical regressions, which, while
accessible and interpretable, cannot capture nonlin-
ear transitions or latent influences. In contrast, the
PLRNN not only accommodates such complexities
but does so with sufficient efficiency to allow for on-
device deployment and real-time feedback—essential
features for scalable mental health technologies. Our

finding that prediction performance remained robust
even under conditions of partial missingness fur-
ther underscores the PLRNN’s utility in real-world
settings, where data sparsity is common [48, 49].
Beyond prediction, the nonlinear models revealed in-
terpretable psychological networks whose structure
remained consistent across participants and datasets.

8

All rights reserved. No reuse allowed without permission. 
(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. 

The copyright holder for this preprintthis version posted July 3, 2025. ; https://doi.org/10.1101/2025.07.03.25330825doi: medRxiv preprint 

https://doi.org/10.1101/2025.07.03.25330825


These networks exhibited face-valid patterns—for in-
stance, stress and relaxation showed mutual inhi-
bition—while linear models such as VAR produced
counterintuitive links. The PLRNN’s capacity to map
such networks stems from its piecewise-linear struc-
ture, which allows for the reconstruction of locally lin-
ear approximations of psychological dynamics that are
both mathematically tractable and behaviorally inter-
pretable, presenting a methodological advancement in
psychological network anaylsis [50].
Crucially, these network representations served to
inform potential interventions. By systematically per-
turbing individual network nodes, we identified states
such as “sad” and “down” as high-leverage points
whose targeted modulation—e.g., through EMI com-
ponents—elicited widespread effects across the sys-
tem. The strength of these effects scaled with net-
work centrality. Indeed, forecasts of real EMI effects
across a 24-hour window aligned with these insights,
showing that most EMIs had either positive or neu-
tral predicted outcomes, with high consistency across
independent datasets.
We also identified key determinants of prediction qual-
ity. Forecasting accuracy varied by item type, with
psychological variables (e.g., mood, anxiety) showing

higher predictability than physical ones (e.g., tired-
ness), likely due to stronger embedding within the
internal psychological network. Moreover, data com-
pleteness, rather than time series length, proved more
important for prediction—particularly in nonlinear
models—highlighting a clear design recommendation
for future studies: prioritize sampling consistency over
duration.
Taken together, the findings of improved predictive
accuracy and interpretable insights into predictive
mechanisms pave the way for personalized feedback
and intervention designs based on nonlinear SSMs.
However, while this work represents a significant ad-
vance, future studies should extend these models to
incorporate multimodal inputs (e.g., passive sensing,
geospatial data, clinical metadata, or biophysiologi-
cal data) [51–53], explore adaptive model updating
in long-term deployments [48], and refine the inte-
gration of control theoretic principles for intervention
optimization (e.g., [25]), perhaps employing reinforce-
ment learning techniques [54]. Nevertheless, despite
the constraints of limited data, our findings demon-
strate that nonlinear SSMs offer a powerful approach
for accurately forecasting psychological states and in-
tervention effects, laying the groundwork for real-time
model-predictive control of mental-health interven-
tions.

2

4 Methods

Data and study design

We analyzed data from three micro-randomized tri-
als (samples 1–3; N ≈ 60 each) conducted in the
living lab AI4U [36]. Each trial comprised a ten-day
training phase—during which eight EMI exercises (see
Appx. A.2) were administered twice daily alongside
eight random EMA prompts per day — followed by
a thirty-day assessment phase with six EMA prompts
daily and interspersed EMI, yielding up to 260 EMA
observations and 200 EMI per participant (actual
sampling varied with voluntary extra EMA and EMI
requests). The EMA protocol included 15 primary
well-being items (1–7 Likert; reverse-scored as needed,

see Table A1) and six auxiliary covariates; EMA
and binary EMI streams were temporally aligned,
smoothed using a Gaussian kernel (8h window, σ =
1.5h) to accommodate irregular sampling [55, 56], and
mean-centered using only training-set statistics to pre-
vent information leakage. See Appx. A.1 and A.2.1 for
elaborate details on study protocol, design, and data
preprocessing.

Forecasting and model evaluation protocol

We adopted an evaluation framework mirroring a
real-time pipeline, in which forecasting models are re-
trained each night on all data up to the first EMA
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of the day and used to predict the subsequent seven
observations - amounting to one day - at the time
of EMI selection [36]. Eligible test days were those
occurring on or after day 11 with at least three com-
pleted EMAs including the first of the day. Data
prior to the first EMA defined the training set, and
that day’s observations comprised the test set. Models
whose fitting procedures involved non-deterministic
optimization were trained ten times with random ini-
tializations, and forecasts were based on the ensemble
mean. Predictive accuracy was assessed by MAE on
absolute scores (see Appx. A.4).

Modeling

Hyperparameters for all forecasting models were opti-
mized by grid search on sample 1 to minimize MAE,
with candidate ranges chosen to keep model com-
plexity commensurate with each subject’s maximum
time-series length. These fixed settings were then ap-
plied without further tuning to samples 2 and 3 for all
comparative analyses.
We evaluated a hierarchy of models spanning from
static baselines (last-observation carry-forward, global
intercept, and linear regression with external inputs)
through linear dynamical frameworks (VAR(1) and
Kalman filter) to nonlinear state-space approaches
(PLRNN trained via generalized teacher forcing [40])
and an autoregressive Transformer. Full details of
each model’s implementation, training protocol, and
hyperparameter ranges are provided in Appx. A.5,
A.6.

Network mechanisms

To characterize how psychological states influence one
another, we derived effective connectivity matrices for
each model by computing the Jacobian of the expected
observation at time t with respect to the observation
at t − 1. In the VAR(1) model this is simply the co-
efficient matrix A [14], whereas for the Kalman filter
we compute ∂E[xt]/∂xt−1 = BAB+ (with B+ being
the Moore–Penrose pseudoinverse). For the PLRNN,
ReLU activations partition the latent space into lin-
ear regions {Ωj}, each with local Jacobian J (Ωj) =
∂zt/∂zt−1; we then project these via B J (Ωj) B+ along

each subject’s trajectory to obtain an average over
time-varying connectivity.
To assess the impact of targeted interventions, we
computed seven-step cumulative impulse responses
(CIRs) for unit perturbations to each EMA node, de-

fined as CIR7(u, x0) =
∑7

t=1 (B f t(B+x0, u)− x0) ,
B+x0 being the projection of the initial observation
onto the latent space, and averaged across a set of rep-
resentative initial conditions, explicitly including all
standard basis vectors and the null vector. We then
obtained the relative CIR (rCIR) by subtracting the
autonomous response (CIR7(0, x0)) [57]. The sum of
rCIRs across all variables (“total rCIR”) quantifies a
node’s systemic influence, which we correlated with
its out-degree centrality to identify high-impact tar-
gets for personalized interventions. See Appx. A.8 for
more details.

Determinants of forecasting performance

We first assessed item-level predictability by correlat-
ing each EMA item’s MAE and directional accuracy
with its mean and stationarity using Spearman’s rank
correlation. To characterize performance under lim-
ited data, we identified participants with at least ten
eligible test days after time step 80 (17 in sample
2, 19 in sample 3), selected ten maximally spaced
test days per subject, and trained models on pre-day
windows of 30, 40, 50, 60, 70, and 80 time steps.
We then simulated compliance rates from 80% down
to 20% by randomly masking observations, repeating
each scenario five times and averaging the outcomes.
Finally, we evaluated the impact of four additional
EMA covariates (sleep quality, quality of life, phys-
ical activity, activity pleasantness, see Appx. A.7)
and two social-interaction items—normalized to [–1,
1] and appended to the input vector—by comparing
model forecasts on the same low-data subsets with and
without these extra inputs.
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Appendix A Supplementary Methods

A.1 Sampling scheme

We analyzed three datasets from the AI4U living laboratory ([36]; www.ai4u-training.de). In each study itera-
tion, 60 participants received various ecological momentary intervention (EMI) exercises on a smartphone and
were prompted to complete ecological momentary assessment (EMA) surveys several times per day. After an
initial screening, participants entered a 10-day training phase during which each of the eight EMI exercises was
presented twice to familiarize them with the tasks. During this phase, eight EMA surveys were collected daily
at random time points within a user-defined interval. Following the training phase, participants underwent 30
days of less intensive EMA sampling (six surveys per day). After each EMA, participants were asked if they
wished to receive an EMI—termed “interactive tasks.” Additionally, one EMI was delivered daily at a user-
defined time to ensure regular memory refreshing; these are termed “consolidation tasks.” At each delivery, the
EMI was selected either randomly or via a selection algorithm (each with a 50% chance) from the set of eight
possible interventions, with an option for a null intervention in which case no exercise was selected (see also
[36]). Consequently, the expected maximum number of EMA timepoints per subject was 260 (detailed statis-
tics on data completion are reported in Table B4). However, participants could voluntarily record additional
EMAs, and in the second and third iteration, they could also request extra EMIs, leading to a variable number
of EMAs and EMIs per day in practice. This study design is referred to as “micro-randomized trial” (sample).
Consequently, we will refer to the study iterations as sample 1, sample 2, and sample 3 throughout the paper.

A.2 EMA and EMI

During EMA assessment, a total of 17 items capturing constructs related to mental well-being were prompted.
Of these, 2 were conditional, and only presented if an earlier item indicated the presence of negative emotions.
Thus, the remaining 15 well-being items were selected for analysis. An additional 6 items measured external
contexts and were used as covariates in a sub-analysis (see Section A.7). All 15 analyzed well-being items
employed a 1–7 Likert scale, and negatively coded items (e.g., ”I feel sad”) were reverse-scored so that higher
values consistently signified better mental well-being (see Table A1 for the full item list).
The EMI were selected from a set of 8 options focused on resilience, emotion regulation, and stress reduction.
The set of EMI used in this study comprised: Compass of emotions, Counting your breath, My calm and safe
place, Breathing with breaks, My compassionate companion, Emotion as a wave, Journal of joyful moments,
Positive data log [58].

A.2.1 Data preprocessing

For every subject s, the EMA time series were encoded in a matrix Xs ∈ RT×n, where T is the number of
recorded time steps and n is the number of EMA items. In Xs, the ith column represents the time course of
EMA item i, and the tth row contains all EMA responses at time point t. For brevity, we omit the subscript s
in the following discussion.
Similarly, EMI time series were encoded in a binary matrix U ∈ {0, 1}T×m, where m (here 8) is the number
of admissible EMI. An entry of 1 in row t and column i indicates that intervention i was delivered at time t.
Because interactive tasks were delivered immediately after an EMA, the rows of U were aligned with those of
X. Consolidation tasks, delivered independently of EMA, were assigned to the preceding EMA time point to
maintain temporal alignment.
To address the challenges posed by irregularly spaced EMA assessments, we smoothed the ordinal EMA data
before model estimation. Accordingly, at each time point t, each EMA item was replaced by a weighted sum
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Table A1 EMA items included in this study and their properties. All were answered on a 1-7 Likert scale. Items formulated in
a way that implied that high values indicated low mental well-being were reversed prior to model training and analysis.

Code Item Reversed Target construct
1 ‘mood’ I feel good. no positive affect
2 ‘disappointed’ I am disappointed in myself. yes self-esteem
3 ‘scared’ I feel anxious. yes negative affect
4 ‘worry’ I am pensive. yes worrying
5 ‘down’ I feel down. yes negative affect
6 ‘sad’ I feel sad. yes negative affect
7 ‘confidence’ I feel confident. no self-esteem
8 ‘stress’ I feel stressed. yes stress
9 ‘lonely’ I feel lonely. yes social isolation
10 ‘energetic’ I am full of energy. no activity level
11 ‘concentration’ I have difficulty concentrating. yes stress
12 ‘resilience’ I can handle all the difficulties I may encounter. no resilience
13 ‘tired’ I am tired. yes activity level
14 ‘satisfied’ I am satisfied. no positive affect
15 ‘relaxed’ I am relaxed. no positive affect

of all values recorded within a 4-hour window centered on t. The weights were determined using a Gaussian
kernel with a standard deviation of 1.5 hours, so that measurements closer to t have a higher influence. Because
EMA prompts occurred at randomized intervals, the resulting irregular spacing can complicate modeling [55];
kernel smoothing effectively mitigates these issues while aligning the data with model assumptions [56].
After smoothing, each EMA item was mean centered. Importantly, no information from the evaluation/test
set was used during this process. The evaluation/test data were left unsmoothed and uncentered, and only
the mean from the training set was added back to the model predictions to restore them to the original data
domain, ensuring a strict separation between training and evaluation sets.

A.3 Forecasting and model evaluation protocol

For inclusion in the evaluation/test sets, days had to meet the following criteria:

� The day was the 11th day or later (i.e., following the 10-day training phase, ensuring a minimum amount of
training data as specified in the AI4U study protocol).

� The day contained at least 3 non-missing EMA entries, providing enough samples for reliable prediction
evaluation.

� The first EMA of the day was non-missing, ensuring a robust model initialization.

The number of eligible days was proportional to the number of non-missing EMA entries and thus varied greatly
across subjects. Sufficiently robust data was obtained from 46 subjects in sample 1, 52 subjects in sample 2,
and 53 subjects in sample 3 (see Table B4).
We evaluated the predicted EMA scores in each test set (referred to as “absolute score” throughout).

A.4 Prediction accuracy metrics

Our main performance metric was the mean absolute error (MAE) which measures the distance in absolute
value (L1) between predicted and true values. The MAE is more suitable than the more conventional mean
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squared error, since it avoids disproportionately penalizing larger deviations that may not carry proportionally
greater meaning for non-Gaussian, bounded quantities like Likert scale values [59, 60].
To account for the varying number of test sets for every subject, as well as the varying number of non-missing
EMA per set, we averaged the MAE first over the non-missing time steps and then over all evaluation/test set
of a subject. They were then statistically compared on the between-subject level. MAE for subject s is given by

MAEs =
1

|Ds|
∑
d∈Ds

1

|Td|
∑
t∈Td

1

n

n∑
i=1

|x̂s,d,t,i − xs,d,t,i|

where Ds is the set of evaluation days for subject s, Td is the set of non-missing EMA on day d, and x̂s,d,t,i is
the predicted value for EMA item i at time t on day d for subject s.
Secondly, we separately calculated the MAE for data points immediately proceeded by an EMI

Interv. MAEs =
1

|Ds|
∑
d∈Ds

1

|Td|
∑

t∈PEMI
d

1

n

n∑
i=1

|x̂s,d,t,i − xs,d,t,i|

where Pd is the set of successive pairs (times t and t+1) of EMA on day d, where both EMA are non-missing,
and ut ̸= 0, i.e. there was an intervention at time t.

A.5 Modeling

We evaluated a series of forecasting models of increasing complexity, allowing us to systematically isolate and
assess the contributions of various methodological components, focusing on dynamic network-type models.
Our approach started with the simple, non-dynamic models, and then progressively incorporated additional
features—such as external inputs, latent representations, and non-linear recurrence—to more accurately capture
the underlying dynamics of the EMA time series. Ultimately, the list of tested models comprised:

� static models, including

– the last time step,
– the global intercept, and
– a linear regression model including an intercept and external inputs,

� dynamic models, including

– vector autoregressive models of order 1 (VAR(1)),
– linear state space models (SSMs) with latent vector autoregressive component of order 1 (also known as a
Kalman filter),

– non-linear SSMs (with a piecewise linear recurrent neural network (PLRNN) as latent model), and
– autoregressive Transformer models.

Whereas VAR models are commonly used in EMA analysis [14], the PLRNN trained via generalized teacher
forcing (GTF) is state-of-the-art (SOTA) in the reconstruction of benchmark and real-world dynamical systems
[40, 60, 61], whereas Transformers are currently among the most powerful AI algorithms for modeling complex
sequential data [43, 62]. We included the static models as naive yet powerful baselines that have been shown
to occasionally outperform even recent SOTA time series models, probably due to overfitting [63].
In the following, we describe each model in detail, emphasizing the progressive increase in complexity to
facilitate direct comparability.
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Last time step

In n-step ahead prediction, we use the value of the last time step as a predictor, modeling

xt = xτ + εt,

for t = τ + 1, ..., τ + 7, where τ is the last time point of the training data and εt represents the error made at
time t.

Global intercept

This model predicts the next value as the average over all previous observations:

xt = h+ εt,

where this average is given by h := 1
t−1

∑t−1
τ=1 xτ . Both the last time step and the global intercept models

ignore external inputs and predict constant time series; consequently, they cannot forecast temporal changes
within a day.

Linear regression model

By incorporating external inputs into the global intercept model, we obtain a multivariate linear regression
model of the form

xt = Cut−1 + h+ εt,

where h ∈ Rn is a bias (offset) vector, C ∈ Rn×m is the regression coefficient matrix mapping the external
inputs ut−1 to the EMA space, and εt is a normally distributed error. Although this model still lacks a recurrent
(autoregressive) component, it allows dynamic predictions due to time-varying external inputs.

Linear autoregressive model

Including the EMA variables from preceding time steps as linear predictors in addition to the external inputs
leads to the VAR(1) model of the form

xt = Axt−1 + Cut−1 + h+ εt

with A ∈ Rn×n. EMA variables xt are now modeled as a recurrent variable that changes over time in an
autoregressive fashion. Matrix A encodes the linear influence of x at time t− 1 on itself at time t.
The VAR(1) model (a linear dynamical system) is currently the most widespread model in the analysis of EMA
time series data [14]. The model has n2 + nm + n free parameters (Θ = {A,C, h}) and no hyperparameters.
Being essentially a linear regression model, the likelihood has a closed-form solution, making it straightforward
to infer. In this study, we used ridge regression to ensure that the absolute maximum eigenvalue |λmax(A)|
remained less than 1, thereby ensuring stability [64].

Linear SSM

An extension of the VAR(1) model involves representing the autoregressive process within a latent space,
yielding a state-space model (SSM). This latent vector autoregressive model—commonly referred to as the
Kalman filter [65]—is given by

zt = Azt−1 + Cut−1 + εt

xt = Bzt + γt,
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where εt ∼ N (0,Σ), γt ∼ N (0,Γ), and z0 ∼ N (µ0,Σ). Here, the recurrent variable is z, which represents an
unobserved latent process from which observations x are derived. As a result, once we condition on the latent
state z, the EMA variables are treated as conditionally independent. This additional flexibility enables the
SSM to capture latent states that are not directly observed but critical for the system’s dynamics.
The only hyperparameter is the size of the latent state, l. The model has l2 + nl +ml free parameters (Θ =
{A,B,C}), which in our case is less than the VAR(1) model if l ≤ 10. The Kalman filter was inferred using a
version of the Expectation Maximization (EM) algorithm [66–68] that guaranteed non-divergence in the latent
process (by |λmax(A)| < 1). Since the EM algorithm can lead to exponentially diverging parameter estimates
when initialization is suboptimal or when data are scarce, we mitigated this risk by performing up to 10 different
random initializations for each model, thereby increasing the chance of convergence.

Nonlinear SSM

Replacing the linear recurrence of the Kalman filter with a non-linear function such as the rectified linear unit
(ReLU), tanh, or sigmoid results in a recurrent neural network (RNN) SSM. This opens the door to a class of
highly powerful models that, in principle, are capable of emulating the dynamics of any real-world system [69].
In this study, we utilize an RNN-based SSM that has proven highly effective in learning and reconstructing
nonlinear dynamical systems across a range of benchmarks and data modalities, due to its superior SOTA
training algorithm [39–41, 61, 70]. We employed the two-layered version of [40] called ‘shallow PLRNN’. The
model is given by

zt = Azt−1 +Φ(zt−1) + h+ Cut−1,

xt = Bzt + εt
with nonlinearity

Φ(zt−1) := W1 (φ(W2zt−1 + b)− φ(W2zt−1))
where zt ∈ Rl is the latent state, A ∈ Rl×l is a diagonal matrix, W1 ∈ Rl×k and h ∈ Rl are weight matrix and
bias of layer 1, respectively, and W2 ∈ Rk×l and b ∈ Rk are weight matrix and bias of layer 2. The rectified
linear unit activation functions

φ(ξ) = φ([ξ1, . . . ξn]) = [max({0, ξ1}), . . . ,max({0, ξn})]

partitions the state space into linear subregions. Nevertheless, the PLRNN is a universal function approximator
[69, 71, 72]. Matrix C ∈ Rl×m maps the external inputs into the latent space. Matrix B ∈ Rn×l the latent
states onto the predicted EMA values (analogous to the Kalman filter).
Free model parameters are Θ = {A,W1,W2, h, b, B,C}, altogether 2lk + 2l + k + ln+ lm in number. The size
of the latent states, l, the size of the second layer k, learning rate, teacher forcing strength α, batch size, and
sequence length were hyperparameters optimized via a gridsearch on the data from sample 1.
The PLRNN was trained with backpropagation through time on sequences of length τ drawn from a subject’s
time series, where τ was a hyperparameter. During each iteration, mean squared error loss was calculated for
batches of size k (also a hyperparameter). To prevent exploding gradients, we used GTF [40]: during training,
and after evaluating the loss, the latent states are replaced by a weighted sum of zt and a back-projection of
the data into the latent space, the so-called forcing signal,

zt := (1− α)zt + αB+xt

where 0 ≤ α < 1 and B+ is the Moore-Penrose pseudoinverse of B. In case that xt was missing, zt was left
unchanged.
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Table A2 Optimized hyperparameters and resulting total number of free parameters of all
models. Only applicable hyperparameters are shown.

Hyperparameter Linear Regr. VAR(1) Kalman filter PLRNN Transformer
latent dim 7 6 4

hidden/FC layer dim 15 5
# encoder layers 1
# decoder layers 1

# heads 1
initial learning rate 10−3 10−3

learning rate annealing on off
batch size 16 16

sequence length 7 32
TF strength α 0.125

# free parameters 135 360 210 300 645

Autoregressive Transformer

Even though the Transformer neural network has only an indirect representation of time via positional encoding,
it can be used in an autoregressive fashion to predict future time steps of a time series given its past and
covariates (e.g. [73, 74]). It consists of an encoder and a decoder block with Kenc and Kdec layer, respectively,
identical to those used in [42]. Each has h attention heads. The encoder outputs a latent state of size M , which
is fed into the decoder, along with the last τ time steps of the input time series, which are then predicted 1
step into the future, using masked attention [42]. It then outputs the next predicted time step.
In contrast to the methods above, the Transformer is not an extension of the previously introduced models,
but has an entirely different architecture. It also lacks the Markov property and always needs the complete
past time series to perform predictions.

A.6 Hyperparameter optimization

Some of the models we employed include hyperparameters that require careful tuning. To avoid the double-
dipping problem, hyperparameter optimization with MAE as target was conducted using the data from sample
1, while all subsequent model analyses were conducted using the data from sample 2 and sample 3. Hyper-
parameters were optimized via grid search, systematically testing all combinations of several candidate values
for each hyperparameter. Optimal hyperparameter settings (see table A2) resulted in different numbers of free
parameters. Due to the encoder/decoder structure, and every layer containing an additional fully connected
layer, a transformer cannot get much smaller than used here.

A.7 Determinants of forecasting ability

Item-level forecasting accuracy

Apart from evaluating the overall forecasting ability averaged over EMA, we analyzed the predictability of
individual EMA items. We tested for contingencies of item accuracy metrics with item mean, item variance,
and stationarity using Spearman rank correlations.

Low data limit

A central and empirically relevant question that arises is how prediction quality increases with available data.
To address this, we selected the participants that - after time step 80 - had at least 10 eligible test days. We
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Table A3 EMA items used as additional external inputs in sub-analysis A.7. Items 2 and 3 were only queried if item 1 was
answered “yes”, i.e. on the first EMA of the day.

Code Category Item Scale Reversed
1 ‘sleep’ activity I slept well last night. 1–7 Likert no
2 ‘joyful day’ activity I am looking forward to the day. 1–7 Likert no
3 ‘feelactive sincebeep’ activity I have been physically active since the last mood query. 1–7 Likert no
4 ‘activity pleas’ activity What I am doing right now is pleasant. -3 – +3 Likert no
5 ‘social alone yes’ social I am alone. yes/no no
6 ‘social satisfied’ social My company is pleasant / I would rather be with people. -3 – +3 Likert no

identified 20 participants in sample 2 and 17 participants in sample 3. To equalize the amount of test data,
we selected exactly 10 maximally spread-out (to remove auto-correlations) test days for each subject. We then
trained models on the 30, 40, 50, 60, 70, and 80 steps preceding each test day, respectively, to simulate different
amounts of training data.
All of these subjects had valid data point ratios of > 60%. We simulated lower compliance rates by randomly
setting time points to NaN, creating data sets with valid ratios of at most 80%, 70%, 60%, 50%, 40%, 30%, and
20%. We then repeated the analysis five times and averaged the results.

Additional covariates

Finally, we analyzed whether including additional external covariates, other than EMIs, would improve pre-
diction. These comprised some of the EMA items not used as dependent variables, as listed in Table A3. We
normalized the Likert items to the [−1, 1] interval, and encoded binary variables as 0/1, to align their mag-
nitudes with those of the (binarily encoded) EMI. These inputs were appended to the input vectors ut. To
evaluate the impact of the additional covariates, we trained the models with and without the 4 additional EMA
items encoding sleep quality, quality of life, physical activity, and pleasantness of the current activity, and with
and without the 2 additional EMA items encoding social interactions. The same subjects and prediction days
as in A.7 were used for training.

A.8 Network mechanisms

Network connectivity

One major advantage of the VAR(1) model in EMA analysis is its straightforward interpretation as an ideo-
graphic network model, where psychological states directly influence each other over time. In a VAR(1) model,
the derivative of xt with respect to xt−1 is exactly ∂xt

∂xt−1
= A, meaning each element Aji clearly represents the

linear influence of variable i on variable j [14]. In contrast, in a Kalman filter the state transition matrix A
governs the dynamics of the latent state zt, making it less straightforward to interpret. However, by obtaining

the derivative of xt with respect to xt−1 as ∂E[xt]
∂xt−1

= BAB+, with B+ being the Moore-Penrose pseudoinverse

of B, we can translate the latent state connectivity into an effective connectivity among the observed variables.
In the PLRNN, the ReLU activation partitions the latent space into a set of subregions Ω1, . . . ,Ωn. Inside
each subregion Ωj , the dynamics are linear, so for any zt−1 ∈ Ωj the evolution of the latent state is governed
by the local Jacobian J (Ωj) = ∂zt

∂zt−1
if zt−1 ∈ Ωj . Hence, the derivative of observed variable xt w.r.t. xt−1

is ∂E[xt]
∂xt−1

= BJ (Ωj)B+, where Ωj is determined by the location of B+xt−1 in the latent space. Thanks to the

piecewise linearity of the model and its Markov property, the local Jacobian can be computed analytically. We
used this idea to visualize the PLRNNs as ideographic networks. To obtain a realistic representation of the
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networks, we computed the Jacobians along the trajectory of EMA variables X for each participant (based on
the model trained on the longest available train set with lowest test loss).

Node centrality

The centrality of a network node i was computed as its weighted absolute out-degree centrality. Let V be the
set of nodes and eij the weight of the edge from node i to node j, then it is defined as

Ci =

|V |∑
j=1

|eij |.

Cumulative impulse response

The cumulative impulse response (CIR) quantifies the overall effect that an external input u has on a system’s
observations over time [57]. Each entry in the CIR vector corresponds to the effect on the respective observed
variable. In a PLRNN, it is defined as

CIRT (u, x0) =

T∑
t=1

(
Bf t(B+x0, u)− x0

)
,

where f t denotes the state of the system after t iterations, and z0 is the initial condition. Because the system is
nonlinear, the response CIRT (u, z0) can vary significantly for different initial states. To ensure that our measure
of the system’s response is robust and not overly influenced by a particular initial condition, we average the
CIR over many representative starting points. Specifically, we evaluated CIRT (u, ej) for each standard basis
vector ej plus the null vector and then compute the mean. We set T = 7 to mirror the length of our test sets
(24 hours). To separate the effects of u from the autonomous dynamics, we defined the relative CIR (rCIR) as
CIR7(u, z0)− CIR7(0, z0), i.e. CIR minus the cumulative trajectory without external influence. This targeted
perturbation allows us to isolate the influence of each variable, thereby shedding light on its unique role within
the causal network, and potentially uncover therapeutic targets.
We evaluated rCIR7(u, x0) using external inputs u that were specifically designed to affect only one EMA
variable at a time. This was achieved by determining a basis for the orthogonal complement of ker(Bj · C),
where Bj was a single row of the observation matrix B, corresponding to the EMA variable in question. Note
that the orthogonal complement is at most 1-dimensional; the 0-dimensional case did not occur. By choosing
u as the normalized (length 1) basis vector, we made sure it was targeted at the specific variable with normed
input strength.

Appendix B Supplementary Results

B.1 Data characteristics

For each sample, 60 participants were recruited. Only participants who completed the data collection phase
were included, resulting in n = 57 subjects in sample 1, n = 56 in sample 2 and n = 59 in sample 3, respectively.
Models were trained only on those participants who had at least one day that met the criteria for test set
inclusion (n = 46 subjects in sample 1, n = 48 in sample 2 and n = 51 in sample 3, see section A.3). Table
B4 provides details on the number and proportion of non-missing EMA entries, as well as the number of EMI
instances. Across these key data characteristics, sample 1, 2 and 3 were nearly identical. Furthermore, the
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Table B4 Essential data characteristics. Median and 25th/75th percentile are reported.

sample 1 sample 2 sample 3
# subjects 57 56 59

# subjects included 46 48 51
# non-missing EMA per subject 115.5 (92.5, 175) 125.5 (102.5, 152) 127 (90, 160)
% non-missing EMA per subject 48.2 (25.4, 68.9) 49.6 (40.7, 59.9) 49.6 (35.7, 63.5)

# EMI per subject 61.5 (46.25, 88) 65 (47, 93.25) 61 (34, 87)
# of eligible days per subject 6 (3, 17.5) 7.5 (3, 14) 7 (3, 17)

Figure B1 Training time (left) and number of parameters (right) for each model. Results show means across participants with
bootstrapped confidence intervals.

distributions of all EMA items did not significantly differ between the samples (all p > .9 in a Kolmogorov-
Smirnov test). This supported the assumption that the optimal hyperparameters for models trained on sample
2 and 3 would also be the same.
Item stationarity was assessed using the augmented Dickey-Fuller test [75]. The null hypothesis that the time
series were non-stationary was rejected for p < α = 0.05. For most subjects (82% in sample 1, 77% in sample
2, 80% in sample 3), at least 14 out of 15 EMA items were stationary.

B.2 Additional analyses

Model training effort

In real-world scenarios, saving compute time and memory is crucial. Hence, we compared the models in terms
of training time (for a single model) and number of parameters. Last step, global mean, linear regression, and
VAR(1) models have closed-form optimal solutions, requiring only fractions of a second to train per model.
As depicted in Fig. B1, Kalman filters took less than 5 seconds and PLRNNs less than 8 seconds to train on
average. The up to 50 seconds needed to train a Transformer are a huge disadvantage for the deployment in
a real-time application. Models were trained on a 32-core AMD Epyc 7452 server with 1 TB RAM (however,
not more than 1 GB of RAM was occupied at a single time).
The higher parameter count in PLRNN and Kalman filter models reflects their latent structure with freely
scalable latent dimensions, in contrast to VAR(1), which must learn dynamics directly in the 15-dimensional
observation space. Transformers also had over 1.5 times more parameters compared to PLRNNs and over 3
times more than Kalman filters in the optimal hyperparameter configuration.
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Figure B2 Stepwise mean absolute error (MAE) of predicted absolute EMA values for the VAR(1) model (left), Kalman filter
(middle), and PLRNN (right). The x-axis indicates the prediction step relative to the start of the test set. Results show means
across participants with bootstrapped confidence intervals.

Figure B3 MAE for the absolute score of each EMA item for VAR(1), Kalman filter, and PLRNN. Mean over participants from
both samples and standard errors are displayed. The colors indicate the psychological constructs the EMA items refer to.

Stepwise prediction accuracy

When breaking down the MAE by individual forecasting steps, it becomes evident that forecasting EMA values
becomes progressively more difficult the further ahead the forecast reaches (see Fig. B2). This pattern aligns
with expectations and provides a basic validation of the model’s temporal behavior.

Individual EMA items

EMA items differed substantially in their predictability as measured by MAE. For example, the item ‘tired*’
was about twice as hard to predict as the items ‘lonely*’ and ‘resilience*’. See Fig. B3 for details.

Low data limit

We analysed forecasting performance under sparse data conditions by systematically removing time steps from
the beginning of the train set for selected participants. While the PLRNN reached its maximum predictive
accuracy with as few as 30 steps, the Kalman filter required at least 50 steps. In contrast, the VAR(1) model
showed a near-linear improvement with increasing time series length (see Fig. B4A). In a second analysis, we
compared the empirical (full) time series length of all participants with prediction performance. The above
observation was reflected here: the MAE tended to decrease linearly with longer train sets for the VAR(1)
model (p < .001), but not for the Kalman filter (p = .864) nor the PLRNN (p = .108, Bonferroni corrected for
3 tests).
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Figure B4 MAE of predicted absolute scores for different determinants of forecasting quality. A: MAE over train set length.
Different lengths were produced by removing time steps from the beginning of the time series. Mean over participants and standard
error are displayed. B: MAE over ratio of valid data in the train set. Valid ratios were produced by randomly setting steps from
the time series to NaN. Mean over participants and standard error are displayed.

Figure B5 MAE for the VAR(1) model (left), Kalman filter (middle) and PLRNN (right), as a function of additional covariates
(Interv only = interventions used as external inputs, no additional covariates; interv+activity = additional activity-related EMA
included as inputs; interv+social = additional social-related EMA included as external inputs; all = all additional EMA included
as external inputs). Asterisks indicate significant differences compared to the interv only condition, based on paired t-tests.

In a similar manner, we emulated specific levels of missingness by removing random time steps from the train
set of selected participants. Both the PLRNN and the Kalman filter exhibited a reduced MAE for higher ratios
of valid (non-missing) data. Notably, the PLRNN achieved low prediction errors with as little as 20% valid
data. Interestingly, the VAR(1) model performed relatively well under high levels of missingness, exhibiting its
highest error around 40% valid data, followed by a roughly linear decrease thereafter. Results are displayed
in Fig. B4B. Consistent with these findings, prediction performance across all participants improved with
increasing empirical valid data ratio for all three models (all p < .001, Bonferroni corrected for 3 tests).

Additional covariates

While the PLRNN benifited significantly from the inclusion of activity-related EMA items as external regressors
but not social-related items, including both types also increased performance (t(36) = 2.83, p = .008).

Prediction of EMI ranks for sample 2

For completeness, we present the prediction of EMI ranks for sample 2, akin to Fig. 4A, B for sample 3 (main
manuscript).
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Figure B6 A: Rank correlation between predicted and empirical EMI effectiveness, given by Kendall’s τ for each participants
of sample 2. Participants are shown in the order of correlation. Predicted effectiveness was measured by CIR1, while empirical
effectiveness was assessed as the one-step difference in EMA trajectories after the occurrence of an EMI. B: Empirical EMI ranks
sorted by predicted EMI ranks for each participant of sample 2, in the same order as A.
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